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Abstract—Over the past few years, significant advancements
have been made in the field of machine learning (ML) to
address resource management, interference management, auton-
omy, and decision-making in wireless networks. Traditional ML
approaches rely on centralized methods, where data is collected
at a central server for training. However, this approach poses
a challenge in terms of preserving the data privacy of devices.
To address this issue, federated learning (FL) has emerged as
an effective solution that allows edge devices to collaboratively
train ML models without compromising data privacy. In FL,
local datasets are not shared, and the focus is on learning a
global model for a specific task involving all devices. However, FL
has limitations when it comes to adapting the model to devices
with different data distributions. In such cases, meta learning
is considered, as it enables the adaptation of learning models to
different data distributions using only a few data samples. In this
tutorial, we present a comprehensive review of FL, meta learning,
and federated meta learning (FedMeta). Unlike other tutorial
papers, our objective is to explore how FL, meta learning, and
FedMeta methodologies can be designed, optimized, and evolved,
and their applications over wireless networks. We also analyze
the relationships among these learning algorithms and examine
their advantages and disadvantages in real-world applications.

Index Terms—Centralized learning, distributed learning, fed-
erated learning, meta learning, federated meta learning, wireless
networks.

I. INTRODUCTION

The rapid advancement of technology and the increasing
proliferation of devices, including IoT sensors, mobile phones,
and tablets, have resulted in an unprecedented growth in data
generation [1], [2]. According to a report issued by the SG
Analytics, 2.5 quintillion bytes of data were generated every
day in 2020 [3]. To extract meaningful information and enable
dynamic decision-making for various tasks, machine learning
(ML) algorithms are used to analyze these datasets [4], [5],
such as controlling self-driving cars [6], pattern recognition
[7], or prediction of user behavior [8].

According to [9], in traditional cloud computing systems,
various types of datasets, such as images, videos, audio files,
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Fig. 1. The canonical architecture of centralized machine learning, device to
device communication, and vehicle to vehicle communication.

and location information, acquired from the internet of thing
(IoT) devices or mobile devices, are transmitted to a cloud-
based server or data center [10], where centralized ML models
are trained. As shown in Fig. 1, in centralized learning,
the devices communicate with a central server to upload
their data by wired/wireless connections. In particular, the
devices transmit their local data to a central server, and the
central server performs all the computational tasks to train the
data. Then, the output of the centralized learning model is
delivered to devices. Centralized learning is computationally-
efficient for devices as they are not required to be equipped
with high computation capability. However, the traditional
centralized training method may not be suitable for the ever-
growing complexity and heterogeneity of wireless networks,
such as device to device (D2D) and vehicle to vehicle (V2V)
communications, as shown in Fig. 1 (b) and (c), respectively,
due to the following reasons:

• The presence of limited bandwidth, dynamic wireless
channels, and high interference can result in significant
transmission latency, which can negatively affect real-
time applications, such as wireless virtual reality (VR)
[11]–[13], D2D, and self-driving car systems [14]. These
applications require immediate and responsive data pro-
cessing, but the delays caused by limited bandwidth
and the unstable wireless channels negatively affect their
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performance and reliability.
• The process of transmitting a large amount of data to

the cloud leads to significant communication overhead, as
well as increased storage and computational costs [15],
[16].

• The data collected from users, such as medical and
financial information, can often be private and sensitive in
nature. Transmitting this data to the cloud raises concerns
on privacy and security, as it exposes users’ personal
information to potential risks. This situation becomes
particularly problematic when it comes to its compliant
with data privacy legislation, such as the European Com-
mission’s General Data Protection Regulation (GDPR)
[17] and the Consumer Privacy Bill of Rights in the U.S.
[18].

In order to overcome the aforementioned challenges, dis-
tributed learning has emerged as a solution to effectively
and efficiently learn models from distributed data. Distributed
learning refers to the use of multi-node machine learning algo-
rithms and systems that are specifically designed to address the
computational challenges associated with complex centralized
algorithms operating on large-scale datasets [19], [20]. By
employing distributed learning algorithms, multiple learning
models can be trained based on distributed datasets. This ap-
proach offers several advantages over centralized approaches,
particularly when the number of datasets is large. One no-
table advantage is the potential for reducing biases, as the
distributed learning enables the utilization of diverse datasets
and mitigates the impact of individual dataset characteristics
[21]–[23].

Conventional machine learning algorithms, such as k-
nearest neighbor [24], support vector machine [25], [26],
Bayesian networks [27], [28], and decision trees [29], [30],
can be trained in a distributed manner by exchanging raw data,
which can hardly protect the user data privacy [31]. In order to
ensure the privacy of data and facilitate collaborative machine
learning (ML) involving complex models distributed across
IoT or mobile devices, a method called federated learning
(FL) was initially introduced in [32] by McMahan et al.
The standard steps of FL include: 1) each device trains a
local model using its own dataset; 2) the devices send their
local models to a central server for model aggregation; 3) the
server updates the global model and transmits it back to the
devices. These steps are repeated iteratively until convergence.
In addition, FL offers several advantages over traditional
centralized learning and distributed learning approaches that
rely on the exchange of raw data. Some of these advantages
include:

• Data Privacy: FL prioritizes user privacy by exchanging
only model weights between the server and the devices,
rather than the datasets themselves. This approach ef-
fectively protects user privacy during the collaborative
learning process.

• Data Diversity: FL enables the utilization of heteroge-
neous data by allowing the aggregation of models from
different devices, leading to the development of an en-
hanced global model. This aggregation process enhances

the overall performance and effectiveness of the model
from various devices.

In addition to the aforementioned advantages, FL has
demonstrated its effectiveness in various applications, includ-
ing training predictive models for human trajectory/behavior
by mobile devices [33], automatically learning users’ behavior
patterns through smart home IoT [34], and enabling collab-
orative diagnosis in health artificial intelligence (AI) among
multiple hospitals and government agencies [35]–[37]. How-
ever, these applications usually suffer from data heterogeneity
(i.e., data with different statistical characteristics) and system
heterogeneity (i.e., systems with different types of computation
units), which severely affect the convergence and accuracy of
FL algorithms. It is worth noting that FL primarily focuses on
learning a single ML task across multiple devices [38], [39]. To
address this limitation, integrating meta learning, also known
as learning to learn, with FL becomes crucial, resulting in
what is known as federated meta learning (FedMeta). FedMeta
aims to solve multi-task learning problems. Meta learning aims
to create AI models that are able to adapt to new tasks and
improve their learning performance over time, without the
need for extensive retraining. In other words, meta learning
typically involves training a learning model on a variety of
different tasks, with the goal of learning generalizable knowl-
edge that can be transferred to new tasks. This is different
from traditional ML, where a learning model is typically
trained on a single task and then used for that task alone. In
general, a meta learning algorithm is trained using the outputs,
e.g., model predictions, and metadata of ML algorithms. After
finishing training, its learning models are delivered for testing
and used to make final predictions. In addition, meta learning
includes tasks such as observing the learning performance
of different ML models on learning tasks, learning from
metadata, and faster learning process for new tasks. While
both federated learning (FL) and meta learning involve sharing
a global model among multiple devices, they differ in three
key aspects: (1) Data Distribution: In FL, devices have their
own datasets with different distributions but perform the same
task. On the other hand, meta learning involves multiple tasks,
each with its corresponding dataset. (2) Update Mechanism:
FL utilizes local updates deployed by devices to enhance
learning performance, whereas meta learning employs inner-
loop updates for each task to improve learning performance.
(3) Aggregation and Parameter Updates: FL applies model
aggregation to improve the global performance of all devices.
In contrast, meta learning employs an outer-loop to update
global parameters for all tasks. Initialization-based meta-
learning algorithms, in particular, are known for fast adaptation
and good generalization to new tasks. These distinctions
highlight the different approaches and objectives of FL and
meta learning. While FL focuses on collaborative learning with
devices having different data distributions but performing the
same task, meta learning guarantees the adaptation of models
to multiple tasks with their corresponding datasets, often
emphasizing fast adaptation and generalization capabilities,
especially by initialization-based algorithms [40]. The goal
of FedMeta is to collaboratively meta-train a learning model
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using data from different tasks distributed among devices.
The server maintains the initialized model and updates it by
collecting testing loss from a mini batch of devices. The
transmitted information in learning process consists of the
model parameter initialization (from a server to devices) and
testing loss (from devices to the server), and no data is required
to be delivered to the server. Compared to FL, FedMeta has
the following advantages:

• FedMeta brings a reduction in the required communica-
tion cost because of faster convergence, and an increase
in learning accuracy. Additionally, it is highly adaptable
and can be employed for arbitrary tasks across multiple
devices. This flexibility allows for efficient and accurate
learning in various scenarios.

• FedMeta enables model sharing and local model training
without substantial expansion in model size. As a result,
it does not consume a large amount of memory, and
the resulting global model can be personalized for each
device. This aspect allows for efficient utilization of
resources and customization of the global model to satisfy
the specific requirements of devices.

A. Related Works

This section provides a brief review of relevant surveys and
tutorials on FL and meta-learning. Additionally, it highlights
the novel contributions of this paper.

1) FL: In the past 5 years, numerous surveys and tutorials
have been published on FL methodologies [41]–[52] and their
applications over wireless [53]–[65] networks. To differentiate
our tutorial from these existing surveys and tutorials, we have
classified them into different categories based on their primary
focus in Table I. We then compare and summarize the content
of these surveys and tutorials, aligning them with the structure
of our own tutorial, as presented in Tables II and III. Table I
highlights that surveys and tutorials for FL methodologies pri-
marily focus on either fundamental definitions, architectures,
challenges, future directions, and applications of FL [41], [43],
[44], or a specific subfield of FL, such as emerging trends of
FL (FL in the intersection with other learning paradigms) [45],
communication efficiency of FL (challenges and constraints
caused by limited bandwidth and computation ability) [46],
fairness-aware FL (client selection, optimization, contribution
evaluation, incentive distribution, and performance metrics)
[47], federated reinforcement learning (FRL) (definitions, evo-
lution, and advantages of horizontal FRL and vertical FRL)
[48], FL for natural language processing (NLP) (algorithm
challenges, system challenges as well as privacy issues) [49],
incentive schemes for FL (stackelberg game, auction, contract
theory, Shapley value, reinforcement learning, and blockchain)
[50], [51], unlabeled data mining in FL (potential research
directions, application scenarios, and challenges) [42], and
FL over next-generation Ethernet Passive Optical Networks
[52]. On the other hand, FL surveys and tutorials for wire-
less networks mainly focus on either fundamental theories,
key techniques, challenges, future directions, and applications
[54]–[57], [64], or a specific subfield of FL applied in wireless
networks, including FL in IoT (data sharing, offloading and

caching, attack detection, localization, mobile crowdsensing,
and privacy) [58], [61], [62], communication-efficient FL un-
der various challenges incurred by communication, computing,
energy, and data privacy issues [53], [63], FL for mobile edge
computing (MEC) (communication cost, resource allocation,
data privacy, data security, and implementation) [59], collab-
orative FL (definitions, advantages, drawbacks, usage condi-
tions, and performance metrics) [60], and asynchronous FL
(device heterogeneity, data heterogeneity, privacy and security,
and applications) [65]. To the best of the authors’ knowledge,
this is the first paper considering FL methodologies in different
research areas, including model aggregation, gradient descent,
communication efficiency, fairness, Bayesian learning, and
clustering, and how FL algorithms evolve from the canonical
one, namely, federated averaging (FedAvg), in detail. Also,
we present a qualitative comparison considering advantages
and disadvantages among different FL algorithms in the same
research area.

2) Meta Learning: There have been several surveys and
tutorials focusing on meta learning methodologies over the
past 20 years [66]–[72]. However, to the best of the authors’
knowledge, there are no existing surveys and tutorials in meta
learning over wireless networks. To distinguish the scope of
our tutorial from existing literature, we classify the available
meta learning surveys and tutorials into different categories
based on their focus, as presented in Table I. Furthermore, we
compare and summarize the content of these existing surveys
and tutorials in Table IV, aligning them with the structure
and content of our own tutorial. Table I illutrates that the
existing meta learning surveys and tutorials focused either on
the general advancement, including definitions, models, chal-
lenges, research directions, and applications, of meta learning
[66], [67], [70], [71], or exploring the detailed applications
of meta learning in a specific meta learning field, including
algorithm selection (transfer learning, few-shot learning, and
beyond supervised learning) for data mining [68], NLP (es-
pecially few-shot applications, including definitions, research
directions, and some common datasets) [69], and multi-modal
meta learning in terms of the methodologies (few-shot learning
and zero-shot learning) and applications [72]. To the best
of the authors’ knowledge, no existing surveys or tutorials
have covered the application of FedMeta in wireless networks,
making our tutorial a unique contribution to this area of
research.

Tables II, III, and IV provide a comparative analysis of
existing surveys and tutorials in relation to our tutorial. It
is observed that the existing literature only covers a limited
number of subtopics related to our tutorial and offers only
brief descriptions of the corresponding learning algorithms. In
contrast, our tutorial goes beyond these limitations by provid-
ing a detailed introduction to the underlying design concepts
of the relevant algorithms. Notably, our tutorial stands out by
analyzing the relationship and evolution of these algorithms
specifically and their applications over wireless networks.
This crucial aspect has not been extensively investigated in
other surveys or tutorials. By exploring the interplay and
advancements of these algorithms and their applications over
wireless networks, our tutorial contributes novel insights and
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TABLE I
AN OVERVIEW OF SELECTED SURVEYS AND TUTORIALS ON FL AND META LEARNING

Subject Ref. Contributions

FL
Methodologies

[41], [43], [44] Definitions, architectures, challenges, future directions, and applications of the FL framework
[45] Survey on emerging trends in FL, including FL in the intersection with other learning paradigms
[46] Survey on communication efficiency of FL, including challenges and constraints caused by limited bandwidth and computation ability
[47] Survey on the fairness-aware FL, including client selection, optimization, contribution evaluation, incentive distribution, and performance metrics
[48] Survey on federated reinforcement learning (FRL), including definitions, evolution, and advantages of horizontal FRL and vertical FRL
[49] Survey on FL for natural language processing (NLP), including algorithm challenges, system challenges as well as privacy issues

[50], [51] Surveys on incentive schemes for FL in terms of Stackelberg game, auction, contract theory, Shapley value, reinforcement learning, and blockchain
[42] Survey on unlabeled data in FL, including potential research directions, application scenarios, and challenges
[52] FL over ethernet passive optical networks, considering dynamic wavelength and bandwidth allocation for quality of service provisioning

FL in
Wireless
Networks

[54]–[57], [64] Fundamental theories, key techniques, challenges, future directions, and applications for FL over wireless networks
[58], [61], [62] Surveys on FL in IoT, including data sharing, offloading and caching, attack detection, localization, mobile crowdsensing, and privacy

[53], [63] Surveys on communication-efficient FL under various challenges incurred by communication, computing, energy, and data privacy issues
[59] Survey on FL in MEC, including communication cost, resource allocation, data privacy, data security, and implementation
[60] Survey on collaborative FL, including the definitions, advantages, drawbacks, usage conditions, and performance metrics
[65] Survey on asynchronous FL, including device heterogeneity, data heterogeneity, privacy and security, and applications

Meta Learning
Methodologies

[66], [67], [70], [71] Introductory tutorial on meta learning, e.g., definitions, models, challenges, research directions, and applications
[68] Tutorial on meta learning on algorithm selection (transfer learning, few-shot learning, and beyond supervised learning) for data mining
[69] Survey on meta learning for NLP, especially few-shot applications, including definitions, research directions, and some common datasets
[72] Tutorial on multimodality-based meta-learning in terms of the methodologies (few-shot learning and zero-shot learning) and applications

TABLE II
COMPARISON OF SURVEYS AND TUTORIALS ON FL METHODOLOGIES

Reference [41] [42] [43] [44] [45] [46] [47] [48] [49] [50] [51] This paper
Year 2019 2020 2021 2021 2021 2021 2021 2021 2021 2021 2021 -

Section III:
FL

Methodologies

(III.A): Model Aggregation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
(III.B): Gradient Descent ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

(III.C): Communication Efficiency ✓ ✓
(III.D): Fairness ✓ ✓ ✓ ✓

(III.E): Bayesian Machinery ✓ ✓ ✓
(III.F): Clustering ✓ ✓

TABLE III
COMPARISON OF SURVEYS AND TUTORIALS ON FL OVER WIRELESS NETWORKS

Reference [53] [54] [55] [56] [57] [58] [59] [60] [61] [62] [63] [64] [65] This paper
Year 2019 2020 2020 2020 2020 2020 2020 2020 2021 2021 2021 2021 2021 -

Section
IV:
FL
in

Wireless
Networks

(IV.A.1): Device
Selection ✓ ✓ ✓ ✓ ✓ ✓

(IV.A.2.a): Communication
Efficiency ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

(IV.A.2.b): Computation
Efficiency ✓ ✓ ✓ ✓

(IV.A.2.c): Energy
Efficiency ✓ ✓ ✓

(IV.A.2): Packet
Error ✓ ✓ ✓ ✓

(IV.A.3): Resource
Allocation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

(IV.A.4): Asynchronous ✓ ✓ ✓ ✓ ✓ ✓
(IV.B): Over the Air

Computation ✓ ✓ ✓ ✓ ✓

addresses research gaps in the existing literature.

B. Summary of Contributions

Given the privacy-preserving characteristics of federated
learning (FL) and the ability of meta learning to quickly adapt
to different tasks, researchers from both academia and industry
are now exploring the joint design of FL, meta learning, and
federated meta learning (FedMeta) and wireless networks. This
paper provides the first comprehensive tutorial that highlights
the research areas, relationships, advancements, challenges,
and opportunities associated with these three learning concepts
and their applications over wireless network environments.

The main contributions of this article can be summarized as
follows:

• Based on the foundational FedAvg algorithm, we outline
six key research areas of FL methodologies, includ-
ing model aggregation, gradient descent, communication
efficiency, fairness, Bayesian learning, and clustering.
We provide a detailed analysis of the relationships and
evolutionary developments of the respective learning al-
gorithms within these areas. Furthermore, we introduce
two research areas that explore the interplay between FL
and wireless factors over wireless networks, including
digital and analog over-the-air computation schemes.
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TABLE IV
COMPARISON OF SURVEYS AND TUTORIALS ON META LEARNING

Reference [66] [67] [68] [69] [70] [71] [72] This paper
Year 2002 2015 2018 2020 2020 2020 2021 -

Section V:
Meta

Learning
Methodologies

(V.A.1): Siamese ✓ ✓ ✓ ✓ ✓ ✓
(V.A.2): Matching ✓ ✓ ✓ ✓ ✓

(V.A.3): Prototypical ✓ ✓ ✓ ✓ ✓ ✓
(V.A.4): Relation ✓ ✓ ✓ ✓ ✓

(V.B.1): Memory-augmented Neural Network ✓ ✓ ✓
(V.B.2): Meta Network ✓

(V.B.3): Recurrent Meta-learner ✓ ✓
(V.B.4): Simple Neural Attentive Meta-learner ✓ ✓ ✓

(V.C.1): Model-Agnostic Meta-Learning (MAML) ✓ ✓ ✓ ✓ ✓ ✓
(V.C.2): Meta-SGD ✓ ✓ ✓

(V.C.3): Reptile ✓ ✓ ✓ ✓
(V.C.4): Bayesian MAML ✓ ✓ ✓

(V.C.5): Laplace Approximation for Meta Adaptation ✓ ✓
(V.C.6): Latent Embedding Optimization ✓ ✓
(V.C.7): MAML with Implicit Gradients ✓

(V.C.8): Online MAML ✓ ✓ ✓
Section VI:

Meta Learning
in Wireless Networks

(VI.A): Traffic Prediction ✓
(VI.B): Rate Maximization ✓
(VI.C): MIMO Detectors ✓

• We summarize three key research areas in meta-learning,
including metric-based, model-based, and gradient-based
meta-learning. Based on the gradient-based meta-learning
paradigm, we focus on the fundamental scheme known
as model-agnostic meta-learning (MAML). We discuss
the evolution of MAML, providing a detailed analysis
of its advancements and applications. Additionally, we
explore the potential of meta-learning in solving wireless
communication problems. By leveraging meta-learning
techniques, we investigate how they can be utilized to
tackle various challenges and optimize wireless commu-
nication systems.

• The fundamental principle of federated meta learning
(FedMeta) and its evolution are comprehensively sum-
marized. Furthermore, we introduce two specific research
areas of FedMeta over wireless networks, including de-
vice selection and energy efficiency. We explore how
FedMeta can be applied to address challenges related
to device selection, such as optimizing the selection of
devices for participation in the FL process. Additionally,
we discuss how FedMeta can contribute to enhancing
energy efficiency in wireless networks, thereby improving
the overall energy consumption of the system.

• In addition to the previously discussed topics, we present
several other important aspects related to the imple-
mentation of FL, meta-learning, and FedMeta. We ex-
plore different implementation platforms that facilitate
the practical deployment of these learning methodologies.
Furthermore, we present real-world applications where
FL, meta-learning, and FedMeta have demonstrated their
effectiveness and potential impact. In addition, we iden-
tify and highlight open research problems that present
exciting opportunities for future research in the field of
FL, meta-learning, and FedMeta. These research prob-
lems have the potential to drive innovation and pave
the way for new directions and advancements in these
learning concepts. By addressing these open challenges,

researchers can contribute to the further development and
practical applications of FL, meta-learning, and FedMeta.

The rest of this paper is organized as follows. In Section
II, we introduce the background and fundamentals of dis-
tributed learning. In Sections III and IV, we present important
research fields in FL methodologies and their applications
over wireless networks, respectively. In Sections V and VI,
we introduce research areas in meta learning methodologies
and their applications over wireless networks, respectively.
Section VII presents principle of FedMeta and its applications
over wireless networks. Section VIII introduces open research
problems and future directions in FL, meta learning, and
FedMeta. A graphical illustration of the content of Sections II
to VII is provided in Fig. 2. Finally, conclusions are drawn in
Section IX.

II. BACKGROUND AND FUNDAMENTALS OF DISTRIBUTED
LEARNING

In distributed learning, two main approaches are commonly
used for learning across servers or devices: data parallelizing
and model parallelizing. In the data parallelizing approach,
the data is divided into multiple datasets, and each server or
device applies the same machine learning (ML) algorithm to a
different dataset. This approach allows for parallel processing
of data, enabling faster training and improved scalability. On
the other hand, the model parallelizing approach involves
segmenting the ML model into different sub-models. Each
sub-model is updated on different servers or devices, and
therefore global model is therefore the aggregation of all sub-
models. However, it is important to note that not all ML al-
gorithms are compatible with the model parallel approach due
to the specific requirements and dependencies of the model.
It is also worth mentioning that data parallelizing and model
parallelizing can be employed simultaneously, where both the
data and the model are distributed across multiple servers or
devices. This hybrid approach leverages the advantages of both
techniques to achieve improved performance and efficiency in
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Fig. 2. Organization and content of Sections II to VII.
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distributed learning scenarios [73]. In this section, we will
provide a comprehensive description of the background and
fundamentals of distributed learning, including offline and
online learning, learning topologies, challenges of distributed
learning in wired/wireless networks, and application of FL in
ML paradigms.

A. Offline and Online Learning

Based on whether the learning model is updated with
newly arriving data [74], distributed learning algorithms can
be categorized into offline learning and online learning. Offline
learning refers to the process of updating the learning model
using the knowledge derived from previous observations. The
objective of offline learning is to maximize accuracy or long-
term reward for prediction or decision-making tasks, leverag-
ing the information gathered from historical data. On the other
hand, online learning involves continuously updating the learn-
ing model in response to newly arriving data and observations
from the environment. The primary goal of online learning
is to optimize prediction or decision-making performance in
real-time, adapting the model to changing circumstances. Both
offline and online learning methods are designed to improve
the learning accuracy and long-term reward of prediction
or decision-making tasks. While offline learning focuses on
leveraging historical observations, online learning emphasizes
adaptability to real-time data streams and the ability to quickly
update the model to capture changing patterns and dynamics
in the environment.

Offline learning consists of two phases, namely, the training
phase and the testing phase. In the training phase, the learning
model is first trained with the training dataset until an optimal
set of hyperparameters achieving the highest accuracy or
reward for the given task. In the testing phase, the trained
learning model is employed for prediction or decision-making
without any further updates. The model utilizes its learned
knowledge to make predictions or decisions on new data.
The offline training method suffers from high re-training costs
when dealing with new training data/environments, and thus,
has poor scalability for real-world applications, especially
when the amount of data grows and the environment evolves
rapidly [75].

Online learning can be applied to a wide range of ML
algorithms, where the learning models are trained to handle
prediction or decision-making tasks by continuously learning
from a sequence of data samples in a sequence manner,
one by one, in each time slot. Online learning addresses the
limitations of offline learning by enabling the learning models
to be updated constantly and efficiently as new training data
becomes available. This constant updating of the learning
models in online learning makes them highly efficient and
scalable for large-scale ML tasks in real-world applications.
By incorporating new training data in a timely manner, online
learning models can adapt to evolving environments and
changing data distributions, enhancing their ability to handle
real-time and dynamic scenarios [76].

To efficiently solve prediction/decision-making problems,
the servers and devices need to be connected and communicate

with each other for information exchange, which can be
represented via the topology of the distributed ML systems.
In the following subsections, various types of topologies are
introduced in detail.

B. Learning Topologies
The selection of topology plays an important role in de-

signing distributed ML systems. The topology determines how
servers and devices are organized and connected within the
system. Various factors, including the degree of distribution
in transmitting learning models, influence the selection of a
suitable topology. In this subsection, four general learning
topologies in distributed ML are introduced and shown in Fig.
3, as proposed in [77] and [78].

1) Centralized Topology: The centralized topology is char-
acterized by a central server that is connected to multiple
edge servers to obtain learning models, as shown in Fig. 3
(a). The central server first obtains learning models from all
edge servers, and the the model aggregation is executed at the
central server. Next, the central server transmits the aggregated
learning model to all edge servers. Each edge server then
broadcasts the learning model to the devices it is connected to,
and each device updates the transmitted learning model based
on its local dataset.

2) Tree-like Distributed Topology: The tree-like distributed
topology is characterized by a hierarchical arrangement of
connected nodes, resembling the branches of a tree, as shown
in Fig. 3 (b). There is only one connection between any
two connected nodes, establishing a natural parent and child
hierarchy. Therefore, parameters are shared between parent
and child nodes. The tree-like distributed topology offers
advantages in scalability and manageability. Communication
is simplified since each edge server or device only needs to
interact with its parent and child servers, reducing the overall
complexity of information exchange and coordination [79].
In this topology, the edge servers within the tree structure
accumulate the local gradients computed by their child servers.
These accumulated gradients are then passed up to their
parent servers to calculate a global gradient. This process
enables collaborative gradient computation across the tree-like
structure, allowing the learning models to collectively update
and optimize based on the information exchanged between
parent and child nodes.

3) Parameter Server Topology: The parameter server topol-
ogy consists of a distributed set of edge servers and a cen-
tralized set of parameter servers responsible for maintaining
and sharing the models [80], [81], as shown in Fig. 3 (c).
All learning models are stored in the parameter servers using
a global shared memory. Edge servers have direct access to
the models stored at the parameter servers and can obtain and
update the models as needed in any time slot. Meanwhile, edge
devices communicate and share parameters with edge servers.
The advantage of this topology lies in the direct accessibility
of models for all edge servers. However, one drawback of this
topology is the communication overhead. As the parameter
servers handle all communication, there will be a large amount
of communication overhead between the edge servers and the
parameter servers [82].
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Fig. 3. Centralized and distributed machine learning topologies.

4) Fully Distributed Topology: The fully distributed topol-
ogy does not have any central servers, as shown in Fig. 3
(d). Instead, it consists of a set of independent edge servers,
each responsible for updating its own learning model and
directly exchanging its model with other edge servers. One
of the key advantages of the fully distributed topology is its
high scalability. Additionally, the fully distributed topology
exhibits robustness against failures of individual servers, such
as power outages or malfunctions [83]. However, it’s important
to note that the fully distributed topology can incur significant
communication overhead, especially when a large number of
edge servers are present in the network.

To solve the high communication overhead problem in
distributed topologies, a fast, and communication-efficient
distributed framework, so-called group alternating direction
method of multipliers (GADMM), was proposed in [84]–[86].
In GADMM, at most half of the edge servers are competing
for the limited communication resources in each time slot.
Meanwhile, each edge server exchanges the trained model only
with two neighboring edge servers, thereby training a global
model with a lower amount of communication overhead in
each exchange.

C. Challenges of Distributed Learning

In wired/wireless networks, it is obvious that the overall
communication and computation overhead increases as the
number of servers and devices grows. To develop effective
distributed ML algorithms for wired/wireless networks, three
primary factors should be considered, including the commu-
nication cost, computation cost, and data privacy.

1) Wireless Communication Limitation: In wireless net-
works, a number of servers and devices may share the same
spectrum resource due to the limited bandwidth [87]. There-
fore, the communication among the devices and edge servers
may suffer from high interference, poor channel conditions,
and noise, which lead to low reliability, high transmission
latency, and low learning accuracy [88].

2) Computation Limitation: Training and operating ML al-
gorithms usually require computation units with high process-
ing capability, especially when the ML models are complex.
However, the devices have limited computation and energy
capabilities. To minimize the computation latency at the device
side, the use of edge servers with high processing capability
using graphics processing units (GPUs) have been recently
proposed to move the computations from the device to the
edge.

3) Data Privacy: Transmitting datasets of edge devices
to edge servers can cause data breach if the datasets have
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privacy-sensitive information, one potential solution is to only
exchange the weights of ML models. Nevertheless, it is
possible that the transmitted model parameters can be reversely
traced, so that the privacy is still not preserved [89].

In order to address the challenges related to communication,
computation, and data privacy, FL has emerged as an effective
approach to exploit the distributed devices to collaboratively
train ML models. FL was first introduced by Google in 2016,
where multiple devices jointly train an ML model without
sharing their private data, under the supervision of a central
server. This ensures the privacy of the training data of all
devices. FL has two entities: a centralized server that owns
the global model and a set of devices that store the local
models and training datasets. Meanwhile, FL consists of four
procedures [90]: 1) training the local model based on the local
dataset at the local device; 2) transmitting the local models
from the devices to the central server; 3) aggregating the local
models to a global model at the central server; and 4) updating
the received global model from the central server at devices.
The original data of each device is kept locally and does not
need to be exchanged or migrated between devices, which
ensures the privacy of each device. As a result, devices can
benefit from the advantages of shared models trained by other
devices without data sharing.

D. Application of FL in Machine Learning Paradigms

ML algorithms have the ability to make predictions or
decisions by learning from datasets or observed states in the
environment. To train a learning model, feedback is required to
iteratively improve the learning model. ML algorithms can be
classified into different categories based on the type of feed-
back they receive, including supervised learning, unsupervised
learning, semi-supervised learning, and reinforcement learning
algorithms.

1) Supervised Learning: Supervised learning, one of the
fundamental ML approaches, involves training a function that
can map inputs to outputs based on labeled data. Each training
data sample consists of an input object, typically represented
as a vector, along with its corresponding desired output value.
The objective of the learning process is to minimize the error
between the true data label and the predicted output. By
analyzing the training data, the learning model can generalize
and accurately predict labels for new datasets. Unfortunately, it
is worth noting that as the volume of training data increases,
more complex models may be required to achieve accurate
predictions [91], [92]. FL is commonly used in tasks where
labeled data is readily available, which aligns well with
supervised learning tasks. However, considering the challenge
of limited labeled data in FL scenarios, the exploration of
unsupervised and semi-supervised FL algorithms becomes
essential.

2) Unsupervised Learning: Unsupervised learning is an
ML approach that involves learning from unlabeled data
samples. It utilizes ML algorithms to analyze and cluster
unlabeled datasets, which can discover hidden patterns or
data groupings without the need for human intervention. One
prominent example of an unsupervised learning technique is

Principal Component Analysis (PCA) [93]. PCA transforms
high-dimensions data into lower-dimensions and it combines
the original features into a new feature space by a projection
direction that most information in the new feature space is
retained from the original data [94]. A common application of
unsupervised learning is clustering. In clustering, the learning
model automatically groups the training data into groups
with similar features. In [95], a federation of unsupervised
learning (FedUL) was proposed to verify the possibility of
unsupervised FL, where the unlabeled data were transformed
into surrogate labeled data for each device, a modified model
was trained by supervised FL, and the desired model was
recovered from the modified model. FedUL is a very general
solution to unsupervised FL. It is compatible with many
supervised FL methods, and the recovery of the wanted model
can be theoretically guaranteed as if the data have been
labeled. In [96], federated PCA in a memory-limited setting
was proposed, which provided robustness against stragglers. In
[97], federated PCA for vertically partitioned dataset method
was considered, which reduced the dimensionality across the
joint datasets over all devices and extracted the principal
component feature information for downstream data analysis.

3) Semi-supervised Learning: Semi-supervised learning is
a learning approach that leverages both labeled and unlabeled
data to perform learning tasks, and is conceptually sitting
between supervised and unsupervised learning. By utilizing
a large amount of unlabeled data in combination with smaller
sets of labeled data, semi-supervised learning enables the
learning model to accurately classify unlabeled data, leading
to a significant improvement in learning accuracy [98]. In
[99], semi-supervised FL (SemiFed) was proposed to unify
two dominant approaches for semi-supervised learning, which
are consistency regularization and pseudo-labeling. SemiFed
first performs consistency regularization, which encourages
the network to produce similar output distributions when its
inputs are perturbed. This regularization can be applied to all
samples without labels. Following several rounds of training,
the concept of pseudo-labeling is employed. Pseudo-labeling
involves assigning artificial labels to unlabeled images and
then training the model to predict these artificial labels when
fed with unlabeled samples as input in the following training
stages.

4) Reinforcement Learning: Reinforcement learning (RL)
is an ML approach in which agents make decisions based
on the observations obtained from the environment, aiming to
maximize the long-term reward [100]. Unlike supervised learn-
ing, RL does not rely on labeled input and output data. Instead,
it focuses on striking a balance between exploration (of un-
known territory) and exploitation (of current knowledge), and
training ML models to make a sequence of decisions [101].
However, implementing RL in practical scenarios has several
challenges. For example, it is impossible to explore the entire
state-action spaces comprehensively. Although distributed RL
algorithms can help solve the problem, they usually require
data collection from each agent, which may compromise agent
privacy and lead to information leakage. To address these
privacy concerns, federated reinforcement learning (FRL) has
been proposed [48]. FRL not only enables agents to learn
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Algorithm 1 Gradient Descent Algorithm
1: Initialize learning weights w and learning rate η.
2: for Iteration = 1,...,I do
3: for i = 1,...,N do
4: Input the data xi.
5: Obtain the loss li(w).
6: end for
7: Calculate the loss function L(w) for the input data

based on (1).
8: Update the learning weights w based on (2).
9: end for

optimal decisions in unknown environments but also ensures
that the privately collected data during an agent’s exploration
does not need to be shared with others.

In the following two sections, we introduce several main
research areas in FL methodologies and their applications
over wireless networks. In particular, we first present six FL
research areas in FL methodologies. Then, we present two FL
research areas in wireless networks.

III. FL METHODOLOGIES

In this section, we introduce six main FL research aspects
of FL methodologies, including model aggregation, gradient
descent, communication efficiency, fairness, Bayesian machin-
ery, and clustering. The transmission between servers and
devices is error-free without considering any wireless factors.
For ML algorithms, given a labeled set of inputs and their
corresponding outputs, the learning models are trained and
tested, as shown in Fig. 4. The goal of ML algorithms is
to minimize the loss function designed based on a specific
learning problem. The loss function plays an important role in
training ML algorithms and improvement of their performance
[102], and is expressed as

L(w) =
1

N

N∑
i=1

li(w), (1)

where N is the number of data samples, and li(w) is the loss
of the ith input data based on learning weights w. To find
the minimum value of the loss function, gradient descent is
introduced to calculate the derivative of the loss function via
∂L(w)
∂w . Then, the weights of the learning models are updated

as
w = w − η

∂L(w)

∂w
, (2)

where η is the learning rate. After a sufficient number of
iterations, the loss function can achieve its minimum value,
and the ML model converges. The gradient descent algorithm
is presented in Algorithm 1.
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Fig. 4. The architecture of the ML process.
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Fig. 5. The canonical architecture of FedAvg.

FL, as first proposed by McMahan in [32], uses the loss
function and gradient descent algorithm based on (1) and (2)
to collaboratively learn a shared learning model while keeping
all the training data at the devices.

We assume that K̂ devices have their own datasets
{D1, ..., DK̂}, and each of them cannot access to the other
devices’ datasets. As shown in Fig. 5, FedAvg can learn
a model by aggregating learning models from distributed
devices. In each iteration, K(K ≤ K̂) devices are selected,
and each device first performs the local gradient descent
for its own dataset. Then, the local updated model weights
wk(k = 1, 2, ...,K) are transmitted to the server. The server
aggregates the local models {w1, ...,wK} to a global model
wG, and transmits the global model to all devices to replace
the local model [103].

A. Model Aggregation
Model aggregation is the process of integrating models from

multiple devices in order to create a new model [104]–[106].
There are several ways for model aggregation as explained in
the following.

Federated Averaging: The most basic model aggregation
method is the Federated Averaging (FedAvg) algorithm pro-
posed in [32], where the weights of local models are averaged
at the central server to update the global model [107]. We
define pk as the percentage of the number of data samples at
the kth device over the total number of data samples at all
devices, nk as the number of data samples of dataset Dk, and
n as the total number of data samples, which is calculated as
n =

∑K
k=1 nk. The training objective of FedAvg is given as

follows [32, Eq. (1)]

min
w

L(wG) =

K∑
k=1

pkfk(wk), (3)

where

pk =
nk

n
and fk(wk) =

1

nk

∑
i∈Dk

li(wk). (4)
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In (4), li(wk) is the loss of the FL model due to the ith data
sample calculated by the local model weights wk of the kth
device, and wG is the weight of the global model.

There are two approaches to update the global model. The
first approach is to compute the gradient of each device. Then,
the central server aggregates these gradients from K devices
and updates the global model using

wt+1
G = wt

G − η

K∑
k=1

pkgtk, with gtk = ∇fk(w
t
k), (5)

where ∇fk(w
t
k) is the gradient computed at the kth device.

The second approach is to update the weights of the local
model at each device using

wt+1
k = wt

G − ηgtk, (6)

where gtk is the gradient calculated using (5). Then, the global
model at the central server is updated as

wt+1
G =

K∑
k=1

pkw
t+1
k . (7)

In the second approach, each device first performs the gradient
descent for its local model using the local datasets, and the
central server averages these local models. In this way, each
device can iterate the local update in (6) multiple times before
uploading local models, which can accelerate the convergence
speed.

Although FedAvg has achieved great success and is one of
the most well-known algorithms in FL, the statistical hetero-
geneity challenges in the data are still difficult to overcome.
That is to say, the training data follow a non-independent and
non-identical distribution (non-IID), which negatively affects
the convergence behavior. To address this issue, adaptive
aggregation is introduced.

Adaptive Aggregation: Different from the FedAvg, adap-
tive aggregation uses a different way to update the global
model. To improve the accuracy and convergence perfor-
mance of the global model, a temporally weighted aggregation
method utilizing the previously trained local models was
proposed in [108]. The authors in [108] assumed that the local
models updated in the (t − i)th time slot (i = 1, ..., t − 1)
are less important than those updated in the tth time slot. In
practice, the training data at each device changes over time,
and the local models that are more recently updated have
a higher importance during model aggregation. In order to
account for the freshness of the local models, the global model
is updated using [108, Eq. (1)]

wt+1
G =

K∑
k=1

pk

(e
2

)−(t−t̂k)

wk, (8)

where pk is given in (4), e is the scalar constant used to
represent the time effect, and t̂k is the time slot in which the
newest wk is updated. By introducing parameters

(
e
2

)−(t−t̂k)
,

the impact of the local models updated in previous time slots
is reduced, and the global model updated in the current time
slot is weighted to be more important for the new data, which
results in higher learning accuracy.

In [109], an adaptive weighting approach, namely, Inverse
Distance Aggregation (IDA), was proposed. The global model
updating still follows (5) or (7). Compared with the FedAvg,
the main difference of the IDA is the manner in which the
weighting coefficient pk is calculated, which is based on the
inverse distance of the local model weights to the global model
weights. To realize this, the l1-norm is used as a metric to
measure the distance between the weights of the local model
of the kth device wk and that of the global model wG, and
pk is calculated as

pk =
∥wt

G −wt
k∥1

K∑
k=1

∥wt
G −wt

k∥1
. (9)

Calculating pk via (9) allows us to give higher weight to
devices whose distance between the weights of the local model
and the weights of the global model are higher. It is important
to note that the IDA approach is based on the assumption that
devices with more data should have a greater contribution in
updating the weights to the local model.

A novel layer-wise adaptive aggregation scheme was pro-
posed in [110] to iteratively update weights while attempting
to reduce the distance between the global model and local
models. Although the global model is still updated using either
(5) or (7), pk in each layer in [110] is calculated to minimize
the distance between each layer of the local model and each
layer of the global model. For the lth layer, the weighting
coefficient pk,l is calculated as

pk,l = softmax(stk,l) =
es

t
k,l

K∑
i=1

es
t
i,l

, (10)

where
stk,l = ∥wt

G,l −wt
k,l∥d. (11)

Here, d refers to the ld-norm, which is used to calculate the
distance stk,l between the lth layer of the global model and the
lth layer of the local model of the kth device. The softmax
function in (10) is applied to guarantee pk,l in the range of
0 to 1. This is because the softmax function is a function
that converts a vector of Ñ real values into a vector of Ñ
real values that sum to 1 [111]. The advantage of the layer-
wise adaptive FL is that it can minimize the distance between
the global model and the local models. The summary of FL
algorithms in model aggregation is summarized in Table V.

B. Gradient Descent

Standard federated optimization methods, such as FedAvg
[32], may show unfavorable convergence performance, espe-
cially in heterogeneous networks. This is mainly caused by two
factors: 1) client drift, where the local models move away from
the optimal global model, which can lead to unstable and slow
convergence; and 2) lack of adaptivity, where the FedAvg may
be unsuitable for datasets with heavy-tailed stochastic gradient
noise distributions, this often happens in NLP research [112].
Heavy-tailed distributions are probability distributions whose
tails are not exponentially bounded, that is to say, they have
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TABLE V
SUMMARY OF FL ALGORITHMS IN MODEL AGGREGATION

Model Aggregation Algorithm Advantage Disadvantage Condition

Federated Averaging [32] Guarantee device privacy Poor adaption to system
and statistical heterogeneity Synchronous mode

Temporally Weighted Aggregation [108] Low communication costs
High learning accuracy Poor adaption to asynchronous mode Synchronous mode

Inverse Distance Aggregation [109] Adapt to statistical heterogeneity
High learning accuracy

Not robust to low quality
and poisonous data

Synchronous mode
Devices have enough data

Layer-wise Adaptive Aggregation [110]

Consider the relation between
the server and device models

Server model is well-generalized
Low communication costs

Poor adaption to asynchronous mode
Performance on non neural
language model is unknown

Execute on neural
language model

heavier tails than the exponential distribution [113]. Several
novel gradient descent methods have been proposed to solve
the client drift and lack of adaptivity problems, which are
introduced in the following:

1) Client Drift: To mitigate the problem of client drift, a
new Stochastic Controlled Averaging algorithm (SCAFFOLD)
was proposed in [114], where control variates for the kth
device ck and the variate for the server cG = 1

K

∑K
i=1 ci were

used in the gradient descent to update the local and global
models, respectively. Unlike the FedAvg, the gradient descent
of the kth device of the SCAFFOLD algorithm is given by

wt+1
k = wt

k − η(gt
k + ctG − ctk), (12)

where ctG−ctk guarantees the gradient descent moving towards
the right direction, and ct+1

k is calculated using

ct+1
k = ctk − ctG +

1

Ñkη
(wt

G −wt
k). (13)

In (13), SCAFFOLD uses the previous computed gradients to
update the control variate, and Ñk is the number of updating
iteration of the kth device with its local data in the tth time
slot. Then, the global control variate cG is aggregated as

ct+1
G = ctG +

1

K

K∑
i=1

(ct+1
i − cti). (14)

The correction term (cG − ck) in (12) ensures that the local
model updates move towards the optimal direction, so as to
address the client drift issue of FedAvg.

2) Adaptivity: An adaptive learning algorithm has adaptive
learning parameters, such as learning rate, which can auto-
matically adjust the statistics of the received data, available
computational resources, or other information related to the
environment in which it operates. Adaptive variants can help
to learn algorithms to improve the convergence performance
and learning accuracy [115]. To improve the convergence
performance of FedAvg, three methods have been proposed,
namely, Adaptive Optimizer, Federated Proximal (FedProx),
and Fast-convergent FL (FOLB).

a) Adaptive Optimizer: The SGD in FedAvg may be
unsuitable for settings with heavy-tailed stochastic gradient
noise distributions. To address this issue, traditional adaptive
optimization algorithms, such as Adagrad, Adam, and Yogi

have been integrated into FL to update the global model in
[116]. The global model is updated as

wt+1
G = wt

G +
η√

vt + τ
ŵt, (15)

where vt = {vtAdagrad, v
t
FedAdam, v

t
FedYogi} are exponential mov-

ing averages (EMAs) of the gradients of the FedAdagrad,
FedAdam, and FedYogi optimization methods, η is the learn-
ing rate, and τ controls the degree of adaptivity of the
algorithm, where smaller values of τ denotes higher degrees of
adaptivity. EMA gives a higher weight to the most recent data
points. In (15), ŵt is the sum of the past gradient differences
between the local and global model for given decay parameters
β1 ∈ [0, 1) and β2 ∈ [0, 1), and is calculated as

ŵt = β1ŵt−1 + (1− β1)

(
1

K

K∑
i=1

△wt
i

)
. (16)

In (16), the difference △wt
i between the local and global

model of the ith device in the tth time slot is calculated as

△wt
i = w

t
i −wt

G. (17)

FedAdam was proposed to address the problem of the rapid
decay of the learning rate of the FedAdagrad optimization
algorithm. However, FedAdam leads to a situation where the
past gradients are forgotten in a fairly fast manner, which can
be especially problematic in sparse settings, where gradients
are rarely non-zero [117]. To solve the problem caused by
FedAdam, a simple adaptive method called FedYogi was
proposed.

For the FedAdagrad optimizer, vtAdagrad is given by

vtAdagrad = vt−1
Adagrad + ∥ŵt∥2. (18)

For the FedAdam optimizer, vtFedAdam is written as

vtFedAdam = β2v
t−1
FedAdam + (1− β2)∥ŵ∥2t . (19)

For the FedYogi optimizer, vtFedYogi is obtained as

vtFedYogi = vt−1
FedYogi−(1−β2)∥ŵ∥2t sign(vt−1

FedYogi−∥ŵ∥2t ). (20)

These three adaptive optimizers have the same learning steps,
including initialization, sampling subsets, and computing esti-
mates, and they have been proved to achieve higher accuracy
than FedAvg. However, these three adaptive optimizers have
some differences. Unlike the FedAdagrad optimizer mainly
well-suited for dealing with sparse data, both the FedAdam
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and FedYogi optimizers are suitable for sparse and non-sparse
data. In addition, the FedAdam optimizer can rapidly increase
the learning rate, while the FedYogi optimizer increases it in
a controlled fashion, for which detailed proof is provided in
[118].

b) FedProx: FL has two key challenges that need to
be addressed: 1) Significant variability in terms of the sys-
tem characteristics of each device, which is referred to as
system heterogeneity. For example, the storage, computation,
and communication capabilities of each device in federated
networks may be different due to variability in hardware (CPU,
memory), network connectivity (3G, 4G, 5G, THz, WiFi),
and power (battery level) [119], [120]. 2) Non-identically
distributed data across networks, which is referred to as statis-
tical heterogeneity [121]. Fortunately, to address these issues,
FedProx has been proposed in [122] based on a federated
optimization algorithm that can deal with heterogeneity both
theoretically and empirically. Similar to FedAvg, FedProx
randomly selects a subset of devices from K devices and
averages them to form a global model. Different from FedAvg,
in the local model updating of FedProx, a proximal term
µ
2 ∥w

t
g − wt

k∥2 is added to effectively limit the impact of
variable local updates, where the local training objective of
the kth device is determined by

min
wt

k

fk(w
t
G,w

t
k) =

1

nk

∑
i∈Dk

li(w
t
k) +

µ

2
∥wt

G −wt
k∥2. (21)

In (21), µ is the regularization parameter. There are two
advantages of the proximal term purpose: 1) it addresses the
issue of statistical heterogeneity by restricting the local model
updating to be closer to the global model without any need to
set the number of local epochs manually, and 2) it allows for
the aggregation of a large number of local models resulting
from system heterogeneity.

c) FOLB: Following the idea of the proximal term in
FedProx, FOLB was proposed in [123]. FOLB aims at maxi-
mizing the training loss reduction in each iteration. The main
difference between FedProx and FOLB is the way they update
the global model. Also, FOLB can achieve higher model
accuracy, training stability, and higher convergence speed over
FedAvg and FedProx. Different from FedAvg and FedProx,
in FOLB, in the tth round, the server selects two multisets
of devices St

1 and St
2 with K randomly selected devices in

each set, and transmits wt
G to the kth device from set St

1

and the k̂th device from set St
2. For the kth device in St

1, it
computes the local update wt+1

k , and delivers both wt+1
k and

loss fk(w
t
k) to the server. For the k̂th device in St

2, it only
calculates and transmits its loss fk̂(w

t
k) to the server. Then,

rather than performing simple averaging, the server calculates
the global model via

wt+1
G = wt

G +
∑
k∈St

1

< fk(w
t
G),∇S1

L(wt
G) >∑

k̂∈St
2

< fk̂(w
t
G),∇S2L(wt

G) >
△wt+1

k ,

(22)
where

∇SiL(wt
G) =

1

K

∑
k∈St

i

fk(w
t
G), i ∈ {1, 2} (23)

is the gradient of the global loss L(wt
G) obtained from the

local loss of the devices in set St
i , and △wt+1

k is calculated
as

△wt+1
k = wt+1

k −wt
G. (24)

In (22), the intuition is that the local update of the kth device is
weighted by a measure of how correlated its gradient fk(wt

G)
is with the global gradient ∇L(wt

G). This correlation is
assessed relative to ∇S1

L(wt
G), which is an unbiased estimate

of ∇L(wt
G) using gradient information obtained from St

1. The
weights are normalized relative to a second unbiased estimate
of the total correlation among K devices, obtained from St

2.
Using the inner product term < fk(w

t
G),∇S1

L(wt
G) > can

help connect the local model to the global model, and decrease
the distance between them [124]. According to [123], the
comparison of the testing accuracy of FOLB, FedProx, and
FedAvg on different datasets is shown in Fig. 6. It is observed
that FOLB is able to achieve a higher level of testing accuracy
than the other two algorithms.

Fig. 6. Comparison of the testing accuracy of FOLB, FedProx, and FedAvg
on different datasets from [123].

C. Communication Efficiency

Because of the asymmetric property of the internet connec-
tion and the large number of servers and devices, one of the
major challenges in FL is the high communication overhead.
There are mainly two ways to improve communication effi-
ciency, which are decreasing and compressing the size of the
learning model, respectively.

In [125], the update of the local model of the kth device is
calculated as (5), and the kth device transmits wt+1

k ∈ Rd1×d2

to the server, where wt+1
k has d1 rows and d2 columns. The

authors in [125] proposed two ways to reduce the cost of
transmitting local models to the server, which are structured
updates and sketched updates.

For structured updates, wt+1
k is limited to having a pre-

specified structure, either a low-rank or random-mask struc-
ture, where these two approaches are independent of each
other. In the low-rank structure, wt+1

k is the product of two
matrices, written as

wt+1
k = At+1

k Bt+1
k , (25)

where At+1
k ∈ Rd1×d, and Bt+1

k ∈ Rd×d2 . In (25), At+1
k is

a randomly generated matrix during the local updating, and
only Bt+1

k can be optimized. Thus, At+1
k is presented in the

form of a random seed and directly saved in the server, where
the random seed means that it can generate the same random
number in each time slot, and the kth device only needs to
send the trained Bt+1

k to the server, which can save a factor
of d1/d during the uplink transmission. While in the random-
mask structure, wt+1

k is restricted to be a sparse matrix, where
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the sparse matrix consists of mostly zero values. Thus, the kth
device only needs to send the non-zero values of wt+1

k .
The sketched update is used to reduce communication

costs. In this case, first the updated local model is computed
without any constraints, and then the update is approximated
or encoded in a compressed form before transmission to the
server. Two approaches are used for the sketched update,
which are subsampling and probabilistic quantizations. In
subsampling quantization, rather than transmitting wt+1

k , the
kth device only needs to transmit ŵt+1

k to the server, which
is created from a random subset of values from wt+1

k . The
server then averages the subsampled update and calculates
the global model as (5). In probabilistic quantization, the
way of compressing the local update is through quantizing
each scalar of the local weights into one bit. Let w =
(w1, ..., wd1×d2) = vec(wk

t ), and let wmax = max(wi) and
wmin = min(wi) (i = 1, 2, ..., d1×d2), the compressed update
of w, denoted by w̃, is generated using

w̃i =

{
wmax, with probability wi−wmin

wmax−wmin
;

wmin, with probability wmax−wi

wmax−wmin
.

(26)

According to (26), w̃ is an unbiased estimator of w, and this
method provides 32 times compression explained in [126].

A multi-objective evolutionary algorithm was designed in
[127] to minimize communication costs and improve learning
accuracy simultaneously. To achieve these two objectives,
modified sparse evolutionary training (SET) was proposed,
which can decrease the number of connections between two
layers in deep neural networks (DNNs) [128]. In the modified
SET algorithm, the connection probability between two layers
is computed as

p(w̄k
ij) =

ε(nk + nk−1)

nknk−1
, (27)

and the total number of connections between two layers is
calculated as

nw̄k
ij
= nknk−1p(w̄

k
ij), (28)

where nk−1 and nk are the number of neurons of the (k −
1)th and the kth layer, respectively, w̄k

ij is the sparse weight
matrix between two layers, and ε ∈ (0, 1) is the parameter
of SET to determine the connection sparsity. By setting ε, a
fraction of the weights with small updates will be removed in
each training epoch. In this way, the number of weights of the
learning model is decreased, and thus the size of the learning
model is reduced. The local and global updates still follow (6)
and (7), respectively.

However, if the size of the FL model is large, decreasing
or compressing the FL model via the methods in [125] and
[127] still has low communication efficiency. To address this
issue, quantization-based SGD has been widely adopted in FL,
where the number of quantization bits and also the quantiza-
tion function are optimized to minimize the total number of
bits to be transmitted. Recently, sign-SGD FL was proposed
in [129] to guarantee high robustness and communication
efficiency. Rather than delivering gradient gtk calculated by

(5), each device quantizes the gradient with a stochastic 1-
bit compressor q(.) ∈ {−1, 1} and sends q(gtk) to the central
server. Then, the central server calculates

g̃t = sign(
1

K

K∑
k=1

q(gt
k)), (29)

and delivers g̃t to the devices. The local model of each device
is updated as

wt+1
k = wt

k − ηg̃t. (30)

In sign-FL, the size of the quantized gradient for model aggre-
gation is just 1 bit, which significantly increases communica-
tion efficiency. However, it may lead to low learning accuracy
and convergence rate. This is because fewer model weights
are delivered to the central server for model aggregation,
compared with the compression methods proposed in [125]
and [127].

Unlike compression methods in [125], [127], and [129],
federated distillation (FD) was designed in [130]. FD leverages
ensemble distillation techniques and exchanges model outputs
between the central server and participating devices. There-
fore, in FD, each device only exchanges the output of the local
model, and the communication payload size is not determined
by the model size but by the output dimension, resulting in
advantageous communication properties and achieving orders
of magnitude reduction of the communication overhead com-
pared with FedAvg, especially when large models are trained
[131]. In FD, each device only exchanges the output of the
model, the dimension of which is much smaller than that of
the local model. In FD, each device treats itself as a student,
and treats the averaged model output from all other devices
as its teacher’s output. The model output of each device is
a set of logit values normalized through a softmax function,
and is denoted as a logit vector whose size is determined by
the number of labels of all data samples. The teacher-student
output difference is measured periodically by cross entropy
and becomes the loss regularizer of the student, namely, the
distillation regularizer.

To guarantee communication efficiency, each device stores
mean logit vectors, and periodically uploads these local-
average logit vectors to a server. For each label, the uploaded
local-average logit vectors from all devices are averaged,
resulting in a global-average logit vector per label, which
will be further downloaded to each device. When each device
computes the distillation regularizer, its teacher’s output is
selected as the global-average logit vector associated with the
same label as the current training sample’s label.

In the tth time slot, the global-average logit vector F̂
t

k,l is
calculated as

F̂
t

k,l =

∑K
i=1,i̸=k F̄t

k,l

K − 1
, (31)

where F̄t
k,l is the local-average logit vector of the lth label of

the kth device, and is updated as

F̄t
k,l = Ft

k,l/Nl. (32)
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In (32), Nl is the number of samples, whose learning output is
the lth label, and Ft

k,l is a logit vector of the lth label calculated
as

Ft
k,l =

∑
x∈Sk

Fl(wk, x), (33)

where Fl(wk, x) is the logit vector of the lth label given input
x and local model weights wk. In (33), wk is still updated
using (6), Sk is the set containing all data samples of the kth
device, when the number of data samples of the kth device is
larger than Nl. In the server, the local-average logit vector of
the lth label F̄t

l of all devices is updated using

F̄t
l =

K∑
i=1

F̄t
i,l. (34)

In the (t+ 1)th time slot, F̂
t+1

k,l is updated as

F̂
t+1

k,l =
F̄t
l − F̄t

k,l

K − 1
. (35)

Then, F̂
t+1

k,l is transmitted to the kth device. As only the logit
vector is sent, the transmission size is much smaller than the
learning model, allowing on-device ML to adopt large-sized
local models.

D. Fairness

Most of the current FL works assume all devices contribute
equally to the global model in each communication round,
rather than prioritizing them based on their contributions.
However, in practice, not all devices contribute equally due
to various reasons, such as the different quality and quantity
of the data owned by each device. Therefore, the local model
from some devices may result in better global model updates,
whereas those of others may impair the performance of the
global model. To address this issue, fairness needs to be
considered in the FL [132].

One possible learning scenario for FL in large-scale appli-
cations is that it is trained based on data originating from a
large number of devices in large-scale applications, and the FL
model may become biased towards certain devices. To address
this issue, agnostic FL (AFL) was proposed in [133], where the
global model was optimized for any target distribution formed
by a mixture of device distributions, with the aim to minimize
the loss function of all devices and guarantee fairness among
devices. Different from FedAvg, the training objective of AFL
is given by

min
wG

max
λG

L(wG,λG) =

K∑
k=1

λkfk(wk), (36)

where λk is the mixture weight of the kth device. To solve
the problem, each device needs to optimize wk and λk

simultaneously. Using SGD, in the (t + 1)th time slot, wt
k

and λt
k are calculated as

wt+1
k = wt

k − γwk
δwk

fk(w
t
k), (37)

and
λt+1
k = λt

k + γλk
δλk

fk(w
t
k), (38)

respectively, where δwk
fk(w

t
k) and δλk

fk(w
t
k) are the un-

biased estimates of the gradient, and γwk
and γλk

are the
respective learning rates. Then, the global model update can
still be written as in (7). Using AFL, accuracy and fairness in
applications with unknown mixture of device distributions can
be guaranteed, thus, it can be used in large-scale networks.

A q-Fair FL (q-FFL) was proposed in [134] to encourage a
fairer accuracy distribution across all devices, where q (q > 0)
controls the tradeoff between fairness and accuracy. If q =
0, fairness in the FL is not encouraged. A larger q means
imposing more uniformity in the training accuracy distribution
and potentially inducing fairness. The objective of q-FFL is
given by

min
wG

Lq(wG) =

K∑
k=1

pk
q + 1

f
(q+1)
k (wk). (39)

To solve q-FFL in (39), it is important to first determine how
to set q. In practice, q can be tuned based on the desired
amount of fairness. Also, it is possible that a family of
objectives with different q values has to be trained so that
the algorithm can explore the trade-off between accuracy and
fairness for different applications. However, one concern with
addressing such a family of objectives is that it requires step-
size tuning for every value of q and can cause the search
space of q to explode. To solve the problem, the authors in
[134] considered estimating the local Lipschitz constant, which
could prevent the function value from skipping the optimal
value, and dynamically adjust the step-size of the gradient-
based optimization method for the q-FFL objective, avoiding
manual tuning for each q [135].

The local model updates of the kth device are calculated
as in (6). The global model updates are given by the sum
of the first-order derivatives of fq

k (wk) divided by the sum
of second-order derivatives of fq

k (wk). Thus, the kth device
computes

△wt
k = L(wt

G −wt+1
k ), (40)

△t
k = fq

k (w
t
k)△wt

k, (41)

ht
k = qf

(q−1)
k (wt

k)∥△wt
k∥2 + Lfq

k (w
t
k), (42)

where L is the Lipschitz constant, △t
k is the first-order

derivative of fq
k (wk), and ht

k is the second-order derivative
of fq

k (wk). Then, the update of the global model in q-FFL is
given by

wt+1
G = wt

G −
∑K

k=1 △t
k∑K

k=1 h
t
k

, (43)

where △t
k and ht

k are given in (41) and (42), respectively.
Unlike using the same version of the global model in [133]

and [134], collaborative Fair FL (CFFL) was proposed in [136]
to utilize reputation to update the local model of each device to
converge to different models, which can achieve collaborative
fairness by adjusting the performance of the models allocated
to each participant based on their contributions. The reputation
is applied to quantify the contribution of each device, and the
reputation of the kth device is represented as

ck = sinh(α ∗ vacck∑K
i=1 vacci

), (44)



16

where vacck is given as

vacck = wk + ηgk. (45)

In (44), sinh(α) serves as a punishment function, and α
denotes the punishment factor, that is used to distinguish the
reputations of different devices based on how informative their
uploaded gradients are. The larger the variation of the gradient
of the local model of the kth device, the higher vacck, and
the higher contribution of the kth device. The local and global
models in the CFFL are updated using (6) and (7), respectively.
However, the global model allocated to the kth device needs
to be calculated according to its contribution using

wt+1
k =

ck
K∑
i=1

ci

wt+1
G , (46)

where ck is given in (44).
Due to the fact that CFFL enables devices to converge to

different final models, the most contributive device receives the
most accurate model. CFFL not only can achieve comparable
accuracy to FedAvg, but also can guarantee higher fairness
than FedAvg.

E. Bayesian Learning

FedAvg requires access to locally stored data for learning.
However, it is possible that the local model cannot be trained
by the local data. Such situations may be caused by catas-
trophic data loss or by regulations such as the general data
protection regulation [137], which places severe restrictions on
the storage and access of personal data. Thus, the transmitted
local model cannot be updated by the local data in the current
time slot. To solve this problem, Bayesian machinery can be
deployed to estimate the local model weights via probabilistic
neural matching based on the pre-trained local models. Then,
the local models estimated by the Bayesian machinery and the
updated local models trained by local data are delivered to the
server for model aggregation.

The authors in [138] proposed a probabilistic federated neu-
ral matching (PFNM) algorithm, which used a Beta Bernoulli
Process (BBP) [139] to model the multi-layer perceptron
(MLP) weights. Through the permutation invariance of a fully-
connected neural network, the proposed PFNM algorithm first
matches the weights of the transmitted local model from each
device to the weights of the global model. Then, it aggregates
these local models by maximizing the posterior estimation
of the global weights. As a result, the PFNM algorithm can
achieve higher accuracy and communication efficiency than
FedAvg. However, the PFNM algorithm can only be effective
for simple architectures of the neural network, such as fully-
connected feedforward neural networks.

To deal with this issue, Federated Matched Averaging
(FedMA) was proposed in [140], which constructed the shared
global model in a layer-wise manner by matching and averag-
ing hidden layers, including channels for convolutional neural
networks (CNNs), hidden units for recurrent neural networks

(RNNs), and weights for fully connected layers. The training
objective of the FedMA algorithm is represented as

min
πk
li

L∑
i=1

∑
k,l

min
wG,i

πk
lic(wk,l,wG,i), (47)

s.t.
∑
i

πk
li = 1,∑

l

πk
li = 1,

where L is the number of hidden layers, wk,l denotes the
weights of the lth layer learned based on the dataset of the kth
device, wG,i denotes the weights of the ith layer of the global
model, c(., .) is an appropriate similarity function between a
pair of weights, and πk

li is the permutation, which determines
the contribution of the weights of the lth layer of the local
model of the kth device to the neurons of the ith layer of
the global model. From (47), we observe that the objective
is to minimize the weight distance between the local model
and the global model, and c(., .) is the squared Euclidean
distance. Through optimizing the permutation πk

li, the total
weight distance between the layers of the local model of all
K devices and the layer of the global model can be minimized.

Fig. 7. Comparison of the convergence rate and testing accuracy of FedMA,
FedProx, and FedAvg on different datasets from [140].

In the FedMA algorithm, first, the server gathers only the
weights of the first layers from devices and performs one-
layer matching to obtain the weights of the first layer of the
global model. Then, the server broadcasts these weights to the
devices, and each device updates the first layer of its local
model to train all consecutive layers with its own dataset,
keeping the matched layer frozen. The procedure continues
until all layers have finished matching. Thus, FedMA requires
the number of communication rounds to be equal to the
number of layers in the neural network. We assume that
there are N layers in the neural network. Through computing
a posterior estimate (MAP) of the Bayesian non-parametric
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Fig. 8. Multi-client local model aggregation.

model based on the BBP, for the nth layer, if n < N , the
global model in FedMA is updated as

wG,n =
1

K

K∑
k=1

wk,n{
∏

}Kk=1, (48)

where
{
∏

}Kk=1 = BBP-MAP({wk,n}Kk=1). (49)

In (49), {
∏
}Kk=1 is a permutation matrix. The permutation

matrix is an orthogonal matrix and is usually used to match
the layers of neural networks in the weight space. If n = N ,
the global model is updated as

wG,N =

K∑
k=1

pkwk,N , (50)

where pk is calculated as (4). For the kth device, the local
model is updated as

wk,n+1 = {
∏

}kwk,n+1. (51)

According to [140], the comparison of the convergence rate
and testing accuracy of FedMA, FedProx, and FedAvg on
different datasets is shown in Fig. 7. Compared to FedProx and
FedAvg, FedMA not only improves communication efficiency,
as the number of communication rounds is equal to the number
of layers of the neural network, but also guarantees learning
accuracy.

F. Clustering

For the aforementioned FL techniques, the central server
updates only a single global model. In contrast, for clustered
FL, the central server updates multiple global models, where
the number of global models is equal to that of the clusters.
Clustered FL partitions devices into different groups as in
[141], where K devices were partitioned into M disjoint

clusters. This method captures settings where different groups
of devices have their own learning tasks. It is assumed that
all devices do not have any knowledge of the other device’s
cluster identity. To minimize the loss function while estimating
the cluster identities, an Iterative Federated Clustering Algo-
rithm (IFCA) was proposed in [141]. In the tth time slot, the
central server transmits M updated global models to these M
clusters. Then, a random subset of devices is selected to update
their local models with their corresponding data samples and
delivers the local models to the central server. As the central
server does not know the cluster identities of the selected
devices, it estimates the identity of the kth device using

ĵ = arg min
j∈M

fk(w
t
G,j), (52)

where M is the set including all clusters, fk(wt
G,j) is the loss

of the kth device in the jth cluster, and wt
G,j is the global

model of the jth cluster. From (52), we observe that the kth
device belongs to the ĵth cluster that achieves the minimum
loss. Given the estimated clusters, the global model of each
cluster is updated using (7), and the local model of each device
is still updated using (6).

However, in [141], all selected devices need to communicate
with the central server, thus, there is a large overhead when
a large number of devices transmit. To address this issue, a
hierarchical clustering (HC) algorithm for local model updat-
ing was proposed in [142], where the devices were iteratively
merged into clusters with high simmilarity by calculating L1
(Manhattan), L2 (Euclidean), and cosine distance metrics. In
the tth time slot, the d-norm distances between all clusters are
calculated to judge their similarity. The distance d̂i,j between
the ith cluster and the jth cluster in the global model is
calculated as

d̂i,j = ∥wt
G,i −wt

G,j∥d. (53)

If d̂i,j is smaller than the threshold d̂th, the ith and jth clusters
can be merged together. This procedure continues until all
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clusters with similarity are merged into a single cluster. Then,
these merged clusters select a portion of their devices to
aggregate the local models in the server via (7), and the local
models in the devices are still updated using (6). By selecting
a portion of the devices in the merged clusters to aggregate
the local models, the communication overhead is reduced.

Although authors in [141] and [142] considered clustered
FL, both works adopted a single central server to capture
the global models of all devices by aggregating their local
models. In [143], a multi-center aggregation mechanism for
multiple global models in clustered FL was proposed, where
devices belong to a specific cluster, and the cluster updates
its own global model with its corresponding updated local
models, as shown in Fig. 8. Each device calculates the distance
between its local model and the global model of the server in
each cluster. The device selects the cluster with the minimum
distance. The learning objective of multi-center clustered FL
is to minimize the total weighted distance between the global
model and the local models, and the multi-center weight
distance-based loss (MD-Loss) is represented as

L =
1

K

m∑
i=1

K∑
k=1

rk,i Dist(wk,wG,i), (54)

where
Dist(wk,wG,i) = ∥wk −wG,i∥2, (55)

rk,i = {0, 1} is the cluster assignment, rk,i = 1 indicates that
the kth device belongs to the ith cluster, vice versa. In (54),
K and m are the number of devices and clusters, respectively.
In (55), wG,i is the global model of the ith cluster. To
solve (54), a federated stochastic expectation maximization
(FeSEM) algorithm is deployed in the following three steps:

First, the cluster assignment rk,i is updated using

rk,i =

{
1, if i = argminj Dist(wk,wG,j);

0, otherwise.
(56)

From (56), we observe that the kth device belongs to the ith
cluster that can achieve the minimum weight distance.

Second, the global model of the kth cluster is aggregated
as

wG,i =
1

m∑
k=1

rk,i

K∑
k=1

rk,iwk. (57)

Finally, the local model of the kth device is still updated
using (6). The multi-center aggregation mechanism can better
capture the heterogeneity of data distributions across devices,
and simultaneously facilitates the optimal matching between
devices and servers.

FL with a single server or multiple servers still has high
vulnerability when there exists a failure or an attack on the
server. Therefore, unlike authors in [141]–[143] considered
single or multiple servers for model aggregation, authors in
[144] proposed a general fully-decentralized FL framework
where the device was denoted as a “server” that update its local
model by aggregating models from other devices. The model
updating follows (7). Furthermore, authors in [145] derived
convergence analysis of fully decentralized FL under the

condition that devices update their local models by aggregating
models from their one-hop neighbors.

G. Convergence Analysis of FL Methodologies

The derivation of convergence analysis of FL is usually
based on the following fundamental assumptions.

Assumption 1. (Lipschitz). Loss functions f1, ..., fN are all
ρ− lipschitz for any w and w

′
:

∥fn(w)− fn(w
′
)∥ ≤ ρ∥w −w

′
∥, (58)

where ρ is a positive constant.
Assumption 2. (Smoothness). Loss functions f1, ..., fN are

all L− smooth for any w and w
′
:

∥∇fn(w)−∇fn(w
′
)∥ ≤ L∥w −w

′
∥, (59)

where L is a positive constant.
Assumption 3. (Bounded Gradient and model). The second

moments of stochastic gradients and weights are bounded for
any w, and they are guaranteed by the l2-regularization [146],
[147], which are denoted as

E∥∇fn(w)∥2 ≤ G, (60)

and
E∥w∥2 ≤ A. (61)

In (60) and (61), both G and A are positive constants.
Assumption 4. (Gradient divergence). The gradient diver-

gence for any n and w is denoted as

E∥∇fn(w)−∇f(w)∥2 ≤ σ̂2. (62)

In (62), σ̂ > 0 is a constant.
For FL methodologies, researchers usually derive the

number of communication rounds or the upper bound of
E∥∇f(w)∥2 in convergence analysis. We will give several
examples as follows.

In SCAFFOLD, based on assumptions 2 and 3, the number
of communication rounds to achieve convergence in non-
convex FL settings is derived as

R=O

(
Lσ̂2(f(w0)− f(w∗))

NSϵ
+

(
K

S

) 2
3B(f(w0)− f(w∗))

ϵ

)
,

(63)
where N is the number of local updates, K is the total number
of devices, S is the selected number of devices for model
aggregation, and ϵ is the required learning accuracy to reach.

In FedProx, based on assumptions 1 and 3, after T =

O( f(w
0)−f(w∗)
ρG ) iterations, it is obtained that

1

T

T−1∑
t=0

E[∥∇f(wt)∥2] ≤ G. (64)

Remark: Although most research works consider the same
assumptions for convergence analysis, there is no uniform
equation in convergence analysis for all FL algorithms. There-
fore, the convergence rate for different FL settings should be
derived according to specific situations in detailed FL works.
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Fig. 9. Evolution of FedAvg in FL methodologies.

H. Summary and Lessons Learned

In this section, we have reviewed six main research areas of
FL methodologies. We summarize the approaches along with
references. From this review, we gather the following lessons
learned:

• The differences between FedAvg and other FL algorithms
mentioned are presented in Fig. 9. Based on Fig. 9,
FedAvg includes four components, which are the learning
function, pk calculation, local model updating, and global
model aggregation, corresponding to equations (3), (4),
(6), and (7), respectively. Through jointly or separately
optimizing these four equations, the learning efficiency,
accuracy, and fairness can be improved. In addition,
theoretical convergence analysis is usually derived based
on four fundamental assumptions.

• For the research works we have discussed in this section,
the authors assumed that the proposed FL algorithms are
implemented in a synchronous mode. The heterogeneity
among devices, such as computation capabilities, is usu-
ally not considered. Meanwhile, authors assume that all
devices successfully transmit and receive local models
and updated global models. In real-world applications,
the approach may not be feasible for devices with weak
processing power or unstable network connection, which
can lead to straggler effect.

• The simulations in the research works we have discussed
are usually performed on MNIST, FashionMNIST, and
CIFAR. The data in these datasets are usually labeled and
the data distribution of them is clear. Therefore, whether
the proposed FL algorithms are effective in unlabeled

datasets or other datasets with unknown data distribution
still needs to be investigated.

• For the studies that we have discussed in this section,
local models are trained with non-poisoned data. Data
poisoning refers to the malicious device who either ac-
tively or passively uses some poisoned data for model
training, and model poisoning means that an attacker
tampers the weights of the local model, which further
affects the parameters of the global model. Although FL
by itself has a certain level of resilience against attacks,
the frequent communications between server and devices
may spread the risk over the networks and thus breaks
down the overall learning systems. Therefore, how to
design a FL algorithm that is robust to poisoned data
and design resilient networks for FL to avoid spreading
attacks needs to be investigated.

IV. FL IN WIRELESS NETWORKS

Recently, there is a growing interest in optimizing wireless
networks with data-driven ML-based methods. In this sec-
tion, based on the fundamental FL algorithms in Section III,
we present the research areas of designing FL for wireless
networks. Considering FL in wireless networks, all weights
of local or global models are delivered via wireless links
instead of wired ones. Thus, the model aggregation, learning
accuracy, and learning efficiency of FL can be influenced by
wireless factors, such as the set of devices that participate in
FL, computational capacity, transmission power and wireless
channel, and spectrum resource allocation. The impact of these
factors on FL performance is introduced as follows:
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• With the increasing number of devices participating in
model aggregation, the generalization of the global model
increases. However, more devices lead to high interfer-
ence and a low transmission rate.

• Computational capacity of each device affects the learn-
ing latency. High computational capability leads to high
learning efficiency and low learning latency.

• Transmission power and wireless channel determine
transmission rate and reliability. Low transmission power
and dynamic wireless channel result in low transmission
rates and high transmission errors.

• Spectrum resource allocated to each device affects trans-
mission rate. When more spectrum is allocated to the
device, its transmission rate increases.

To exchange a large number of model weights over time-
varying channels, there are two types of solutions, which are
“digital” and “analog” approaches that convert all global or
local models into bits and modulated signals, respectively.
In this section, we introduce these key research areas of FL
over wireless networks. For the digital approach, we consider
model aggregation, communication, energy, and computation
efficiency optimization, resource allocation, and asynchronous
FL. For the analog approach, we consider over-the-air com-
putation.

A. Digital Approach of FL over Wireless Networks

The digital approach needs to guarantee a high transmission
rate, low transmission error, and high communication, energy,
and computation efficiency of FL over wireless networks. In
this subsection, we mainly introduce 1) Model Aggregation,
2) Communication, Energy, and Computation Efficiency Op-
timization, 3) Resource Allocation, and 4) Asynchronous FL.

1) Model Aggregation: The model uploading and down-
loading of FL can be affected by dynamic wireless channels.
Due to the limited bandwidth of the wireless network, not
all devices can transmit local models to the central server.
Also, poor channel state results in high transmission error. To
select optimal devices to upload the local models and minimize
transmission error, device selection and packet transmission
error minimization schemes need to be considered.

Device Selection: Three main device selection schemes
have been studied, which are probabilistic updating,
importance-based updating, and novel communication
protocol-based updating.

a) Probabilistic Updating: A traditional probabilistic
scheduling policy was developed in [148] to characterize
the convergence performance of FL in wireless networks.
In particular, the effectiveness of three different scheduling
policies, i.e., random scheduling (RS), round robin (RR), and
proportional fair (PF) were considered to select a portion of
devices for local model aggregation under limited bandwidth
constraints. In RS, the access point (AP) randomly selects K
associated devices in each time slot for local model updating,
and each device is allocated with a sub-channel to deliver the
local model. In RR, the AP arranges all devices into G groups
and assigns each group to access the radio channels and update
their weights in each time slot. While in PF, the AP selects

K out of K̂(K ≤ K̂) associated devices in each time slot
according to the following policy

m∗ = argmax
m∈{1,2,...,K̂}

{
ρ̃1,t
ρ̄1,t

, ...,
ρ̃K,t

ρ̄K,t

}
, (65)

where m = {m1, ...,mK} is a length-K vector and m∗ =
{m∗

1, ...,m
∗
K} represents the indices of the selected K devices,

ρ̃k,t and ρ̄k,t are the instantaneous and time average signal-
to-noise ratio (SNR) of the kth device in the tth time slot,
respectively. Thus, the device with a higher SNR is selected
[149]. The updating of the local and global models still follows
(6) and (7), respectively.

Based on the probabilistic analysis of the scheduling poli-
cies in [148], it shows that PF outperforms RS and RR
in terms of convergence rate under a high SNR threshold.
This is because a high SNR threshold reduces the chance
of successful transmission from an arbitrary device, while
PF improves the convergence rate by selecting devices with
better channel qualities in order to increase their transmission
success probabilities. However, RR is preferable when the
SNR threshold is low, this is because low SNR threshold
results in a high success probability.

b) Importance-based Updating: To exploit the impor-
tance of devices, a novel probabilistic scheduling framework
was developed to apply unbiased update aggregation for the
federated edge learning (FEEL) in [150], where the impor-
tance of a local model update was measured by its gradient
divergence. In the tth time slot, K devices are selected
for model aggregation according to a scheduling distribution
Pt = (pt1, p

t
2, ..., p

t
K), where ptk is the probability that the

kth device is selected, and can also indicate the level of
importance that the kth device can contribute to the global
model convergence. The local model is still updated using
(6), and the global model is updated using

wt
G =

1

n

K∑
k=1

nt
k

ptk
wt

k, (66)

where nk is the number of data at the kth device, and
n =

∑K
i=1 ni. The selected local model wt

k needs to be
scaled by a coefficient nt

k

n at the edge server. This is because
this coefficient well quantifies the unbalanced property in
global data distribution and thus makes the global model
unbiased. Based on the probabilistic scheduling framework,
the importance indicator of each local model is defined as

Itk =

∥∥∥∥ nt
k

nptk
wt

k −wt
G

∥∥∥∥
2

. (67)

The model divergence reflects the deviation between the local
model and the global model, and the smaller the model
divergence, the more it can contribute to the global model
convergence. In other words, the smaller the ptk, the less
contribution of the kth device to the global model. The opti-
mization problem is to achieve a trade-off between gradient
divergence and latency, where ρ ∈ [0, 1] is defined as the



21

weight coefficient that balances the gradient divergence and
latency. Then, the objective function is represented as

min
(pt

1,...,p
t
K)

K∑
k=1

ptk
[
ρItk + (1− ρ)T t

k

]
, (68)

s.t.
K∑

k=1

ptk = 1, (69)

ptk ≥ 0, (70)

where Itk is given by (67), and the optimal probability pt∗k is
given by

pt∗k =
nk

n
∥wt

k∥
√

ρ

(1− ρ)T t
k + λt

, (71)

where λt is the lagrangian multiplier that satisfies (69), and
T t
k is the uplink transmission latency. From (71), the optimal

scheduling decision is mainly determined by data unbalanced
indicator nk

n , the norm of local model ∥wt
k∥, and the uplink

latency T t
k. Through the importance-aware device scheduling

strategy, it can achieve less than half of the convergence time
and up to 2% higher final accuracy.

c) Novel Communication Protocol-based Updating:
Apart from deploying probabilistic scheduling to select the
optimal devices for model aggregation, a communication pro-
tocol designed for FL over wireless networks, called feder-
ated learning with client selection (FedCS), was proposed in
[151]. First, the server requests ⌈K × C⌉ random devices to
participate in the current training task, where K is the total
number of all devices, C ∈ (0, 1] is the fraction of devices
that participating in training in each time slot, and ⌈.⌉ is the
ceiling function. The server selects as many devices as possible
to transmit their local models for model aggregation within a
certain deadline after receiving the resource information, such
as wireless channel states, computational capacities, and size
of data resources, from devices. The optimization problem is
to maximize the number of devices for model aggregation as

max S, (72)
s.t. TCS + TAgg + Tup + Tdown ≤ Tth, (73)

where S is the number of the selected devices for model
aggregation, and TCS, TAgg, and Tdown are the time required
for device selection, model aggregation, and downlink trans-
mission, respectively. In (73), Tup is the time required for local
model updating and uplink transmission.

To solve the optimization problem in (72), a heuristic algo-
rithm based on the greedy algorithm was proposed. Although
the proposed FedCS algorithm can achieve a higher accuracy
than that of FedAvg, the computation complexity is extremely
high with a large number of devices. Also, the local and global
updating still follow (6) and (7), respectively.

However, authors in [148], [150], [151] considered perfect
wireless channels, and in the uplink transmission, there will
be transmission errors caused by unstable wireless channels.
To solve the problem, the impact of the packet transmission
error on FL is considered.

Packet Transmission Error: The authors in [152] consid-
ered packet transmission errors, which could affect the local

model aggregation of FL. In [152], a closed-form solution
for the convergence rate of FL was derived as a function of
packet error rates. Based on this solution, the BS optimizes the
resource allocation and the device optimizes its transmission
power to decrease packet error rates. The optimization problem
in [152] is to minimize the training loss of FL over wireless
networks. The expression of the model aggregation with packet
transmission error is denoted as

wg(at,Pt,Rt) =

∑K
k=1 N̄ka

t
kw

t
kC(wt

k)∑K
k=1 N̄katkC(wt

k)
. (74)

In (74),
∑K

k=1 N̄ka
t
kC(wt

k) is the total number of training
data samples, which is determined by atk and C(wt

k), Nk is the
number of training data samples of the kth device, atk ∈ {0, 1}
is the device association index of the kth device. If atk = 1,
the kth device is selected to update the local model to the BS,
and vice versa. Also, in (74), Pt = [P t

1 , ..., P
t
K ] is the transmit

power matrix, C(wt
k) is the packet transmission index of the

kth device, which is presented as

C(wt
k) =

{
1, with probability 1− qk(r

t
k, P

t
k),

0, with probability qk(r
t
k, P

t
k),

(75)

and qk(r
t
k, P

t
k) is the packet error rate of the local model of

the kth device. If C(wt
k) = 0, the local model of the kth

device contains data error, and the BS will not use it to update
the global model. In (75), rtk,n is the resource block (RB)
allocation index, and rtk,n = 1 means that the nth RB is
allocated to the kth device in the tth time slot. Meanwhile,
in (75), qk(rtk, P

t
k) is expressed as

qk(r
t
k, P

t
k) =

R∑
n=1

rtk,nq
t
k,n, (76)

where qtk,n is the packet error rate over the nth RB with m
being a waterfall threshold and is defined as

qtk,n = Ehk

(
1− exp

(
−m(Īn +BN0)

P t
khk

))
. (77)

In (77), hk is the channel gain between the BS and the kth
device, N0 is the noise power spectral density, and Īn is the
interference caused by the other devices. The local model
updating is still written as (7). Through optimizing the power
and RB allocation via the Hungarian algorithm [153], both
the packet transmission error and the training loss can be
minimized.

2) Communication, Energy and Computation Efficiency
Optimization: For FL over wireless networks, one of the
challenges is to maximize the communication, energy, and
computation efficiency, which can be influenced by the bit
rate, energy, and computation capability. In this subsection,
the research on the optimization of communication, energy,
and computation efficiency is introduced.

a) Communication Efficiency: Authors in [154] intro-
duced momentum gradient and sparse communication to in-
crease the communication efficiency of FL over wireless
networks. To optimize the transmission rate of each device, the
optimal sub-carrier is allocated to each device. The modified
momentum method is used to accelerate the performance of
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SGD. Then, based on the sparse communication, the global
model is updated using

wt+1
G =

K∑
k=1

pksparse(wt
k), (78)

where pk is calculated by (4), and sparse function sparse()
in (78) converts wt

k to sparse form by squeezing out any zero
elements [155]. Using sparse communication, the server and
devices only transmit a fraction of the weights that consid-
erably reduce the communication latency. With the help of
momentum and sparse communication, the convergence speed
and latency of FL over wireless networks can be guaranteed,
however, the accuracy decreases.

It is important to know that training and transmitting
weights during FL may consume a large amount of energy.
To deal with this issue, the energy consumption minimization
problem was studied.

b) Energy Efficiency: To minimize the total energy con-
sumption for local computation and wireless transmission, an
iterative algorithm was proposed in [156]. The total energy
consumption of all devices at each step is calculated as

E =

K∑
k=1

(EC
k + ET

k ), (79)

where EC
k and ET

k are the local computation energy and
wireless transmission energy of the kth device, respectively.
To minimize the energy, closed-form solutions for the time
allocation tk, bandwidth allocation bk, power control pk, com-
putation frequency fk, and learning accuracy δ are derived. At
each iteration, to optimize (tk, bk, pk, fk, δ), the authors first
optimized (tk, δ) under fixed (bk, pk, fk). Then, (bk, pk, fk)
are updated based on the obtained (tk, δ). Thus, the optimal
solution of (bk, pk, fk) or (tk, δ) can be obtained at each time
slot. Also, the local and global model updatings still follow
(6) and (7), respectively.

The works in [154] and [156] mainly focused on acceler-
ating the training tasks from the communication and energy
perspective, i.e., minimizing the communication overhead and
energy consumption. However, computation efficiency is also
one of the major characteristics of FL over wireless networks,
which may greatly affect learning performance.

c) Computation Efficiency: There are mainly two ways
to increase computation efficiency for FL in wireless networks,
including deploying high computation units and efficient gra-
dient descent methods.

High Computation Unit: In recent years, GPU has been
proposed to accelerate the training latency and efficiency of
FL. Authors in [157] considered the training acceleration
problem from the CPU to GPU under communication and
computation resource constraints. Using the Karush-Kuhn-
Tucker (KKT) conditions, the closed-form solutions of joint
batch size selection and communication resource allocation
were derived, and the relationship between training latency
and training batch size was analyzed. The local and global up-
datings in [157] still follow (6) and (7), respectively. Although
using GPU for FL training improved the learning efficiency,
authors in [157] relied on an impractical assumption that each

device was equipped with a GPU. The mobile device with
GPU for training can cost a large amount of energy, especially
for battery-limited devices.

Gradient Descent: To improve the training performance
of FL over wireless networks, several novel gradient descent
methods have been studied. For the gradient descent methods
in FL over wireless networks, the authors in [158] and [154]
mainly deployed SGD and momentum gradient descent to
update the local model, respectively.

(1) SGD: Different from the gradient descent in (6), that
calculated from the entire dataset, SGD randomly selects one
data sample from the whole dataset at each time slot to reduce
computation complexity [159]. For the SGD in [158], the local
model of the kth device in the tth time slot is updated as

wt+1
k = wt

k − ηgtk,i, (80)

where i is the ith data sample of the kth device.
(2) Momentum Gradient Descent: Momentum is a method

that helps to accelerate the gradient descent in the relevant
direction and dampens oscillations. This is achieved by adding
a momentum term σ of the update vector of the past time slots
to the current update vector [160]. For the gradient descent
with momentum in [154], the local model is updated using

wt
k = wt−1

k + ut
k, (81)

where
ut
k = σut−1

k + gtk. (82)

Also, the model aggregation of both gradient descent methods
follows (7). Using SGD and momentum, a faster convergence
rate can be achieved. Note that the gradient descent methods
of FL methodologies mentioned in Section III can still be
deployed in FL over wireless networks.

Authors in [154], [156]–[158] optimized the communica-
tion, energy, and computation efficiency, separately. In fact,
the communication, energy, and computation efficiencies are
correlated with each other, which requires joint design and
optimization among them.

d) Joint Design of Communication, Energy, and Compu-
tation Efficiency: In FL over wireless networks, there are two
trade-offs, between computation and communication latencies,
and between learning latency and device energy consumption.
Authors in [161] decomposed the problem into two sub-
problems, which were the learning latency versus device
energy consumption problem solved by the Pareto efficiency
model, and the computation versus communication latencies
problem, solved via finding the optimal learning accuracy with
KKT conditions. The Pareto efficiency model minimizes the
learning latency and does not increase the energy costs of
each device [162]. Through iteratively obtaining the closed-
form solutions of these two sub-problems, the authors charac-
terized how the computation and communication latencies of
mobile devices affect trade-offs between energy consumption,
learning time, and learning accuracy. However, authors in
[161] relied on an impractical assumption that the channel
state information (CSI) remained unchanged during the whole
FL process. In [163], the authors considered imperfect CSI.
Under imperfect CSI, channels between the server and devices
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over each resource block (RB) are predicted using their past
observations. Then, based on Lyapunov optimization, joint
device scheduling and RB allocation policy were proposed to
minimize the loss function in FL over wireless networks. The
local and global model updatings in [161], [163] still follow
(6) and (7), respectively.

In summary, authors in [148], [150]–[152], [154], [156]–
[158], [161], [163] independently considered the model aggre-
gation and communication, energy, and computation efficiency
optimization. However, in practical scenarios, they are corre-
lated with each other, and in the next section, we introduce
the resource allocation of FL over wireless networks.

3) Resource Allocation: For the research on resource al-
location of FL over wireless networks, it jointly designs the
spectrum resource allocation and device selection. Due to the
limited number of RBs in the uplink transmission, only a
fraction of devices can transmit local models to the base station
(BS). To solve this problem, a probabilistic device selection
scheme was proposed in [164] to select the devices whose
local models have significant effects on the global model. The
update of the global model in the tth time slot is still updated
as (7), while pk in (7) is calculated as

pk =
atkN̄k∑K
i=1 a

t
iN̄i

, (83)

where atk ∈ {0, 1} is the device association index of the kth
device, and N̄k is the number of training data samples of the
kth device. If atk = 1, the kth device is selected to update
the local model to the BS, vice versa. To select the optimal
set of devices to upload the local models and minimize the
uplink and downlink transmission latency, the optimization
problem of a joint RB allocation and device selection scheme
was proposed and written as

min
A,R

Ĉ∑
t=1

T t(at,Rt)It (84)

s.t. atk, r
t
k,n, I

t ∈ {0, 1}, (85)
K∑
t=1

rtk,n ≤ 1, (86)

R∑
n=1

rtk,n = atk, (87)

where T t(at,Rt) is the transmission latency, A = [a1, ..., aĈ ]
is the device selection matrix of all iterations, R = [R1, ...,RĈ ]
is the RB allocation matrix for all devices of all iterations,
R is the number of RBs, and Ĉ is a constant, which is large
enough for the proposed FL to converge. In (85), It = 0 means
that the proposed FL converges, vice versa. In (86), rtk,n = 1
means that the nth RB is allocated to the kth device in the tth
time slot, and (86) implies that at most one RB is allocated
to the kth device. In (87), it means that all RBs should be
allocated to the devices associated with the BS. To increase the
convergence speed of FL, deep neural networks (DNNs) are
used to predict the local models of devices that cannot transmit
their local model weights. To enable the BS to predict the local
model, each device should have a chance of connecting to the

BS to provide local model weights for training DNNs. Thus,
a probabilistic device association scheme was proposed as

P̄ t
k =


∥etk∥

K∑
k=1,k ̸=k∗

∥etk∥
, if k ̸= k∗,

1, if k = k∗,

(88)

where P̄ t
k is the probability of the kth device connecting to

the BS in the tth time slot, etk = wt
G −wt+1

k is the variation
between the global model and the local model of the ith
device, and ∥etk∥ is the norm of etk. In (88), the association
probability between the BS and the kth device increases as
∥etk∥ increases. Thus, the probability that the BS deploys the
local model of the kth device to aggregate the global model
increases. Through using the device association scheme in
(88), the BS has a higher probability of selecting devices
whose local models significantly affect the global model. In
addition, the k∗th device is always connected to the BS to
provide a local model for the prediction of other devices’ local
models. With the predicted local models, the global model is
updated as

wt+1
G =

K∑
k=1

N̄ka
t
kw

t
k +

K∑
k=1

N̄k(1− atk)ŵ
t
kI{Et

k≤γ}

K∑
k=1

N̄katk +
K∑

k=1

N̄k(1− atk)I{Et
k≤γ}

, (89)

where ŵt
k is the predicted local model of the kth device,∑K

k=1 N̄ka
t
kw

t
k is the sum of local models of the devices

connected to the BS,
∑K

k=1 N̄k(1−atk)ŵ
t
kI{Ek

i ≤γ} is the sum
of the predicted local models of the devices are not connected
to the BS, Et

k = ∥ŵt
k − wt

k∥2 is the prediction error, and γ
is the error threshold. If Et

k ≤ γ, the BS uses the predicted
local model ŵt

k to update the global model, otherwise, not.
From (89), we can obtain that the BS uses the predicted local
models together with the transmitted local models to update
the global model to decrease the FL training loss and improve
the convergence speed.
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24

4) Asynchronous FL: Authors in [148], [150]–[152], [154],
[156]–[158], [161], [163], [164] mainly considered syn-
chronous FL over wireless networks. One common problem
of FL systems is the straggler issue. This problem originates
from the fact that the time duration of each training round
is strictly limited by the slowest participating device [165].
Two asynchronous FL policies are introduced in [166] and
[167], which are fully asynchronous FL and asynchronous
FL with periodic aggregation, as shown in Fig. 10. For the
fully asynchronous FL in [167], in each time slot, the server
receives a locally trained model wnew from an arbitrary device
and updates the global model wG by weight averaging, which
is denoted as

wt
G = (1− α)wt−1

G + αwnew, (90)

where α ∈ (0, 1) is a mixing hyperparameter to determine the
contribution of the local model to the global model. Intuitively,
a larger bias of the local model results in a higher error when
updating the global model. The local model updating is still
written as (6). Based on [167], the fully asynchronous FL
was used in [168] for edge devices with non-IID data, so that
the server does not need to wait for the devices with high
communication delays.

However, fully asynchronous FL with sequential updating
has the problem of high communication costs caused by
frequent local model updating and transmission. To address
this issue, an asynchronous FL with periodic aggregation and
an adaptive asynchronous FL (AAFL) were proposed in [167]
and [169], respectively.

For the asynchronous FL with periodic aggregation in [167],
the edge server periodically collects local models to update the
global model from devices that have completed local training.
While other devices continue their local training without being
interrupted or dropped. Particularly, after each device updates
its local model by (6), it transmits a signal to the server
indicating its completion of local model training. After each
time duration T , the server schedules a subset of ready-to-
update devices to upload their local models. The received
local models are aggregated at the server by (7), and then
the updated global model is distributed to these devices, and
continue their local training based on the newly received global
model.

The AAFL algorithm in [169] is an experience-driven
algorithm based on deep reinforcement learning (DRL), which
can adaptively determine the optimal fraction value α in
each time slot. Given the completion time of the learning
task, local model parameters, loss function, the difference
between the current loss value and target loss value, bandwidth
consumption, and remaining resource budget in each time slot,
the DRL agent selects the value of α for model aggregation.
Integrating AAFL with DRL reduces the training time and
improves learning accuracy compared to fully asynchronous
FL.

Based on the proposed synchronous and asynchronous FL,
authors in [170] proposed a time-triggered FL (TT-Fed) over
wireless networks, which was a generalized form of classic
synchronous and asynchronous FL and achieved a good bal-
ance between training and communication efficiencies. The

global model aggregation in TT-Fed is triggered in each fixed
global model aggregation round duration △T . Assuming that
T is the time required for the slowest device to complete one
single local updating round. Thus, all devices are partitioned
into M = ⌈ T

△T ⌉ tiers (⌈.⌉ is the ceiling function), where the
first tier is the fastest tier and the M th tier is the slowest tier.
As shown in Fig. 9, assuming that 4 devices are partitioned
into 3 tiers according to the global model aggregation round
duration partitioning. Device 1 and device 2 in the first tier
need a single global model aggregation △T to complete their
local updating, while device 4 in the third tier needs three
△T . Thus, the server has new updates from different tiers
in each global model aggregation round. By using TT-Fed, it
is possible for the global model to be broadcast to users in
different tiers for communication overhead reduction.

Authors in [148], [150]–[152], [154], [156]–[158], [164],
[166], [167], [169], [170] considered OFDMA and TDMA to
transmit the local or global models. However, when a large
number of devices uploading high-dimensional local models,
the classic orthogonal-access schemes, such as OFDMA and
TDMA, are not able to scale well with an increasing number
of devices. To deal with this issue, over-the-air computation
(OAC) has been proposed, it is a disruptive technology for fast
data aggregation in wireless networks through exploiting the
waveform superposition property of multi-access channels. In
particular, the transmitted signal in the uplink transmission is
superimposed over-the-air and their weighted sums, so-called
the aggregated signal, are processed at the edge [171], [172].

B. Analog Approach of FL over Wireless Networks

In the digital approach, one challenge is to overcome the
communication bottleneck, which is caused by many devices
uploading high-dimensional models to a central server. A
promising approach is to design new multiple access schemes,
and a recently emerged approach, the so-called OAC, can
provide the required scalability for FL over wireless networks.

OAC is a promising approach for fast wireless data aggrega-
tion via computing a nomographic function of distributed data
from multiple devices in the uplink transmission, and it can
accomplish the computation of target function by concurrent
transmission, thereby significantly improving the communi-
cation efficiency compared to orthogonal transmission [173].
The uplink transmission includes local model weights or
gradients, while the downlink information usually includes
updated model weights or aggregated gradients.

The OAC-based approach for fast global model aggregation
in the uplink transmission was proposed in [174] to explore
the superposition property of a wireless multi-access channel
via the joint device selection and beamforming design. In the
tth time slot, the kth device transmits the signal stk to the BS,
and the received signal at the BS is expressed as

y =

K∑
k=1

hkbksk + n, (91)

where hk is the channel vector between the kth device and
the BS, bk is the transmitter scalar, and n is the noise vector.
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Through designing the receiver beamforming vector m, the
estimated global model at the BS is calculated as

ŵG =
1
√
η

mHy, (92)

where η is a normalizing factor. For the global model updating
in the OAC, the difference between the estimated global model
ŵG and the target function wG should be minimized, and a
mean-square-error (MSE) is used to quantify the performance,
which is defined as

MSE(ŵg,wg) = E(∥ŵg −wg∥2). (93)

Motivated by [175], given the receiver beamforming vector m,
the MSE is minimized by using the zero-forcing transmitter

bk =
√
ηpk

(mHhk)
H

∥mHhk∥2
. (94)

Based on [174], authors in [176] considered broadband
analog aggregation (BAA) for OAC model aggregation to
further maximize the number of scheduled devices under
update-distortion constraints, which could reduce the commu-
nication latency. In BAA, the weights of local models are
first modulated into symbols. Then, the symbol sequence is
divided into blocks, and each block is transmitted in a single
OFDM symbol over one frequency sub-channel. Sub-channels
are inverted by power control, so that weights transmitted
by different devices are received with identical amplitudes,
achieving amplitude alignment at the receiver as required for
BAA.

Different from BAA, only transmitting the sign of gradients
in OAC also enables a large number of devices to participate in
model aggregation and achieve convergence, which has been
exploited in [177]–[180]. In the downlink transmission, broad-
casting updated model weights guarantees that the devices
compute the gradients based on the same model weights. On
the other hand, broadcasting aggregated gradients in multi-
cell OAC promotes the personalization of model weights for
devices located at the cell edge [181].

According to [177]–[181], various techniques have been
developed to investigate the performance of OAC, which can
find its application in distributed sensing and autonomous
control [182]. In distributed sensing, OAC is able to achieve
efficient distributed sensing by conducting simultaneous trans-
mission among all sensors, and the desired function can be

directly computed over the air. In autonomous control, a group
of agents desire to perform some actions to accomplish an
overall cooperative task by interacting with each other. As a
result, each agent needs to iteratively collect information from
others for updating its own state until convergence, which
generally consists of two phases within each iteration, i.e.,
the communication phase for information exchanges and the
computation phase for state updates. By integrating these two
phases, efficient network-wide consensus can be achieved by
OAC in a distributed manner. However, authors in [177]–[181]
generally assumed some ideal communication conditions and
ignore practical implementation issues.

Since OAC focuses on uplink transmission, time-division
duplexing (TDD) is commonly considered in the existing
research works to achieve local CSI estimation at each device
based on the pilot signal broadcast by the edge server. In TDD
systems, the uplink and downlink transmissions are carried
out in the same frequency channel but in different time slots.
Therefore, the edge server first broadcasts pilot signals to
devices for estimating the local CSI, and then obtains the
global CSI based on the feedback from devices by assuming
the channel reciprocity. However, the communication overhead
is linearly scaling with the number of devices for CSI feed-
back, which may lead high transmission latency in ultra-dense
networks. To address this issue, effective channel feedback
approaches should be developed to realize OAC while avoiding
massive overhead for CSI gathering. In [183], random orthog-
onalization was proposed for FL in massive MIMO systems,
which significantly reduced the channel estimation overhead
while achieving OAC model aggregation without requiring
transmitter side CSI.

Furthermore, in practical systems, the transceivers can only
obtain imperfect CSI because of multiple reasons, such as
inaccurate channel estimation and finite-rate feed back. There-
fore, simply implementing the system design based on the
assumption of perfect CSI may lead to poor learning perfor-
mance in practical wireless networks with imperfect CSI. To
address this issue, robust design of OAC is required to achieve
a reliable functional computation under imperfect CSI. In
[184], a maximum-likelihood estimation design for misaligned
AirComp with residual channel-gain variation and symbol-
timing asynchrony among devices was proposed. To further
address the error propagation and noise enhancement problems
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at the maximum likelihood estimator, a whitened matched
filtering and sampling (WMFS) scheme was deployed.

In addition, most of the current design for OAC relies on
the instantaneous CSI at the edge server or devices. However,
the cumbersome CSI acquisition introduces extra transmission
latency and communication overhead, which motivates the
CSI-free design, so-called blind design for OAC. To mitigate
the possible destructive signal superposition due to the phase
difference when CSI is not available, authors in [185], [186]
considered the one-bit quantization to realize blind OAC,
where the receiver obtains the sign of aggregated signals
based on majority vote by detecting the energy accumulated
on different OFDM subcarriers [185] and superposed pulse-
position modulation symbols [186], which avoided the reliance
on the CSI and relaxed the requirement of synchronization. In
addition, the balanced number system was considered in [187]
to enable continuous-valued computations in the digital OAC
system without the need of CSI acquisition.

It should be noted that FL with OAC inherits the common
problems in FL literature such as convergence under different
data distributions, device heterogeneity, stragglers, data pri-
vacy, and various security issues. Therefore, these application-
specific challenges need to be re-evaluated for a given OAC
scheme.

C. Convergence Analysis of FL over Wireless Networks

The derivation of convergence analysis of FL is still based
on the fundamental assumptions 1 - 4 in Section III. Differ-
ent from the convergence analysis of FL methodologies, re-
searchers usually derive the upper bound of E{f(w)−f(w∗)}
or E{ 1

T

∑T−1
t=0 ∥gt∥} in FL over wireless networks. We will

present several examples as follows.
In [152], except from assumptions 1 - 4, authors added

another assumption in the following.
Assumption 5. We assume that fn(w) is strongly convex

with positive parameter µ, such that

f(wt+1)≥f(wt)+(wt+1−wt)T∇f(wt)+
µ

2
∥wt+1−wt∥2.

(95)
The upper bound of E{f(w)− f(w∗)} is derived as

E{f(wt+1)− f(w∗)} ≤ BtE{f(w0)− f(w∗)}

+
2G

LD

K∑
k=1

Dk(1− ak + akqk(rk, Pk))
1−Bt

1−B
, (96)

where D is the total number of training data, ak, qk, rk, and
Pk have already been defined in (75) - (78), and B is denoted
as

B = 1− µ

L
+

4µG

LD

K∑
k=1

Dk(1− ak + akqk(rk.Pk)). (97)

It is observed that there is a gap 2G
LD

∑K
k=1 Dk(1 − ak +

akqk(rk, Pk))
1−Bt

1−B between E{f(wt+1)} and E{f(w∗)},
which is caused by the packet errors and device selection
policy. The gap decreases when the packet error rate decreases
or the number of devices participating the model aggregation
increases. Also, the value of B decreases with decreasing

packet error rate, which means that the convergence rate of
FL improves.

In [177], based on assumptions 2 - 4, the convergence rate
of OAC in FL over AWGN channels is given by

E{ 1
T

T−1∑
t=0

∥gt∥} ≤aAWGN√
T

(
√
L(f(w0)− f(w∗) +

γ

2
)+

2γ√
K

σ̂ + bAWGN), (98)

where the scaling factor aAWGN and the bias term bAWGN are
denoted as

aAWGN =
1

1− 1
K

√
ρ̂

, bAWGN
2γσ̂

K
√
ρ̂
. (99)

In (98) and (99), γ > 0 is a positive constant, and ρ̂ denotes
the receive SNR. (98) means that the existence of channel
noise slows down the convergence rate by adding a scaling
factor aAWGN and a positive bias term bAWGN to the upper
bound on the time-averaged gradient norm. Therefore, more
communication rounds are required for convergence. However,
the negative effect of channel noise vanishes at a scaling rate
of 1

K with increasing number of devices participating in the
model aggregation.

D. Summary and Lessons Learned

In this section, we have reviewed two main research areas
of FL over wireless networks. We summarize the approaches
along with references. From this review, we gather the follow-
ing lessons learned:

• Wireless factors, such as transmission power, wireless
channel, and spectrum resource allocation, affect the
convergence and learning accuracy of FL over wireless
networks. The evolution of FedAvg in wireless networks
is shown in Fig. 11. According to Fig. 11, through jointly
or separately optimizing equations (3), (4), (6), and
(7), FL can be more appropriate for wireless networks.
In addition, theoretical convergence analysis is usually
derived based on five fundamental assumptions.

• Synchronous FL systems are susceptible to the straggler
effect. As a result, asynchronous FL has been proposed
to solve the problem. Asynchronous FL allows devices to
participate in model training even a training round is in
progress. This is more reflective of practical FL scenarios
and is an important contribution towards guaranteeing the
scalability of FL. However, synchronous FL is still the
most common approach used because of its convergence
guarantees. Therefore, the convergence analysis in asyn-
chronous FL settings needs to be investigated.

• For the research works we have discussed in this sec-
tion, most works assume that the wireless transmission
between servers and devices is successful and error-
free. However, in wireless networks, because of network
congestion, interference, and bit error, the model trans-
mission between servers and devices may fail or contain
errors, which further affects learning performance. There-
fore, robust FL algorithms over wireless networks should
be investigated to address the issue.
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• In this section, we observe that FL usually focuses on
model training for a single ML task across multiple
devices, namely, the well-trained model weights cannot
generalize to multiple tasks. To address this issue, meta
learning is discussed in the following sections.

V. META LEARNING METHODOLOGIES

Meta learning is most commonly understood as learning
to learn, which refers to a learning algorithm that can gen-
eralize across different tasks. Thus, it has an advantage over
traditional data-driven ML algorithms that can only work on
a single task with the well-trained weights w [68], [70],
[71]. Therefore, meta learning is able to help FL adapt to
multiple tasks. Specifically, in meta learning, we evaluate the
performance of weights w over a distribution of tasks p(T ).
We loosely assume a task consisting of a dataset and loss
function T = {D,L}. The objective of meta learning is to
minimize the expectation of loss function over all tasks, which
is given by

min
w

ET ∼p(T )L(D;w), (100)

where L(D;w) measures the performance of a model trained
using weightsw on dataset D. To solve the problem in (100), a
set of M source tasks are sampled from p(T ) and used in the
meta-training stage as Dsource = {(Dtrain

source,Dtest
source)

i}Mi=1,
where each task has both training and testing data. Also,
the source training and testing datasets are usually called
support and query sets, respectively. The meta-training step
of “learning how to learn” is written as

w∗ = argmax
w

log p(w|Dsource). (101)

Then, a set of Q target tasks used in the meta-testing stage
is denoted as Dtarget = {(Dtrain

target,Dtest
target)

i}Qi=1, where each
task has both training and testing datasets. In the meta-testing
stage, we use the learned weights w to train the weights of
each new target task i, which is denoted as

θ∗(i) = argmax
θ

log p(θ|w∗,Dtrain(i)
target ). (102)

According to (102), we can obtain that learning on the training
set of a target task i benefits from meta-knowledge w∗, and
evaluate the accuracy of meta-learner by the performance
of θ∗(i) on the testing dataset of each target task Dtest(i)

target .
Meta-learning algorithms can be categorized into three main
directions: (1) metric-based, (2) model-based, and (3) gradient-
based optimization methods, which are introduced in detail
in the following subsections. The introduced meta learning
methodologies are fundamental meta learning algorithms from
the CS community without considering any wireless factors.

A. Metric-based Meta Learning

Metric-based methods learn the meta knowledge w through
a feature space that is used for various new tasks. The feature
space is integrated with the weights θ of the neural networks.
Then, new tasks are learned by comparing new inputs with
example inputs in the meta-learned feature space. The higher
the similarity between the new input and the example input,
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the more likely that the new input has the same label as the
example input. Thus, metric-based meta-learning aims to learn
a similarity kernel that takes two inputs, and outputs their
similarity score. Larger similarity scores present larger simi-
larities. In this subsection, we introduce four key metric-based
meta-learning methods, including siamese networks, matching
networks, prototypical networks, and relation networks. The
relationship among these four methods is presented in Fig.
12.

1) Siamese Networks: Authors in [188] used a siamese
network to compare the distance between data samples. A
siamese network consists of two neural networks that share the
same weights θ. It takes two inputs x1 and x2, and computes
two hidden states fθ(x1) and fθ(x2). Then, these two hidden
states are input into a distance layer to calculate a distance
vector, which is given by

d = |fθ(x1)− fθ(x2)|. (103)

According to the distance vector d, we can obtain whether
two inputs x1 and x2 belong to the same class. The siamese
network is a simple approach in metric-based meta-learning,
and can only be deployed to supervised learning scenarios.

2) Matching Networks: Based on the distance comparison
idea in siamese networks, authors in [189] proposed a match-
ing network to learn the similarity between support sets and
new inputs from query sets. The matching networks use a
weighted combination of all example labels in the support set
and an attention kernel to compute the similarity of inputs xi

and new input x. The attention kernel uses the cosine distance
[190] to calculate the similarity of the input representations,
rather than using the distance vector in (103) to quantify the
similarity of two inputs. The matching network is still a simple
approach in metric-based meta-learning, and is not applicable
outside of the supervised learning scenarios. Furthermore, it
suffers from performance degradation when label distributions
are biased.

3) Prototypical Networks: Similar to matching networks,
prototypical networks proposed in [191] also used samples in
the support set. However, rather than calculating the similarity
between samples in the support set and new inputs, prototyp-
ical networks map inputs to a dimensional vector space such
that inputs of a given output class are close together. Since the
number of class prototypes is smaller than that of samples in
the support set, the amount of comparisons decreases, which
further reduces computational costs. However, prototypical
networks can only be used in supervised learning scenarios.
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4) Relation Networks: Different from the pre-defined sim-
ilarity metric in siamese and matching networks, relation
networks (RN) proposed in [192] used a trainable similarity
metric. RN consists of two modules, which are an embedding
module responsible for embedding inputs, and a relation
module computing similarity scores between new inputs x and
example inputs xi from support sets. Then, a classification
decision is made by selecting the class of the example input
which outputs the highest similarity score. RN uses the Mean-
Squared Error (MSE) as a similarity score, and the MSE is
then propagated backward through the entire network to update
the weights in embedding and relation modules. Because of
the trainable similarity metric, the accuracy performance of
RN is better than that of siamese and matching networks with
a fixed similarity metric.
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B. Model-based Meta Learning

In contrast to the metric-based approaches deploying fixed
neural networks at the testing phase, model-based meta-
learning algorithms depend on the internal state of each
task. Specifically, model-based approaches process the support
set in a sequential fashion. In each time slot, the internal
state captures relevant task-specific information with the given
inputs, which can be used to make predictions for new inputs.
Meanwhile, task information from previous inputs should be
remembered, so that model-based methods have a memory
component. In this subsection, we introduce four key model-
based meta-learning methods, including memory-augmented
neural networks (MANNs), meta networks (MetaNets), recur-
rent meta-learners (RMLs), and simple neural attentive meta-
learner (SNAIL). The relationship of these four networks are
shown in Fig. 13.

1) Memory-augmented Neural Networks: MANNs were
proposed in [193] to allow for quick task-specific adaptation
with the help of a neural turing machine (NTM) [194] and
an external memory. The learning procedure of MANNs is
that the data of a task is processed as a sequence. First,
the support set is input to MANN. Then, the query set is
evaluated. The interaction between NTM and external memory
is that NTM gradually accumulates meta knowledge across
tasks, and the external memory helps to store the obtained
knowledge. Given new inputs, NTM leverages the previously
obtained meta knowledge stored in the external memory to
make predictions. MANNs integrate the external memory and
a neural network to achieve meta learning. Different from
metric-based meta-learning, MANN can be used for both
classification and regression problems. However, it has higher
architectural complexity.

2) Meta Networks: Similar to MANN, MetaNets proposed
in [195] also leveraged an external memory to store the meta
knowledge. However, different from MANN, MetaNets are
divided into two distinct subsystems, which are base-learner
and meta-learner, as shown in Fig. 14. The base-learner is used
to perform tasks, and provide meta knowledge for the meta-
learner. Then, the meta-learner calculates fast task-specific
weights for itself and the base-learner. The training of MetaNet
consists of three main procedures: (1) Acquisition of meta
knowledge; (2) Generation of fast weights; (3) Optimization
of slow weights. MetaNets depend on base-learner and meta-
learner for each task. Although it can be used for both
supervised and reinforcement learning scenarios, the learning
architecture is quite complex and leads to a high burden on
memory usage and computation time.

3) Recurrent Meta-learner: RMLs proposed in [196] and
[197] were meta-learners based on recurrent neural networks
(RNNs), and were specifically proposed for reinforcement
learning scenarios. The internal learning architecture of the
selected RNN allows for fast adaptation to new tasks. Similar
to MANN, RML still uses memory to store the meta knowl-
edge and the task data is sequentially input into the learning
model. However, RMLs have simple learning architectures,
mainly perform well on simple reinforcement learning tasks,
and cannot be adapt to complex learning scenarios.

4) Simple Neural Attentive Meta-learner: Similar to
MANN, SNAIL proposed in [198] still processes task data in
sequence. However, rather than using external memory, SNAIL
deploys a special model architecture to serve as memory. The
special model consists of 1D temporal convolutions [199]
and a soft attention mechanism [200]. The 1D convolutions
are used for memory access, and the attention mechanism
allows SNAIL to pinpoint specific experiences. Furthermore,
SNAIL contains three building blocks, which are DenseBlock,
TCBlock, and AttentionBlock. The DenseBlock deploys a
single 1D convolution to the input and connects to the result,
the TCBlock consists of a series of DenseBlocks, and the
AttentionBlock learns the important parts of prior experience.
A key advantage of SNAIL is that it can be used for both su-
pervised and reinforcement learning scenarios, and it achieves
better learning accuracy performance than that of the other
three model-based meta-learning algorithms.
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C. Gradient-based Meta Learning

Different from the metric-based and model-based meta
learning approaches, gradient-based meta-learning is mainly
trained with an interleaved training procedure, including in-
ner loop of task-specific adaptation and outer loop of meta
initialization training [201], [202]. The traditional gradient-
based meta learning is model-agnostic meta learning (MAML).
Based on MAML, several other advanced meta learning
models have been proposed, which are meta-SGD, reptile,
Bayesian MAML (BMAML), Laplace approximation for meta
adaptation (LLAMA), latent embedding optimization (LEO),
MAML with Implicit Gradients (iMAML), and online MAML,
as shown in Fig. 15.

1) MAML: MAML is a model and task-agnostic algorithm
for meta-learning that trains model weights with a small
number of gradient steps and leads to fast learning on a new
task [203]. Thus, MAML has two advantages: 1) it can be fine-
tuned, which means that it quickly adapts to new tasks, and
2) it requires fewer training samples [204]. The learning trend
of MAML is shown in Fig. 16. From the learned initialization
weights θ, MAML can quickly move to the optimal set of
weights θ∗i for the task Ti (i = 1, 2, 3).

The meta learning model is represented by a function fθ
with weights θ. When it adapts to a new task Ti, the model
weights θ become θ

′

i. The updated weights θ
′

i is computed by
using gradient descent on task Ti, which is denoted as

θ
′

i = θ − α∇θLTi
(fθ). (104)

Algorithm 2 Model-Agnostic Meta-Learning
1: p(T ):distribution over tasks.
2: Initialize step size hyperparameters α and β, randomly

initialize learning weights θ.
3: while not done do
4: Sample batch of tasks Ti ∼ P (T ).
5: for all Ti do
6: Evaluate ∇θLTi

(fθ) with respect to K data samples.
7: Calculate adapted weights with gradient descent:

θ
′

i = θ − α∇θLTi(fθ).
8: end for
9: Update θ = θ − β∇θ

∑
Ti∼p(T ) LTi

(fθ′
i
).

10: end while

The step size α ∈ (0, 1) can be fixed as a hyperparameter
or dynamically meta-learned. The learning model weights are
trained by optimizing the performance of fθ′

i
with respect to

θ across the tasks sampled from p(T ). More concretely, the
meta-objective is to minimize the loss function of all tasks
with the learned initialization weights θ, which is presented
as

min
θ

∑
Ti∼p(T )

LTi(fθ′
i
) =

∑
Ti∼p(T )

LTi(fθ−α∇θLTi
(fθ)), (105)

where LTi
(fθ′

i
) is the loss function of the ith task Ti with

its model weights θ
′

i, and θ
′

i is updated by (104). According
to (104) and (105), the optimization of meta learning is per-
formed over the initialized model weights θ, and the objective
is achieved by the updated model weights θ

′
. The initialized

model weights θ are updated as

θ = θ − β∇θ

∑
Ti∼p(T )

LTi(fθ′
i
), (106)

where β is the meta step size, and ∇θ

∑
Ti∼p(T ) LTi

(fθ′
i
) is

calculated as

∇θ

∑
Ti∼p(T )

LTi(fθ′
i
) =

∑
Ti∼p(T )

(I − α∇2fi(θ))∇fi(θ − α∇fi(θ)).

(107)
In (107), I is an identity matrix. The detailed procedures of
MAML are introduced in Algorithm 2. Based on the same
assumptions of FL methodologies in Section III, the upper
bound of E∥∇L(fθ)∥ is derived as

E∥∇L(fθ)∥ ≤ O

√ σ̂2

B
+

σ̂2

BDo
+

σ̂2

Din

+ ϵ, (108)

where B is the number of tasks, Do is the size of datasets of
outer loop, and Din is the size of datasets of inner loop, σ̂ is
defined in assumption 4, and 0 < ϵ < 1. (108) means that if
the batch sizes B, Do, and Din are selected properly, for any
ϵ > 0, MAML is able to converge after limited number of
iterations.

However, calculating Hessian vector ∇2fi(θ) in (107) in-
creases computation complexity, which can result in high
computation latency [205]. To address this issue, first-order
MAML (FO-MAML) was proposed in [206], where the au-
thors directly ignored ∇2fi(θ)). Surprisingly, the convergence
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performance of this method is nearly the same as that with full
second derivatives, suggesting that most of the performance
improvement in MAML comes from the gradients of the
objective at the first-order update, rather than the second
updates from differentiating through the gradient update. Pre-
vious research works observed that ReLU neural networks
were almost locally linear, which suggested that the second
derivatives may be close to zero in most cases, partially
explaining the performance improvement of the first-order
approximation [207]. In addition, the first-order approximation
can achieve 33% speed-up in terms of network computation.

To further reduce the computation time, authors in [208]
introduced Hessian-free MAML (HF-MAML), which did not
require computation of the Hessian vectors, and its compu-
tation complexity was the same as that of FO-MAML, but
it achieved better convergence rate than FO-MAML. It is
because Hessian-free is a method to avoid the vanishing gra-
dient problem while using backpropagation in DNNs [209]–
[212]. The idea behind HF-MAML is that for any function ϕ,
the product of its Hessian ∇2ϕ(θ) and any vector v can be
approximated as

∇2ϕ(θ)v ≈
[
∇ϕ(θ + δv)−∇ϕ(θ − δv)

2δ

]
, (109)

with an error of at most ρδ∥v∥2, where ρ is the parameter for
Lipschitz continuity of the Hessian of ϕ(θ). By integrating
(109) into (107), we can obtain that

ϕ(θ) = fi(θ), v = ∇fi(θ − α∇fi(θ)). (110)

Thus, ∇2fi(θ)∇fi(θ − α∇fi(θ)) in (107) is calculated by
(110), which decreases the computation complexity.

2) Meta-SGD: Meta-SGD was proposed in [213], which
is an easily trainable meta-learner that could initialize and
adapt any learner in just one step, for both supervised learning
and reinforcement learning. Different from MAML, Meta-
SGD can achieve a much higher accuracy not only by the
learner initialization, but also by the learner update direction
and learning rate, all in a single meta learning process. The
main difference is the way it updates θ

′

i, different from MAML
that updates θ

′

i based on (104), Meta-SGD updates θ
′

i using

θ
′

i = θ −α ◦ ∇θLTi
(fθ), (111)

where α is a vector of the same size as θ that determines
both the update direction and learning rate, and ◦ denotes the
element-wise product. The adaptation term α ◦ ∇θLTi

(fθ) is
a vector whose direction denotes the update direction. Note
that learning rate α in (111) is a vector rather than a scalar
in (104), and (111) allows for a higher flexibility in the sense
that each weight has its own learning rate. Compared with
MAML, Meta-SGD is easier to implement and can learn more
efficiently due to that both of its update direction and learning
rate can be optimized.

3) Reptile: Like MAML, Reptile learns a weight initializa-
tion that can be fine-tuned quickly on a new task. However,
the way in which Reptile tries to obtain the optimal weights
is quite different from MAML. Given the initialized model
weight θ, it works by repeatedly sampling only one task
in each time slot, training on it, and moving the initialized

Meta learning

Learning/Adaption

Fig. 17. Diagram of Reptile.

Algorithm 3 Reptile Meta-Learning
1: p(T ):distribution over tasks
2: Initialize step size hyperparameters β, randomly initialize

learning weights θ
3: for i = 1,2,... do
4: Sample batch of tasks Ti ∼ P (T ).
5: Calculate θ

′

i via (111).
6: Calculate initialization weights θ via (112).
7: end for

weights towards the trained weights on that task [214]. As
shown in Fig. 17, the initialized weights θ are moving towards
the optimal weights for tasks 1 or 2. Because in each time
slot, only one task is selected to train the learning weights,
the initialized weights θ oscillate between tasks 1 and 2. For
example, if selecting task 1 to train θ, θ is moving towards θ

′

1

and is updated as θ1 after several iterations. Then, if stop using
task 1 and selecting task 2 to train θ1, θ1 is moving towards
θ

′

2 and is updated as θ2 after several iterations. Therefore,
Reptile is a very simple meta-learning algorithm, and does
not require updating model weights through the optimization
process like MAML, making it more suitable for optimization
problems where a limited number of update steps are required,
and saving time and memory costs. In Reptile, θ

′

i for the ith
task is updated using (111). However, for the initialization
weights θ, it moves toward to the trained weights, which is
updated as

θ = θ − β(θ
′

i − θ). (112)

In (112), θ
′

i−θ is the distance between initialization weights θ
and learning weights for the ith task θ

′

i. The Reptile algorithm
is shown in Algorithm 3. Although the Reptile is an extremely
simple meta learning technique, the convergence and accuracy
performance may be a bit worse than that of MAML because
of its simple learning procedure.

4) BMAML: Unlike MAML that learns a distribution over
potential solutions, Bayesian MAML (BMAML) in [215]
learns M possible weights Θ = {θ}Mi=1 and jointly opti-
mizes them in parallel. To update these weights, authors in
[215] deployed Stein Variational Gradient Descent (SVGD)
[216]. SVGD is a non-parametric variational inference method,
which leverages the advantages of Markov chain Monte Carlo
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(MCMC) [217] and variational inference. Also, it converges
faster than MCMC because its update rule is deterministic.
Specifically, SVGD maintains M instances of model weights,
called particles. In the tth time slot, each model weight vector
θt ∈ Θ is updated using

θt+1 = θt + αϕ(θt), (113)

where α is learning rate, and ϕ(θt) is given as

ϕ(θt)=
1

M

M∑
m=1

[
k(θmt ,θt)∇θm

t
log p(θmt )+∇

θm
t
k(θmt ,θt)

]
.

(114)
Here, k(θmt ,θt) in (114) is a similarity kernel between θmt
and θt. In (114), the update of one particle relies on the other
gradients of particles, k(θmt ,θt)∇θm

t
log p(θmt ) moves the

particle in the direction of gradients of other particles based on
particle similarity, and ∇

θm
t
k(θmt ,θt) enforces repulsive force

between particles so that they do not collide to a same point.
Then, these particles are used to approximate the probability
distribution of labels in testing datasets, which is denoted as

p(ytest
j |θ

′

j) =
1

M

M∑
m=1

p(ytest
j |θmTj

), (115)

where θmTj
is the mth particle calculated by training the support

dataset (training dataset) DS
Tj

of the task Tj , and p(ytest
j |θmTj

)
is the data likelihood of the task Tj .

To train BMAML, authors in [215] proposed a novel
meta loss, called Chaser Loss. This loss aims to minimize
the distance between the approximated parameter distribution
achieved from the support set pnTj

(θTj
|DS ,Θ0) and true

distribution pn+s
Tj

(θTj
|DS ∪ DQ). Here, n is the number of

SVGD steps, and Θ0 is the set of initial particles. Because
the true distribution is unknown, we need to approximate it by
running SVGD for s additional steps to obtain Θn+s

Tj
, where

s additional steps are executed on both the support and query
sets. The proposed meta-loss is written as

LBMAML(Θ0) =
∑
Tj∈B

M∑
m=1

∥θn,mTj
− θn+s,m

Tj
∥22, (116)

where B is the number of sampled tasks. The
BMAML algorithm is shown in Algorithm 4, where
d(Θn

Tj
(Θ0),Θ

n+s
Tj

(Θ0)) is the dissimilarity between two
distributions Θn

Tj
(Θ0) and Θn+s

Tj
(Θ0).

BMAML is a robust optimization-based meta learning that
can generate M potential solutions for a task. However, it has
to store M parameter sets in memory over time, which results
in substantial memory costs.

5) LLAMA: Authors in [218] reformulated MAML as a
method for probabilistic inference in a hierarchical Bayesian
model. Through integrating MAML into a probabilistic frame-
work, a probability distribution over task-specific weights θ

′

j

is learned, and multiple potential solutions can be obtained for
a task. This extended MAML is called Laplace approximation
for meta adaptation (LLAMA). To minimize the error on the

Algorithm 4 Bayesian MAML
1: Initialize Θ0

2: for t = 1,... until convergence do
3: Sample a batch of tasks B from p(T ).
4: for task Tj ∈ B do
5: Calculate Θn

Tj
(Θ0) = SVGDn(Θ0;DS

Tj
, α).

6: Calculate Θn+s
Tj

(Θ0) = SVGDs(Θ
n+s
Tj

(Θ0);DS
Tj

∪
DQ

Tj
, α).

7: end for
8: Θ0 = Θ0 − β∇Θ0

∑
Tj∈B d(Θn

Tj
(Θ0),Θ

n+s
Tj

(Θ0)).
9: end for

Algorithm 5 LLAML
1: Randomly initialize Θ.
2: while not converge do
3: Sample a batch of tasks B from p(T ).
4: Estimate E(xi,yi)∼pTj

[− logP (yi|xi,θ)] using ML-
LAPLACE in Algorithm 6.

5: θ = θ − β∇θ

∑
j E(xi,yi)∼pTj

[− logP (yi|xi,θ)].
6: end while

query set DQ
Tj

, the model must output large probability scores
for true classes. The log-likelihood loss function is denoted as

LDQ
Tj

(θ
′

j) = −
∑

(xi,yi)∈DQ
Tj

logP (yi|xi,θ
′

j). (117)

To predict the correct label yi, authors in [218] deployed
ML-Laplace to compute task-specific weights θ

′

j updated
from the initialization weights θ, and estimated the negative
log-likelihood. The detailed LLAMA algorithm is shown in
Algorithms 5 and 6.

LLMAMA extends MAML in a probabilistic style, which
means that there are multiple potential solutions for a single
task. However, it can only be deployed for supervised learning
with high computational costs, and the Laplace approximation
in ML-LAPLACE may be inaccurate, which further decreases
the accuracy.

6) LEO: MAML operates in a high-dimensional parameter
space using gradient information from only a few data samples
from the support set, which can result in poor generalization.
To deal with this issue, authors in [220] proposed a latent
embedding optimization (LEO) to learn a lower dimensional
latent embedding space, which indirectly updates a set of
initialized weights θ. The detailed procedures of LEO are
shown in Fig. 18. Given a task Ti, the data samples from
the support set pass through a stochastic encoder to produce
(Nk)2 pairs of hidden codes, where N is the number of
classes in the support set, and k is the number of data
samples per class. Then, these paired codes are input into a
relation network [192]. The outputs are grouped by class, and
parameterized by a probability distribution over latent codes zn
for class n in a low dimensional space. The decoder further
generates a task-specifc model weights θn for class n. The
loss from the generated weights is propagated backward to
update the model weights. In practice, generating a such high-
dimensional set of parameters from a low-dimensional space
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Algorithm 6 ML-LAPLACE

1: θ
′

j = θ.
2: for k = 1,...,K do
3: θ

′

j = θ
′

j + α∇θ
′
j
logP (yi ∈ DS

Tj
|θ′

j , xi ∈ DS
Tj
).

4: end for
5: According to [219], calculate curvature matrix

Ĥ = ∇2
θ
′
j

[− logP (yi ∈ DQ
Tj
|θ′

j , xi ∈ DQ
Tj
)] +

∇2
θ
′
j

[− logP (θ
′

j |θ)].

6: return − logP (yi ∈ DQ
Tj
|θ′

j , xi ∈ DQ
Tj
)+ η log(det(Ĥ)).
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Fig. 18. Diagram of LEO.

is quite problematic. Thus, LEO uses pre-trained models, and
only generates weights for the final layer, which limits the
dimension of the model.

The key advantage of LEO is that it optimizes model
weights in a lower dimensional latent embedding space, which
improves generalization performance. However, it is more
complex than that of MAML, because it needs to encode and
decode the data samples.

7) iMAML: Because of the higher-order derivatives,
MAML with Implicit Gradients (iMAML) was considered in
[221] to deal with the issue of long optimization path in
MAML caused by gradient degradation problems, such as
vanishing and exploding gradients [222], [223]. Authors in
[221] integrated regularization into the objective of MAML
to guarantee appropriate learning while avoiding over-fitting.
The objective of iMAML is formulated as

min
θ
′
i

L(θ
′

i,Dk) +
λ

2
∥θ

′

i − θ∥2, (118)

where λ is a scalar hyperparameter that controls the regular-
ization strength. In (118), the regularization term λ

2 ∥θ
′

i − θ∥2
encourages θ

′

i to remain close to θ. The regularization strength
λ plays an important role similar to the learning rate α in
MAML, controlling the strength of prior model weights θ
relative to the dataset DT . Ideally, the objective in (118) is

solved by iteratively performing gradient descent to obtain the
optimal θ

′

i. However, authors in [221] considered an implicit
Jacobian to obtain θ

′

i as

∂θ
′

i

∂θ
=

(
I +

1

λ
∇2

θLi(θi)

)−1

. (119)

According to [224] and [225], Jacobian only depends on
the final result of the algorithm, and not the path taken by
the algorithm, thus, it effectively decouples the meta-gradient
computation from the choice of inner loop optimizer.

iMAML significantly decreases memory costs because it
does not need to store Hessian matrices like MAML, allowing
for a higher flexibility in the selection of the inner loop
optimizer. However, the computational costs are the same as
that of MAML.

8) Online MAML: MAML assumes that a large set of tasks
are available for meta training. However, in a practical system,
tasks are likely available sequentially, which means that tasks
may reveal one after the other. To deal with this issue, online
meta learning was proposed in [226]. The objective of online
meta learning is to minimize the regret, where the regret is
defined as the difference between the loss of the meta-learner
and the best performance achievable from online learning with
non-convex loss functions [227]. This objective is captured by
the regret over the entire sequence, and is denoted as

RegretT =

T∑
t=1

LTt(θ
′

t)−min
θ

T∑
t=1

LTt(θt), (120)

where
∑T

t=1 LTt
(θ

′

t) reflects the accumulative loss calculated
by the updated weights, and min

θ

∑T
t=1 LTt

(θt) presents the
minimum obtainable loss from a fixed set of initial model
weights. The goal for the meta learner in (120) is to sequen-
tially obtain model weights θ

′

t that perform well on the loss
sequence. To update θ

′

t+1, one of the simplest algorithms is
following the leader (FTL) [228], [229], which updates the
weights using

θ
′

t+1 = argmin
θ

t∑
k=1

LTk
(θk). (121)

The gradient descent to perform meta update is given by

θt+1 = θt − β∇θETk∼pt(T )LTk
(θk), (122)

where pt(T ) is a uniform distribution over tasks in the tth time
slot, and β is the meta learning rate. In online meta learning,
memory usage keeps increasing over time. This is because
in each time slot, the incoming tasks and their corresponding
datasets are stored in memory, which is used to obtain the
model weights. The summary of gradient-based meta learning
is summarized in Table VI.

D. Summary and Lessons Learned

In this section, we have reviewed three types of meta
learning methodologies. We summarize the approaches along
with references. From this review, we gather the following
lessons learned:
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TABLE VI
SUMMARY OF GRADIENT-BASED META LEARNING ALGORITHMS

Gradient-based Meta Learning Advantage Disadvantage Condition

MAML [203] Fine-tuned quickly
Require fewer training samples

High computation complexity
High computation latency

High memory costs

Classification, regression
and reinforcement learning

Meta-SGD [213] Trainable learning rate
Higher accuracy Large number of model weights Supervised learning

Reinforcement learning

Reptile [214] First-order simplification
Low time and memory costs

Low convergence rate
Low learning accuracy

Supervised learning
Reinforcement learning

BMAML [215] Learn multiple initializations High memory costs Supervised learning
Reinforcement learning

LLAMA [218] Bayesian interpretation
Multiple solutions for a single task High computaion costs Supervised learning

LEO [220] Optimize in lower dimensional space High computation complexity
Limited applicability to few-shot learning

Supervised learning
Reinforcement learning

iMAML [221] Low memory costs High computation costs Supervised learning
Reinforcement learning

Online MAML [226] Adapt to online learning
High computation complexity

High computation latency
High memory costs

Classification, regression
and reinforcement learning

• Metric-based meta learning learn a feature space that is
deployed to classification tasks based on input similarity
scores. The advantages of metric-based meta learning are
that (1) the approach of similarity-based classification is
simple and (2) the computation latency at the testing
phase is low when tasks are small, it is because the
learning model does not need to make task-specific
adjustments. However, when the tasks at the testing phase
are distant from the tasks used in the training phase,
the learning accuracy decreases. In addition, metric-based
meta learning is usually used in supervised learning
scenarios.

• In model-based meta learning, tasks are processed and
represented in the state of the model-based system,
which is then used to make classifications. Advantages of
model-based meta learning are the flexibility of the inter-
nal dynamics of systems, and their broader applicability
compared to metric-based meta learning. Unfortunately,
the learning performance of model-based meta learning
is worse than that of metric-based meta learning. Also,
model-based meta learning is usually used in supervised
learning scenarios.

• Gradient-based meta learning aims to learn new tasks
quickly. The key advantage of gradient-based meta learn-
ing is that it can achieve much better learning per-
formance on more task distributions than metric-based
and model-based meta learning. However, gradient-based
meta learning optimizes a meta-learner for each task
which results in high computation and memory costs. In
addition, gradient-based meta learning is usually used in
supervised learning and reinforcement learning scenarios.

• Except for the theoretical convergence analysis of
MAML, the convergence theory of other metric-based,
model-based, and gradient-based meta learning algo-
rithms is not derived. Therefore, detailed convergence
analysis of meta learning is still need to be investigated.
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Fig. 19. Feed forward structure for traffic prediction.
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Fig. 20. Feed back structure for traffic prediction.

VI. META LEARNING IN WIRELESS COMMUNICATIONS

Due to the advantages of gradient-based meta learning, such
as good generalization performance on new tasks and the
model being easy to fine-tune, it has been widely used for
optimization problems in wireless networks, such as traffic
prediction [230], transmission rate maximization [231], [232],
and multiple-input and multiple-output (MIMO) detectors
[233].

A. Traffic Prediction

One of the traditional methods for network traffic prediction
is a feed-forward predictor, which consists of a traffic classifier
trained to recognize specific types of traffic, such as videos,
web traffic, file downloading, and a predictor that takes the
network traffic and classification results as inputs, as shown
in Fig. 19. However, it requires a large amount of labeled
datasets to train each traffic classifier, which leads to high
computation complexity. To address this issue, authors in [230]
proposed a feedback traffic prediction architecture based on a
meta-learning scheme. The feed-back architecture is presented
in Fig. 20, where the predictor is selected based on observed
prediction accuracy by DRL, rather than the traffic class. The
reason for using meta learning is that, it is recently employed
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in robust adversarial learning, which can exploit models by
taking advantage of obtainable model information and using
it to create malicious attacks [234]–[236]. According to Fig.
21, the meta-learning scheme used in the predictor consists
of a master policy and a set of sub-policies. The master
policy is responsible for selecting which sub-policy is used
for prediction during the next prediction interval. The meta-
learning scheme in [230] allows for the updating of sub-
predictors in real-time, so that the sub-predictors have the
ability to adapt to variations in traffic patterns over time.
The prediction accuracy of meta learning scheme significantly
outperforms that of any single predictor. However, when a
new sub-predictor is added to sub-predictors, the master policy
needs to be retrained, which leads to high computational costs.

Master Policy

Environment

Sub-predictor 1 Sub-predictor KSub-predictor 2 ....

Sub predictors

Sub-predictor 1 Sub-predictor KSub-predictor 2 ....

Sub predictors

Predictions

Reward
Selected

prediction

Network traffic

Fig. 21. Meta learning and DRL for traffic prediction.

B. Transmission Rate Maximization

The design of beamforming vectors that maximize the
weighted sum rate (WSR) is an NP-hard problem and the
iterative weighted minimum mean square error (WMMSE)
is the most widely used technique to achieve optimal beam-
forming vectors. Although authors in [237]–[240] considered
deep learning or graph neural networks (GNNs) to estimate
the beamforming vectors, the sum rate performance of these
methods was not higher than that of the WMMSE algorithm.
An alternative method is to deploy meta-learning algorithms
to solve the problem. Authors in [231] proposed a meta-
learning-aided beamformer (MLBM) algorithm to solve the
WSR maximization problem. The objective of MLBM is to
minimize the global loss function F (u,w,V), where u, w,
and V are receiver gain vector, positive user weight vector,
and transmit beamforming vector of all devices, respectively.
Particularly, F (u,w,V) is divided into three sub-problems
f(u), f(w), and f(v), and authors refer to the minimization
of F (u,w,V) as minimization of these three sub-problems
f(u), f(w), and f(v). A meta-learner neural network is
deployed to treat these three sub-problems as three tasks and
sequentially update u, w, and V of these three sub-problems,
which is similar to the inner loop of task-specific adaptation
of gradient-based meta-learning. Then, the updated u, w,

and V are used to calculate global loss function F (u,w,V),
and update the learning weights of the meta learner, which
is similar to the outer loop of meta initialization training
of gradient-based meta-learning. Through iteratively updating
u, w, V, and meta-learner weights, MLBM can achieve a
higher transmission rate than that of the WMMSE algorithm
particularly in the high SNR regime, and achieves a similar
performance when SNR is small. In addition, authors in [232]
compared meta learning and transfer learning in beamforming
design, and verified that meta learning was able to provide a
higher transmission rate compared to that of transfer learning.

C. MIMO Detectors

Deep neural networks (DNNs) have the potential for effi-
ciently balancing the bit-error rate minimization and compu-
tation complexity of MIMO detectors [241]–[244]. Unfortu-
nately, the existing DNN-based MIMO detectors are difficult
to be deployed in practical systems due to their slow conver-
gence speed and low robustness in new environments. To deal
with this issue, authors in [233] proposed meta-learning-based
MIMO detectors, which could be used in channel-sensitive
environments. In particular, an expectation propagation (EP)
for signal detection is unfolded as EPNet, and damping factors
are set as trainable parameters to adapt to new channels [245]–
[248]. Damping factors are relevant to channel statistics. To
train the damping factors, a large amount of labeled channel
state information (CSI) is required. However, in a dynamic
real-time wireless system, it is impractical to obtain enough
CSI to train the damping factors. Thus, meta learning is
deployed to update the damping factors efficiently by using
a small training set so that they can quickly adapt to new
environments.

D. Summary and Lessons Learned

In this section, we have reviewed three research directions
of meta learning over wireless networks. We summarize the
approaches along with references. From this review, we gather
the following lessons learned:

• Meta learning is effective for wireless networks with mul-
tiple tasks or sub-problems, and achieves better learning
and network transmission performance, such as higher
learning accuracy and transmission rate, compared with
conventional optimization methods.

• For the research works we have discussed in this section,
the proposed scheme in each work can quickly adapt
to new environments with the help of meta learning.
However, the computation and memory costs of meta
learning are much higher than that of traditional opti-
mization approaches.

• Although meta learning has been widely applied in the
design of signal processing and network management
[230]–[233], [249]–[251], its applications in wireless
networks still face several challenges. First, multiple meta
learning models can be generated at the base stations.
Sophisticated model selection schemes are still unknown
to adapt to different learning tasks. Second, the meta
learning models are transmitted to devices by using extra
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radio resources, which has a heavy burden on wireless
networks [252]. Therefore, it is a dilemma to balance
the learning performance and the communication costs
of meta learning.

• To the best of the authors’ knowledge, no research works
focus on how wireless factors affect meta learning. There-
fore, we directly introduce how meta learning is used
to solve the proposed optimization problems in wireless
networks. Also, the convergence analysis of meta learning
over wireless networks is not investigated.

VII. FEDERATED META LEARNING

Gradient-based meta learning algorithms, such as MAML,
are well known for their rapid adaptation and good generaliza-
tion to multiple learning tasks, which makes them particularly
suitable for federated settings where the decentralized training
data is non-IID and highly personalized [208], [253]–[255]. In
this section, federated meta learning methodologies and their
applications over wireless networks are discussed.

A. FedMeta Methodologies

In this subsection, we introduce three main research di-
rections of FedMeta methodologies, including MAML/Meta-
SGD-based FedMeta, Collaborative FedMeta, and ADMM-
FedMeta. The introduced FedMeta methodologies are funda-
mental FedMeta algorithms from the CS community and the
transmission between servers and devices is error-free without
considering any wireless factors.

Fig. 22. Comparison of the convergence speed of FedMeta and FedAvg from
[256].

1) MAML/Meta-SGD-based FedMeta: The federated meta
learning framework was first proposed in [256], where authors
integrated MAML and Meta-SGD [213] into FL. The objective
of the algorithm is to collaboratively meta-train an algorithm
using datasets from distributed devices. For model aggregation
in the server, as shown in Algorithm 7, the server maintains
the initialization parameters θ and α, updates them through the
testing loss from the selected devices, and transmits them to
the selected devices. For the local model training and testing
in devices, as shown in Algorithm 8, first, the kth device
trains the learning weights θ obtained from the server using
its support dataset Dk

S . Second, the kth device tests the trained
learning model, calculates the testing loss LDu

Q
(θ) based on

its query set Du
Q, and transmits LDu

Q
(θ) to the server. For

Meta-SGD, the vector α is also delivered to the server as
part of the algorithm parameters which are used for parameter
updating. The detailed FedMeta with MAML and Meta-SGD
at the server, and model training of MAML or Meta-SGD
at the device are introduced in Algorithm 7 and Algorithm
8, respectively. According to [256], the comparison of the

Algorithm 7 FedMeta with MAML and Meta-SGD at the
server

1: Initialize step size hyperparameters α and β, randomly
initialize learning weights θ.

2: for each time slot t=1,2,... do
3: Sample K devices, and distribute θ for MAML or

(θ,α) for Meta-SGD to these K devices.
4: for the kth device in K devices do
5: Obtain testing loss ∇θLDk

Q
(θk) from the model

training of the MAML.
6: Obtain testing loss ∇(θ,α)LDk

Q
(θk) from the model

training of the Meta-SGD.
7: end for
8: Update θ = θ− β

K

∑K
k=1 ∇θLDk

Q
(θk) for the MAML.

9: Update (θ,α) = (θ,α)− β
K

∑K
k=1 ∇(θ,α)LDk

Q
(θk) for

the MetaSGD.
10: end for

Algorithm 8 Model Training for MAML and MetaSGD
1: Sample support set Dk

S and query set Dk
Q of the kth

device.
2: LDk

S
(θ) = 1

|Dk
S |
∑

(x,y)∈Dk
S
l(fθ(x), y).

3: θk = θ − α∇LDk
S
(θ) for the MAML and θk = θ − α ◦

∇LDk
S
(θ) for the MetaSGD.

4: LDk
Q
(θk) =

1
|Dk

Q|
∑

(x′ ,y′ )∈Dk
Q
l(fθk

(x
′
), y

′
).

5: Transmit ∇θLDk
Q
(θk) and ∇(θ,α)LDk

Q
(θk) to the server.

convergence speed of FedMeta and FedAvg is shown in Fig.
22. It is observed that FedMeta provides a faster convergence
speed and higher learning accuracy.

2) Collaborative FedMeta: Authors in [257] proposed a
platform-based collaborative learning framework, where a
model was first trained in a set of edge nodes by FedMeta, and
then it was rapidly adapted to learn a new task at the target
edge node with a few data samples. This can deal with the
constrained computing resources and limited local data issues
of each edge node. The FedMeta algorithm used in [257] is
the same as that used in [256]. However, according to Fig. 23,
the main differences are that: 1) Authors in [257] deployed
a set of source edge nodes only with a support dataset to
train the local models, rather than authors in [256] assuming
that each device had both support and query datasets to train
and test the local model; 2) Authors in [257] assumed that
each source edge node focused on only one task to train the
local model, rather than authors in [256] assuming that each
device had multiple tasks; 3) Authors in [257] used a platform
to aggregate local models from all source edge nodes and
transmitted the aggregated model to the target edge node for
new task adaptation, rather than authors in [256] assuming
that each device was able to adapt to new tasks. With model
training at multiple edge nodes, FedMeta can adapt to multiple
tasks in parallel. However, for cases with a large number of
tasks, delivering multiple learning models simultaneously can
result in high transmission latency.
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Fig. 23. Platform-based collaborative federated meta learning framework.

3) ADMM-FedMeta: Based on [257], authors in [258] pro-
posed an ADMM-based algorithm, called ADMM-FedMeta, to
decompose the initial optimization problem into several sub-
problems which can be solved in parallel across edge nodes
and the platform. First, authors still applied the platform-
based FedMeta architecture in [257] to enable edge nodes
to collaboratively learn a meta-model with the knowledge
transfer of previous tasks. Then, the FedMeta problem is
defined as a regularized optimization problem, where the
previous knowledge is extracted as regularization, and the
optimization problem is denoted as

min
θi,θ

∑
k∈I

Dk∑
k∈I Dk

Lk(ϕk(θk),Dq
k) + λDh(θ,θp), (123)

s.t. θk − θ = 0, k ∈ I,

where ϕk(θk) is written as (104), Dh(θ,θp) is a regulariza-
tion parameter that can extract the valuable knowledge from
the prior model to facilitate fast edge training and alleviate
catastrophic forgetting [259]. In (123), θp is the prior model
weights, λ is a penalty parameter that is used to balance the
trade-off between the loss and regularization, I is the set
of edge nodes, Dk is the dataset of the kth (k ∈ I) edge
node, Dk is the number of data samples in Dk, and Dk is
divided into two disjoint datasets, i.e., the support set Ds

k and
query set Dq

k. Through penalizing variations in the model via
regularization, the learned model from (123) is close to the
prior model for enabling collaborative edge learning without
forgetting prior knowledge, so that the learned meta model can
adapt to different tasks. To solve the optimization problem in
(123), the augmented Lagrangian function is deployed, which
is written as

L({θk,wk},θ) =
∑
k∈I

(
Dk∑
k∈I Dk

Lk(ϕk(θk),Dq
k)

+ < wk,θk − θ > +
ρk
2
∥θk − θ∥2) + λDh(θk,θ), (124)

where wk is a dual variable and ρk > 0 is a penalty
parameter. To optimize θk θ, and wk, ADMM method is
applied [260]–[269]. The traditional ADMM decomposes the
optimization in (110) into a set of sub-problems that can be
solved in parallel, which means that calculating Dh(θk,θ) and
Lk(ϕk(θk),Dq

k) separately. Thus, the vector θk, θ, and wk are
updated alternatively as follows

θt+1 = argmin
θ

L({θtk,wt
k},θ), (125)

θt+1
k = argmin

θk

Lk(θk,w
t
k,θ

t+1), (126)

and

wt+1
k = wt

k + ρk(θ
t+1
k − θt+1). (127)

In (125), (126), and (127), the platform and each device select
the weights that can achieve the minimum loss, and update the
dual variable by the difference of local and global weights.
Based on (125), (126), and (127), the updating strategy is 1)
updating θ at the platform and 2) updating {θk,wk}. The
advantage of using ADMM-FedMeta is that the decoupled sub-
problems can be allocated to multiple edge nodes to solve si-
multaneously, which helps to alleviate the local computational
costs and improve the computation efficiency. According to
[258], the comparison of the convergence speed of ADMM-
FedMeta and FedAvg is shown in Fig. 24. It is observed that
ADMM-FedMeta achieves a much higher convergence speed
than that of FedAvg.

Fig. 24. Comparison of the convergence speed of ADMM-FedMeta and
FedAvg from [258].

B. FedMeta in Wireless Networks

FedMeta integrates the advantages of FL and meta learning,
which enables local model sharing without privacy issues and
fast adaptation to new tasks. Through learning an initial shared
model, devices can quickly adapt the learned model to their
local datasets via one or a few gradient descent steps. Despite
its advantages, FedMeta still has several challenges: First,
the number of participating devices can be enormous. When
devices are randomly selected, it can lead to a low convergence
speed [258]. Second, the convergence performance of FedMeta
in a wireless network is highly related to its latency, which
includes computation latency, determined by the size of local
datasets and CPU types of devices, and transmission latency,
determined by channel gains, interference, and transmission
power [270]. If these factors are not optimized, high latency
can result in unexpected training delay and communication
inefficiency [271]. In this subsection, we introduce device
selection and energy efficiency of FedMeta over wireless
networks, based on the fundamental FedMeta methodologies.

1) Device Selection: To deal with high training delay and
communication inefficiency, authors in [272] developed a Fed-
Meta with a non-uniform device selection scheme to accelerate
the convergence, and rigorously analyzed the contribution of
each device to the global loss reduction in each time slot. Then,
a resource allocation problem integrating FedMeta into multi-
access wireless systems is proposed to jointly improve the
convergence rate and minimize the latency along with energy
cost. The learning structure of FedMeta proposed in [272] is
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the same as that in [256]. The device selection problem in the
tth time slot is formulated as

max
zk

∑
k∈N

zku
t
k (128)

s.t.
∑
k∈N

zk = nk

zk ∈ {0, 1}.

In (128), zk is a binary variable, if zk = 1, the kth device is
selected, otherwise, not, and N is the set of devices. ut

k is the
contribution of the kth device to the convergence in the tth
time slot, defined as

ut
k =

τ−1∑
i=0

∥∇Fk(θ
i,t
k )∥2 − 2(λ1 +

λ2√
Dk

)∥∇Fi(θ
i,t
k )∥, (129)

where Fk(θ
i,t
k ) is a meta function of the kth device, τ is the

number of iterations of gradient descent, Dk is the number
of data samples in the kth device, and λ1 and λ2 are position
constants. The detailed proof of ut

k is presented in Appendix J
of the technical report [273]. To apply FedMeta over wireless
networks, the authors propose a resource allocation problem,
capturing the trade-offs among the convergence, computa-
tion and communication latency, and energy consumption.
Then, the optimization problem is decomposed into two sub-
problems. The first sub-problem aims at controlling the CPU-
cycle frequencies for devices to minimize energy consumption
and computation latency. The second sub-problem controls
transmission power and resource block allocation to maximize
the convergence speed while minimizing the transmission cost
and latency. Both of the sub-problems are solved by KKT
conditions.

2) Energy Efficiency: In FedMeta, each task is owned by
a device, and each updating iteration needs to communicate
with the server. In each iteration, each device updates its local
model and transmits it to the server, where the meta model is
updated in a global step and then the updated meta model
is feedback to all devices. Since these procedures involve
local computation and communication energy consumption,
it is important to minimize the computation costs and save
energy for communication, especially for a device with limited
computation capability and energy. To minimize energy and
computation costs when performing FedMeta, authors in [274]
considered an energy-efficient FedMeta framework, where a
meta-backward algorithm was proposed, to learn a meta model
with low computation and communication energy consump-
tion. In the backward manner, in the kth step, θki is computed
as

θki = θk+1
i + α∇θk

i
L(θi,Di). (130)

However, when computing in a backward manner, the term
∇θk

i
L(θi,Di) cannot be calculated. To address this issue,

∇θk
i
L(θi,Di) can be replaced by ∇θk+1

i
L(θi,Di), because

they are close to each other under smoothness assumption. In

the kth backward step, to find the optimal θki , the optimization
problem is fomulated as

min
{θi}N

i=1

N∑
i=1

(
L(θi)− L(θk,0i )

)2
, (131)

s.t. ∥θi −ψk+1∥2 ≤ δk,

where ψk+1 = 1
N

∑N
i=1 θ

k+1
i , N is the total number of tasks,

δk → 0, and

θk,0i = θk+1
i + α∇θk+1

i
L(θk+1

i ,Di). (132)

Obviously, based on the constraint in (131), we need to find
the optimal θki which is close to the average weight ψ among
all tasks. To do so, a projection gradient descent (PGD) is
introduced to solve the problem in (131). Note that PGD is
a standard way to solve constrained optimization problems
[275], [276]. The projection problem for the ith task is written
as

min
θk
i

1

2
∥θki − θk,0i ∥2, (133)

s.t. ∥θki −ψk+1∥2 ≤ δk.

The Lagrangian function of (133) is denoted as

L(θi,ψ, µ) =
1

2
∥θki −θ

k,0
i ∥2+µ(∥θki −ψk+1∥2−δk). (134)

Using KKT conditions, we can solve the problem in (133).
The proposed meta-backward algorithm is computationally
efficient, as it has a closed-form solution calculated by KKT
conditions in each iteration.

C. Convergence Analysis of FedMeta

For FedMeta methodologies, authors usually derive the
upper bound of {L(θT )−L(θ∗)} and ∥∇f(θ∗)∥ of FedMeta
and ADMM-FedMeta for convergence analysis, respectively.
Except from the basic assumptions 1 - 4 introduced in Section
III, another assumption is introduced in the following.

Assumption 6. Each loss functions Ln(θ) is µ-strongly
convex for any θ and θ

′
:

⟨∇Ln(θ)−∇Ln(θ
′
),θ − θ

′
⟩ ≥ µ∥θ − θ

′
∥2, (135)

where µ is a positive constant. The upper bound of {L(θT )−
L(θ∗)} of FedMeta in [257] is derived as

L(θT )− L(θ∗) ≤ ξT [L(θ)− L(θ∗)] + G(1− αµ)

1− ξT0
h(T0),

(136)
where α is learning rate, G is defined in assumption 3, ξ is
a constant determined by learning rate, µ, and L defined in
assumption 2, T0 is the duration of one local update step,
and T = NT0 is a fixed duration given the number of
local update steps N . The term G(1−αµ)

1−ξT0
h(T0) captures the

error introduced by both task dissimilarity and multiple local
updates through the function h(T0). In (136), h(T0) indicates
how the task similarity and T0 impact the convergence per-
formance, namely, given a fixed duration T , the convergence
error decreases with the task similarity while increasing with
the number of local update steps when T0 is large. Therefore,
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the platform-based FedMeta is able to balance between the
platform-edge communication cost and the local computation
cost by controlling the number of local update steps per
communication round, depending on the task similarity across
the edge nodes. Furthermore, for the convergence analysis of
ADMM-FedMeta in [258], it is proved that θt has at least one
limit point and each limit point θ∗ has a stationary solution,
namely, ∥∇f(θ∗)∥ = 0.

Note that there are no research works obtained the theoret-
ical convergence analysis of FedMeta with device selection,
resource allocation, and energy consumption over wireless
networks.

D. Summary and Lessons Learned
In this section, we have reviewed three research directions

of FedMeta methodologies and two research directions of Fed-
Meta over wireless networks. We summarize the approaches
along with references. From this review, we gather the follow-
ing lessons learned:

• FedMeta is the integration of FL with meta learning,
which not only guarantees user privacy but also quickly
adapts to multiple tasks. However, for scenarios with
plenty of tasks, optimizing a meta-learner for each task
and frequently delivering local and global models be-
tween servers and devices lead to high computation and
communication latency.

• Given that FedMeta is a specialization of FL, FedMeta
has all the challenges that exist in FL, plus additional
challenges. The key challenge is how to effectively train
models across multiple devices. Architecture challenge
includes whether it is possible to use a peer-to-peer
architecture. Another challenge would arise if the system
should not only focus on the globally best algorithm for
a task (an entire dataset) but if per-instance algorithm
selection should be learned. This would make the whole
system even more complex.

• For the research works we have discussed in this section,
a large number of devices participating in FedMeta results
in lower convergence rate, higher communication latency,
higher energy costs, and system heterogeneity than that
of FL and meta learning. Device selection and energy-
efficient FedMeta cannot achieve significant effective-
ness. Therefore, the trade-off between the local model
updating and global model aggregation in FedMeta to
minimize the convergence time and energy cost from a
long-term perspective needs to be investigated. Also, how
to characterize the convergence properties and commu-
nication complexity of FedMeta over wireless networks
requires further research.

VIII. IMPLEMENTATION PLATFORMS

In this section, implementation platforms of FL, meta learn-
ing, and FedMeta are introduced.

A. FL Platforms
Based on the introduced research works of FL methodolo-

gies and their applications over wireless networks, several plat-
forms for FL are constructed, which are PySyft, TensorFlow

Federated (TFF), Federated AI Technology Enabler (FATE),
Tensor/IO, Functional FL in Erlang (FFL-ERL), CrypTen, and
LEAF.

• PySyft: PySyft is an open-source multi-language library
enabling secure and private machine learning by wrap-
ping and extending popular deep learning frameworks
such as PyTorch in a transparent, lightweight, and user-
friendly manner. Its aim is to both help popularize
privacy-preserving techniques in machine learning by
making them as accessible as possible by Python bindings
and common tools familiar to researchers and data scien-
tists, as well as to be extensible such that new FL, Multi-
Party Computation, or Differential Privacy methods can
be flexibly and simply implemented and integrated [277].
PySyft decouples private data from model training, using
FL within PyTorch.

• TFF: TensorFlow Federated (TFF) is an open-source
framework for machine learning and other computations
on decentralized data. TFF has been developed to facil-
itate open research and experimentation with FL. TFF
enables developers to use the included federated learning
algorithms with their models and data, as well as to
experiment with novel algorithms. The building blocks
provided by TFF can also be used to implement non-
learning computations, such as aggregated analytics over
decentralized data [278].

• FATE: FATE is an open-source project initiated by
Webank’s AI Department to provide a secure computing
framework to support the federated AI ecosystem. It im-
plements multiple secure computation protocols to enable
big data collaboration with data protection regulation
compliance [279]. Furthermore, FATE is able to support
various FL architectures and ML algorithms.

• Tensor/IO: Tensor/IO is a platform that brings TFF to
mobile devices such as iOS and Android [280]. Although
this platform cannot implement any ML algorithms, the
platform cooperates with TFF to ease the implementation
and deployment of ML algorithms on mobile phones.

• FEL-ERL: The functional programming language Erlang
is well-suited for concurrent and distributed applications,
which is suitable for establishing real-time systems. FEL-
ERL was proposed by Gregor Ulm, Emil Gustavsson,
and Mats Jirstran in [281]. They evaluated FEL-ERL
in two scenarios: one in which the entire system has
been written in Erlang, and another in which Erlang is
relegated to coordinating device processes that rely on
performing numerical computations in the programming
language C. The authors found that Erlang incurs a
performance penalty, but for certain use cases this may
not be detrimental, considering the trade-off between
speed of development (Erlang) versus performance (C).

• CrypTen: CrypTen is a new framework built on PyTorch
to facilitate research in FL [282]. There are a few benefits
to using this platform. One benefit is that CrypTen
enables machine learning researchers, who may not be
cryptography experts, to easily experiment with FL. An-
other benefit is that the platform is made with real-world
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challenges in mind. Therefore, it has the potential to be
applicable to large number of real-world applications.

• LEAF: LEAF is a modular framework for FL, multi-task
learning, meta learning, and FedMeta. LEAF was pro-
posed in [283] which allowed researchers to reason about
new proposed solutions under more realistic assumptions
than previous benchmarks. LEAF is kept updating with
new datasets, metrics, and open-source solutions to foster
informed and grounded progress in ML field.

B. Meta Learning and FedMeta Platforms

Based on the introduced research works of meta learn-
ing/FedMeta methodologies and their applications over wire-
less networks, LEAF platform has been used for these two
learning algorithms’ implementation, which has already been
introduced in the previous section. Recently, a novel meta
learning platform called Awesome-META+ is created.

• Awesome-META+: Awesome-META+ provides a com-
prehensive and reliable meta learning framework code
that can adapt to multiple domains and improve academic
research efficiency. Furthermore, it provides a conve-
nient and simple model deployment solution to lower
the threshold and promote the development of meta-
learning and its transfer fields. In addition, it provides a
comprehensive and complete information summary and
learning platform for the meta learning field to stimulate
the vitality of the meta-learning community [284].

IX. REAL-WORLD APPLICATIONS

In this section, real-world applications for FL, meta learn-
ing, and FedMeta in real scenarios are introduced.

A. FL

FL is used in Google keyboard, intelligent medical diagnosis
system, and autonomous driving vehicles.

1) Google Keyboard: Google started a project in 2016 to
implement FL among mobile devices to improve the learning
accuracy of keyboard input prediction, while guaranteeing the
privacy of users simultaneously [285]. Through developing
language models, the recommendation system is also pro-
moted. Also, it can be extended to other recommendation
applications by integrating with FL. When mobile devices send
requests, the corresponding suggestions are quickly provided
by learning models.

2) Intelligent Medical Diagnosis System: Different hospi-
tals own the electronic health records of different patient pop-
ulations and these records are difficult to share across hospitals
because of the protection of patient privacy. This creates a big
barrier to developing effective analytical approaches that are
generalizable. Fortunately, FL is able to use interconnected
medical systems to transform medical data into diagnostic
evidence to assist doctors in forward-looking diagnosis of
patients [286].

3) Autonomous Driving Vehicles: The autonomous driving
system is a complicated system with a large amount of data.
With multiple task layers from sensing, object detection, and
tracking, to external object movement intention estimation,
driving decision, and actuation, designing an autonomous man-
agement system requires real-time dynamics capturing and a
huge amount of data from devices other than itself. Traditional
centralized ML in autonomous driving aggregates large-scale
data from all devices to a central server, which results in
high computation and communication latency. Fortunately,
FL sufficiently utilizes the computing capabilities of multiple
learning agents to improve learning efficiency while providing
better privacy for vehicles. Also, FL empowers adaption to
environment dynamics, providing feature learning in different
geographical locations, weather conditions, and pedestrians
behavior dynamics [287].

B. Meta Learning

Meta learning is used in highly automated AI, natural
language processing, and robotics.

1) Automated AI: In recent years, with the increasing
amount of data, data scientists cannot address all challenging
tasks in ML due to a lack of expertise and experience in the
respective domain. Fortunately, automated AI is a data mining-
based formalism that aims to reduce human effort and speed
up the development cycle through automation. Based on the
context of automated AI, one main advantage of meta learning
techniques is that they allow hand-engineered algorithms to be
replaced with novel automated methods which are designed in
a data-driven way [288].

2) Natural Language Processing: Deep learning is one
of the mainstream techniques in the NLP area and creates
significant performance in many NLP problems. However,
deep learning models are data-hungry, which limits learning
models’ application to different NLP tasks because collecting
in-genre data for model training is costly. To address this
issue, meta learning is deployed to the NLP area to learn more
general NLP models, including better parameter initialization,
optimization strategy, network architecture, distance metrics,
and beyond [289].

3) Robotics: In the real world, a robot may encounter any
situation from motor failures to finding itself in a rocky terrain
where the dynamics of the robot are significantly different
from one to another. As a result, the ability to adapt rapidly to
unforeseen situations is one of the main open challenges for
robotics. To solve the problem, meta learning is considered,
where the robot enable to adapt to the current situation with
only a few gradient steps by using a single set of meta-trained
parameters as initial parameters [290].

C. FedMeta

FedMeta integrates the advantages of FL and meta learning,
and it can be used in autonomous driving vehicles, automated
AI, NLP, and robotics, which have been introduced in previous
sections.
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X. OPEN PROBLEMS AND FUTURE DIRECTIONS

Given the general research areas and challenges in integrat-
ing FL, meta learning, and FedMeta methodologies and their
applications over wireless networks, we discuss the remaining
research problems and future directions. The ultimate goal is to
seamlessly integrate FL/meta-learning/FedMeta with wireless
networks, resulting in a wide range of new designs ranging
from techniques for computation offloading to network archi-
tectures.

A. Federated Learning

1) FL Methodologies:
• Unreliable Model Upload: In FL, devices may deliver

low-quality local models trained by malicious data sam-
ples, which can adversely affect the learning accuracy. To
address this issue, a reputation metric can be deployed to
measure the reliability of each device, and select reliable
devices for model aggregation.

• Systematic and Model Heterogeneity: A large number
of devices and hardware specifications bring systematic
heterogeneity to FL in practical systems. Also, FL has
coupled with many different learning paradigms, which
brings model heterogeneity. To deal with systematic het-
erogeneity, multi-center FL can be considered, where the
devices with similar heterogeneity are clustered into a
group for model aggregation. Meanwhile, to deal with
model heterogeneity, one possible solution is to learn a
personalized model for each device, so-called on-device
personalization [291]. Its goal is to train a model for each
device, based on the dataset of each device.

• Imbalanced Data: FL mainly focuses on IID and non-
IID data. However, the data of real-world applications,
such as computer vision and biomedicine, follows an
imbalanced distribution [292], [293]. Imbalanced data
typically refers to a problem with classification problems
where the classes are not represented equally [294]. To
deal with this issue, a monitor scheme is integrated into
FL that can infer the composition of training data in
each FL round and detect the existence of possible global
imbalance [295].

• Unsupervised FL: Supervised FL enables multiple de-
vices to share the trained model without sharing their
labeled data. However, in real-world applications, the
observed data may be unlabeled, which could limit the
applicability of FL. To address this issue, a federation
of unsupervised learning (FedUL) was proposed in [95],
where the unlabeled data were transformed into surro-
gate labeled data for each device, a modified model
was trained by supervised FL, and the unsupervised
FL learning model was recovered from the modified
model. However, FedUL is not suitable for non-IID data.
Thus, FedUL can be further improved by integrating with
advanced FL aggregation or optimization schemes for
non-IID settings [296].

• Federated Reinforcement Learning: In FRL, rather
than just uploading and downloading models, the agents
need to exchange intermediate results and observations

between themselves or with a central server. However,
because of limited communication resources, the over-
head is high, especially with an increasing number of
agents. Meanwhile, some deep reinforcement learning
(DRL) algorithms, such as deep Q network (DQN) [297]
and Deep Deterministic Policy Gradient (DDPG) [298],
have multiple layers or networks, which contain millions
of parameters, resulting in extremely high overhead. To
solve these issues, several research directions should be
considered. First, dynamic global model methods need to
be designed to optimize the number of model exchanges.
Second, devices or agents need to exchange the important
parts of models or observations.

• Robust to Poisoned Data: FL models are usually trained
by non-poisoned data. However, in practical scenarios,
malicious servers or devices have negative effects on
model training. Although FL by itself has a certain level
of resilience against attacks, the frequent connections
between servers and devices may spread the risk over
networks and reduce the learning performance. There-
fore, how to design an FL algorithm that is robust to
poisoned data and design resilient networks for FL to
avoid spreading attacks needs to be investigated.

2) FL over Wireless Networks:

• Learning Convergence Analysis: One of the most im-
portant considerations of FL is the convergence perfor-
mance. Most existing research works in [148], [156],
[164], [299]–[301] deployed traditional optimization
methods to optimize wireless factors, such as transmis-
sion scheduling, transmission error, and energy to analyze
the convergence of FL, and assumed that the optimization
problem was convex. However, FL over practical wireless
networks may not satisfy these conditions, especially
when the optimization problems are non-convex. Also,
the performance of convergence can be affected by dy-
namic wireless channels and device mobility. To address
these issues, one possible solution is to deploy an FL
algorithm that can handle heterogeneous device datasets,
and capture the trade-off between convergence and energy
consumption of devices with heterogeneous computing
and power resources [270].

• Device Dropout: For the device selection schemes pro-
posed in [151], [302], [303], the authors assumed that the
wireless connection of each device was always available.
Nevertheless, in practical wireless systems, some devices
may become inactive due to poor connectivity and energy
constraints, namely, device dropout. Thus, they may leave
the FL process and cannot participate in model aggre-
gation, which can severely degrade the performance of
FL, such as low learning accuracy and low convergence
speed [304]. To deal with this issue, new FL algorithms
need to be designed to be robust for the network, where
only a small number of dynamic users exist for model
aggregation [305]. Also, through designing the communi-
cation protocol, devices can actively deliver local models
to the edge server when they are in good connectivity
conditions.
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• Hierarchical FL: Accuracy and latency are two main
factors for FL over wireless networks. The dynamic
wireless environment can severely affect the transmission
performance, which can lead to a low transmission rate
and high transmission errors, and further lead to high
transmission latency and low learning accuracy, espe-
cially for hierarchical FL (HFL). HFL is an architecture
that deploys FL in heterogeneous wireless networks with
three levels, including devices, SBS, and MBS [306]. In
each time slot, a set of devices are selected to train the
allocated global model using FedSGD algorithms [307],
and then the local models are transmitted to their cor-
responding SBSs to be aggregated. The MBS and SBSs
communicate with each other periodically to maintain a
central model. HFL combines the advantages of edge
FL and cloud FL. The cloud server can access more
learning models, and the edge server enjoys more efficient
communications with devices, leveraging edge servers as
intermediaries to perform partial model aggregation in
proximity, and relieve core network transmission over-
head [308], [309]. However, the disadvantages of HFL are
that the cloud may have excessive communication over-
head and high latency, especially when a large number
of devices and edge servers exist in wireless networks.
One possible solution is to consider the joint design of
device clustering, asynchronous FL, and communication
efficiency, and use DRL algorithms to select optimal edge
servers and devices for model aggregation in different
time slots [310].

• Cooperative Edge Computing for FL: When perform-
ing FL in a network with multiple edge servers, if there
is only a small number of mobile devices exist, only one
edge server can be selected for model aggregation, which
can save computation resources and energy for other edge
servers. If the mobile device is far away from the active
edge server, the learning model downloading/uploading
can be done in Device-to-Device (D2D) connections.
However, when a large number of mobile devices exist,
selecting only one edge server for model aggregation can
lead to high overhead and workload. Thus, multiple edge
servers should be active for model aggregation. In this
case, mobile devices need to select the optimal edge
servers for model aggregation, and active edge servers
should further select one edge server for global model
aggregation.

• Fully Decentralized FL: Fully decentralized FL is usu-
ally used in a scenario with no servers or there is a failure
or an attack on the server. Model weights are transmitted
by D2D communication. There are no research works
considering how wireless factors, such as transmission
power, wireless channel, and spectrum resource alloca-
tion, affect the convergence rate and learning accuracy
of fully decentralized FL. Meanwhile, because of limited
communication resources in D2D transmission, how to
select proper devices for model sharing still needs to be
investigated.

B. Meta Learning

1) Meta Learning Methodologies:
• Non-stationary Data Distribution: When a new task

does not exist in the experience buffer, meta learn-
ing cannot guarantee learning convergence and accu-
racy [311]. Meta learning also requires a large num-
ber of task datasets. Usually, authors assume that tasks
are independently and identically distributed [312], and
do not consider non-stationary distribution. If the task
datasets change dynamically and do not have the same
distribution, meta learning cannot adapt to the variation
efficiently. Thus, it is difficult for meta learning to address
complex datasets. One potential way to solve this issue
is to propose a meta learning algorithm that is robust to
tasks with a non-stationary distribution.

• Robustness for Meta Learning: Most meta learning
algorithms are trained and tested using a small number of
benchmark datasets, which means that the characteristics
of datasets used for training are close to the datasets for
testing. Thus, to the best of our knowledge, there are no
meta-learning frameworks that not only can quickly adapt
to new tasks with the help of prior experience, but also
are robust to bad data samples, e.g. mislabeled data or
outliers.

• High Computation Costs: Meta learning has the ability
to wide the applicability of deep learning algorithms
to more real-world domains. Consequently, increasing
the generalization ability of meta learning algorithms is
quite important. Although meta learning can learn new
tasks quickly, meta training can be quite computation-
ally expensive. Therefore, how to decrease the required
computation latency and memory costs of meta learning
remains an open challenge.

• Theoretical Convergence Analysis: Except for the theo-
retical convergence analysis of MAML, the convergence
theory of other metric-based, model-based, and gradient-
based meta learning algorithms is not derived. Therefore,
detailed convergence analysis of meta learning is need
still to be investigated.

2) Meta Learning over Wireless Networks:
• Theoretical Analysis of Wireless Factors in Meta

Learning: It is possible that meta learning involves train-
ing a large number of meta learners, which requires much
more communication demand than traditional learning
approaches, especially when the number of tasks or
meta learners increases exponentially. Thus, factors of
the dynamic wireless environment, such as channel state
information, transmission error, transmission energy, and
computation capability of each device, can affect the
performance of meta learning, and how these factors
affect the performance of meta learning should be studied.

• Efficient Task Training: Plenty of tasks may exist in
wireless networks corresponding to a large number of
devices. Thus, how to effectively sample tasks to train
meta learning to satisfy the requirements of all devices
and adapt to new tasks from the dynamic environment
are of utmost importance.
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C. Federated Meta Learning

1) FedMeta Methodologies:
• Privacy for FedMeta: In current FL, the shared global

model still includes all devices’ privacy implicitly, while
in FedMeta, a meta-learner is shared. Thus, whether
FedMeta has additional advantages in protecting device
privacy from the model attack perspective [313]–[316]
still needs to be explored.

• Efficient FedMeta: Incorporating the experience replay
and parameter isolation approaches into the proposed
ADMM-FedMeta in [258] may further mitigate the catas-
trophic forgetting. In addition, although ADMM-FedMeta
can be directly applied to reinforcement learning, it may
result in low sample efficiency. Thus, it is essential to
develop efficient collaborative reinforcement learning for
FedMeta.

2) FedMeta over Wireless Networks:
• Multi-Model FedMeta: When a large number of tasks

and devices exist in wireless networks, the overhead can
be extremely large, which severely affects the transmis-
sion quality, increases the transmission latency, and may
decrease the learning accuracy. To deal with these issues,
one potential solution is to consider multi-model Fed-
Meta, where devices are clustered into multiple groups,
aggregate meta models in advance, and transmit them to
the server for further aggregation. Thus, the possibility of
multi-model FedMeta needs to be further investigated.

• Theoretical Analysis of Wireless Factors in FedMeta:
Also, with a large number of tasks and devices existing in
wireless networks, how to characterize the convergence
properties and communication complexity of FedMeta
considering factors of wireless networks, such as channel
state information and transmission error, require further
study.

XI. CONCLUSIONS

In this paper, we presented a comprehensive tutorial on
the research evolution on FL, meta-learning, and FedMeta
methodologies and their applications over wireless networks.
We introduced the design, optimization, and evolution of
these three learning approaches, providing a detailed litera-
ture review and identifying future research opportunities. By
examining the advancements and challenges in FL, meta-
learning, and FedMeta, we aimed to provide valuable insights
and guidelines for optimizing, designing, and operating these
learning algorithms in future methodologies and wireless net-
works, particularly in the context of emerging 6G networks.
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