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Abstract—To process and transfer large amounts of data in
emerging wireless services, it has become increasingly appealing to
exploit distributed data communication and learning. Specifically,
edge learning (EL) enables local model training on geographically
disperse edge nodes and minimizes the need for frequent data ex-
change. However, the current design of separating EL deployment
and communication optimization does not yet reap the promised
benefits of distributed signal processing, and sometimes suffers
from excessive signalling overhead, long processing delay, and un-
stable learning convergence. In this paper, we provide an overview
on practical distributed EL techniques and their interplay with ad-
vanced communication optimization designs. In particular, typical
performance metrics for dual-functional learning and communica-
tion networks are discussed. Also, recent achievements of enabling
techniques for the dual-functional design are surveyed with exem-
plifications from the mutual perspectives of “communications for
learning” and “learning for communications.” The application of
EL techniques within a variety of future communication systems
are also envisioned for beyond 5G (B5G) wireless networks. For the
application in goal-oriented semantic communication, we present
a first mathematical model of the goal-oriented source entropy
as an optimization problem. In addition, from the viewpoint of
information theory, we identify fundamental open problems of
characterizing rate regions for communication networks support-
ing distributed learning-and-computing tasks. We also present
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technical challenges as well as emerging application opportunities
in this field, with the aim of inspiring future research and promoting
widespread developments of EL in B5G.

Index Terms—Artificial intelligence (AI), deep learning (DL),
edge learning (EL), federated learning (FL), multi-agent re-
inforcement learning (MARL), communication optimization,
Internet-of-Everything (IoE), beyond 5G (B5G).

I. INTRODUCTION

A. Motivation of Edge Learning

OWING to the massive amount of data traffic for the role-
out of the Internet-of-Everything (IoE), machine learning

(ML) is envisioned to be an important technology to facilitate the
evolution of beyond 5G (B5G) wireless networks [1]. Traditional
ML methods need to centrally train data on a specific data cen-
ter [2], [3], [4], [5], [6], [7]. However, due to privacy concern and
shortened wireless communication resource to support extensive
data transfer, edge devices can hardly transmit the data that
they have collected to a data center for executing centralized
ML algorithms for data processing. This has triggered the fast-
growing research field, namely edge learning (EL), which deeply
integrates two main directions: wireless communications and
ML. Advances in EL are widely expected to provide a platform to
implement edge artificial intelligence (AI) in B5G networks [8],
[9], [10], [11], [12], [13].

B. Edge Learning in B5G Networks

The EL framework allows distributed implementation of ML
algorithms over numerous edge devices that are controlled
through multiple wireless servers to collaboratively train mas-
sive AI models utilizing local data and distributed proces-
sors, e.g., central processing units (CPUs) and graphic pro-
cessing units (GPUs) [14], [15]. Compared with distributed
ML, EL refers to that multiple edge devices cooperatively
train the ML model implemented over edge networks. The
process of EL necessitates the download and upload of large-
dimension ML parameters as well as their frequent updates
among multiple edge devices. These new paradigms are ex-
pected to generate enormous data traffic, which can impose
heavy burden to the already congested wireless communication
networks [16]. This challenging issue cannot be addressed by
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using current wireless techniques aiming at capacity maximiza-
tion, as they are decoupled from ML. Realizing the goal of
EL with high communication efficiency requires advanced tech-
niques of new distributed signal processing and wireless tech-
niques that seamlessly integrate communications and learning
approaches.

The deployment of EL in B5G networks leads to dual-
functional performance metrics for both learning and commu-
nication. On the one hand, the EL framework requires frequent
parameter exchanges among edge devices and a central aggre-
gator through capacity-limited wireless links. Wireless com-
munication resource allocation, such as beamforming design,
power control, user scheduling, and resource block allocation,
can be optimized to improve the dual-functional performance
metrics to facilitate learning [8], [9], [17]. On the other hand,
the spectral and energy efficiency optimization of B5G networks
often results in less tractable nonconvex resource allocation
problems due to interference [2], [18]. Traditional signal pro-
cessing algorithms relying on a local search usually guarantee a
sub-optimal solution and centralized learning techniques suffer
from high communication signaling overhead and long delay.
Thus, EL, in the form of distributed reinforcement learning
(DRL), represents an elegant and efficient mechanism to enable
distributed optimization procedure to approach the optimal so-
lution of these problems while requiring only limited overhead
under stringent delay constraints.

C. Focus and Structure

There have been some recent surveys on related topics. For
instance, in [19] the opportunities and advantages of distributed
and centralized ML algorithms were discussed from the view-
point of computer science. Moreover, the authors in [20], [21],
[22] covered the technical issues and recent progress of a specific
EL framework of federated learning (FL), which is another
technique of realizing EL. Additionally, possible architectures
of EL over wireless communication networks were summarized
in [10], [23]. Compared with these works [10], [19], [20],
[21], [22], [23], the main focus of this paper is to provide a
comprehensive overview of state-of-the-art signal processing
techniques for EL over B5G networks.

We aim to gather recent contributions that address key chal-
lenges of applying EL techniques to understanding and design-
ing upcoming B5G networks from the viewpoint of joint learning
and communication. In particular, our objectives are two-fold: 1)
pinpoint main EL techniques that can be adopted for developing
B5G, and 2) provide the key open problems in B5G raised in the
applications of EL methods.

In addition to providing a comprehensive survey of EL tech-
niques for B5G networks, the main contributions of this paper
are summarized as follows.
� We provide a general overview of major ML techniques and

point out EL architectures from the perspective of network
topology. We further introduce various applications of EL
techniques in wireless communications, as well as their
benefits, from the aspects of fundamental privacy concerns,
security guarantees, and performance improvement.

� We introduce the interplay between EL techniques and
wireless communication resource allocation. In particu-
lar, dual-functional performance metrics are discussed for
both learning and communication. A series of performance
measures, e.g., privacy, and tradeoff, e.g., accuracy versus
latency, of EL systems are introduced. We further provide
a holistic overview of key optimization methods for EL.
Convergence and signaling overhead of these methods are
compared and discussed in depth.

� We present recent advances on distributed signal process-
ing techniques for emerging application scenarios, includ-
ing semantic communication, non-terrestrial networks, and
holographic beamforming. In each application scenario,
we demonstrate potential gains of state-of-the-art signal
processing techniques in terms of the dual-functional met-
rics.

� We point out open problems and challenges in implement-
ing EL over B5G IoE wireless networks. Open problems
are discussed in the view of information theory. Archi-
tecture challenges and research opportunities with new
applications are further elaborated.

In the rest of this paper, we first provide an overview of EL
techniques from the viewpoint of joint learning and commu-
nication in Section II. Then, in Section III, interplay between
EL and wireless communication systems is introduced in de-
tail, including dual-functional performance metrics and typical
optimization frameworks. Emerging applications of EL in B5G
networks are further discussed in Section IV. Finally in Section
V, open problems and challenges are pointed out before the
concluding remarks in Section VI. The structure of this paper
is summarized in Fig. 1. Meanwhile, in Table I, we list the key
acronyms about ML used in this paper.

II. EDGE LEARNING TECHNIQUES

The main task of EL is to deploy ML algorithms at net-
work edges such that highly-distributed real-time data generated
by edge devices can be used for fast and cost-effective AI
training [24]. In this section, we provide a general overview
of major ML techniques and then introduce ML architectures
from the perspective of network topology, with special focus on
distributed EL. Typical EL training methods including FL, split
learning (SL), and multi-agent reinforcement learning (MARL).
The interplay of those EL methods with wireless communi-
cations is also briefly discussed to highlight the necessity of
communication theory for EL in turns of its fundamental privacy
concerns, security guarantees, and performance improvement.

A. General Overview of Machine Learning

In definition, ML methods refer to a set of algorithms that
make decisions, inferences, or predictions based on observed
data [25]. An ML problem can be generally divided into two
phases: a training phase and an inference phase. The training
phase is used for training particular ML models by utilizing a
large amount of data and specific ML algorithms. The output of
the training phase is a trained model. As for the inference phase,
the trained model is deployed to support real-world applications,
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Fig. 1. Structure of this paper: An overview of the main results and topics.

TABLE I
KEY ACRONYMS IN LEARNING

taking new data as input and yielding corresponding inference
results. Training an ML model requires some form of feedback to
guide the learning process. According to the types of feedback,
ML algorithms are usually divided into four paradigms including
supervised learning, unsupervised learning, semi-supervised
learning, and reinforcement learning [19].

For supervised learning, the training data set contains both
inputs and labelled outputs. Supervised learning algorithms
learn the underlying mapping between the inputs to the outputs.
The outputs are also known as (a.k.a.) labels which provide
supervised feedback.

For unsupervised learning, the training set contains only in-
puts without labelled outputs. Unsupervised learning algorithms
aim to learn functions that describe intrinsic structural character-
istics of the data. Unsupervised learning algorithms have been

widely used, for instance, for dimensionality reduction and data
clustering [26].

Semi-supervised learning assigns known labels to unla-
beled data, e.g., via clustering, under the assumption of la-
bel sharing among similar data. In order to minimize the
requirement of manual labeling, semi-supervised learning
adopts a small labeled dataset and a large amount of un-
labeled data, which is more economical than fully super-
vised learning methods, while often achieving comparable
performance.

Reinforcement learning, different from the above three
paradigms of learning, takes its feedback in the form of a reward
function, which is designed to evaluate the states of a given
environment. An RL algorithm learns by using agents taking
actions based on the observations from the environment.

Along with these mature learning paradigms, a successful
ML algorithm also requires massive data and computing power
for effective learning. Historically, conventional ML algorithms
were limited by computing power and the amount of data.
As such, shallow structures were used in ML to limit model
complexity. Such shallow structures mostly relied on effective
features selected or extracted by human experts, which restrict
their learning power in challenging problems, e.g., computer
vision and natural language processing [27].

Benefiting from developments of high-performance comput-
ing hardware and exponentially growing volume of data, it has
become now possible to train and deploy more complicated
deep structures, e.g., deep neural network (DNN). One rep-
resentative branch of ML, namely deep learning (DL) [28],
leverages data-driven feature extraction with deep structures
of neural networks to achieve performance that approaches, or
even surpasses, human skill on tasks such as image classifica-
tions [29], machine translations [30], and gaming [31]. In ad-
dition, DL with powerful feature extraction ability has recently
been applied to wireless communications and IoE applications,
e.g., physical-layer authentication [32], [33], [34], channel state
information (CSI) compression [35], [36], [37], signal detec-
tion [38], [39], [40], [41], and transceiver optimization [42],
[43]. However, the increasing complexity of DL applications
poses new challenges toward practical system deployments due
to computing and storage limitations, especially in processing
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Fig. 2. Three typologies of distributed ML architectures.

centralized networks with exogenous data from massive nodes,
and thus requiring frequent communications.

B. Architectures for Machine Learning

The complexity of DL has raised an unprecedented growth in
demanding computing power and storage resources. There are
two main approaches to supply resources to an ML system: 1)
scale-up, i.e., allocating more computing and storage resources
to a single commodity server, and 2) scale-out, i.e., involving ad-
ditional compute-capable nodes in the system. Since the growth
of data processing requirement of DL training has far exceeded
the development of computing power, scale-out has become a
more economical option, motivating ML systems to evolve from
a centralized implementation to a distributed realization. In the
following, we introduce the architectures of both centralized and
distributed ML systems from the perspectives of both system
topology and parallelization.

a) Topology: Begin with topology, i.e., the organization of
the compute nodes within a learning system. Fig. 2(a) depicts
a typical client-server topology where a single central server is
the only compute-capable node. Data collected from clients are
first uploaded to the central server. The central server stores and
processes the data. Then, the server returns inference results to
the clients. Due to the need for centralized processing of the data,
long latency and large transmission costs are incurred when the
communication links between clients and the server have low
capacity, or when the clients and server are topologically distant
in the network. Furthermore, constraints in computing power
and storage resource of the central server brings challenges
when centralized learning is used to support the training of
sophisticated models based on extensive datasets. To address
these challenges, distributed ML systems have been proposed.
We summarize three types of topologies for developing dis-
tributed ML according to the degrees of being distributed as
characterized in [19].

Centralized learning architecture, a star-like topology, refers
to a distributed ML system with a strict hierarchical structure and
a central aggregation server. Besides the client-server architec-
ture in Fig. 2(a), another representative learning architecture is

ensemble learning [44], which is shown in Fig. 2(b). In ensemble
learning, the model training of each node adopts its local data,
and the results from the local models are then aggregated on a
centralized server using ensemble methods to calculate a global
result. This topology, illustrated in Fig. 2(a)-(b), is easy to deploy
and maintain, and is especially suitable for settings where data
is scattered across different regions and data interactions are
costly. However, due to the use of local data, the performance
of the model on a single node is often unsatisfactory and global
calculation are critical for the inference, which results in large
latency.

Decentralized learning architecture includes multiple “cen-
tral” servers and can shape in various topologies, e.g., tree
topology, ring topology, and a mixture of both, allowing in-
formation aggregation at different levels to synchronize model
parameters, as shown in Fig. 2(c). Decentralized learning ar-
chitectures, e.g., AllReduce [45] and Parameter Server [46],
[47], [48], have been widely used for large-scale training of
DL algorithms. In AllReduce, the topology of compute nodes
forms a tree structure. Each children node in the tree computes
local gradients, aggregates them, and transmits the aggregated
gradients to its parent node to complete the gradient calculation.
Parameter Server is the prototype of FL [14] and implements
local computation and global parameter sharing through a set
of worker nodes and a set of master nodes. The advantage of
Parameter Server is that global data knowledge sharing can
be achieved without transferring raw data from local storage.
However, the requirement for global model synchronization
leads to distributed acceleration bottlenecks. For example, when
the computing power of the worker nodes is unbalanced or
the worker nodes are heterogeneous, the time consumption for
global model synchronization depends on the slowest compute
node, resulting in computation idleness of the faster compute
nodes.

Distributed learning architecture, a mesh topology, is gener-
ally composed of multiple independent compute nodes, with
no role differences in the topology and using point-to-point
communications, see Fig. 2(d). All the nodes own a copy of the
model and altogether build a complete solution. This architecture
has obvious advantages over the centralized counterpart in terms
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of scalability and elimination of single points of failure (SPoF).
The challenge is that it results in an extremely high data volume
to be transferred for model synchronization.

The purpose of distributed ML architectures is to offload
computing requirements to multiple compute nodes while con-
sidering the communication overhead of model synchronization
and data transmission, thereby reducing service latency and
computing idleness. However, when distributed ML is deployed
on wireless devices, limited wireless resources causes additional
challenges to learning, such as higher data aggregation error and
delay.

b) Parallelizations: Another perspective for the design of
distributed learning systems is parallelization. In essence, there
are two distinct ways, i.e., data parallelism and model paral-
lelism, to split an ML problem across compute nodes [27].

Data parallelism uniformly distributes data to all compute
nodes Based on the assumption of independent and identically
distributed (i.i.d.) data. Additionally, all the nodes share the
same algorithmic model through centralization or replication
to process different subsets of the data. This design naturally
guarantees that the computing process of the model is consistent
with its centralized counterpart.

Model parallelism splits the ML model into multiple submod-
els, each of which is deployed on a compute node, such that each
node has an accurate copy of the complete data. However, this
approach is unsuitable for ML algorithms with non-separable
parameters. Note that the two types of parallelizations are not
mutually exclusive and they can be used simultaneously in a
distributed ML system for flexible deployment.

C. TRAINING OF EDGE LEARNING

1) Federated Learning

FL is a distributed collaborative AI method first proposed
by Google in 2016 [49], [50], [51]. The main idea of FL is
to establish a global ML model based on distributed datasets,
where the devices send their local models to the central server
without sharing any raw training data. In general, an FL system
consists of two main entities: a central server and a set of clients,
denoted by N [22]. Each client n ∈ N owns a local dataset
Dn = {Xn,Yn}, where Xn is the feature space vector of client
n and Yn is the associated label matrix. For each episode, a
subset of clients C ⊆ N is chosen to participate in the federated
training process. Each client c ∈ C utilizes its local dataset to
independently train and update local gradients. The trained local
gradients are then uploaded to the central server for updating
the global model. The central server synchronizes the global
model, i.e., the weight matrix W of a neural network, to all
participating clients in C. In the training process of FL, the
federated optimization objective is formulated as

minimize
W

F (W) =
C∑

c=1

sc
s
fc(W), (1)

where sc = |Dc| is the cardinality of Dc, s =
∑

c sc is the total
number of data samples used in the training, C = |C| is the
cardinality of C, and fc(·) is the local loss function of client c,

Fig. 3. Architecture for FL.

which is given as

fc(W) =
1

sc

∑
i∈Dc

l(W;xi, yi), (2)

where l(·) is a metric function evaluating the loss, which depends
on the underlying learning model. The FL process is repeated
until the model reaches a desired accuracy [52], [53]. An illus-
tration of the federated training procedure of FL is shown in
Fig. 3.

A training dataset consists of the sample space, i.e., the data
identity document (ID) space, the feature space, and the label
space. According to the distribution of dataset, FL is classified as
horizontal FL (HFL), vertical FL (VFL), and federated transfer
learning (FTL), as compared in Fig. 4. The HFL is a sample-
based FL, where the clients share parts of a feature space, but
have different sample spaces, shown in Fig. 4(a). A typical use
case of HFL is voice assistants for smart homes [54], in which
users issue the same instruction (feature) with different types
of voice (samples). The VFL is a feature-based FL, as shown in
Fig. 4(b), where the clients share the same data sample space, but
have different feature spaces, e.g., regarding a user access control
problem in a wireless access network, where a group of users
(samples) frequently access and switch between base stations
(features) [55]. Both HFL and VFL may be ineffective when
the overlap of data sample space and feature space is marginal
for the clients, e.g., in wearable healthcare [56]. As a remedy,
FTL is designed for addressing the issues in these use cases [57].
For instance, different physical characteristics and daily activity
patterns (feature) of different users (sample) can be transfered
to learn to develop personalized healthcare plans, where FTL
applies.

Distributed architecture of FL effectively guarantees both data
locality and privacy, reduces the communication cost and latency
caused by data offloading, and provides high learning quality.
Specifically, FL allows devices to collaboratively train a global
model without sharing personal data. Different from collecting
all data to train a model by centralized ML methods, FL meets
the requirement for data privacy and security provision [58]. For
example, in [59], FL was applied to guarantee privacy protection
and security resistance to participating devices. Furthermore,
large offloading latency is avoided in FL, since it does not need
to offload raw data to the central server. In particular, for edge
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Fig. 4. Classification of FL. (a) Horizontal FL (b) Vertical FL (c) Federated transfer learning.

devices with insufficient computing power, distributed training
of FL significantly reduces model training latency [20], [60].
Additionally, by collecting large and diverse datasets from many
devices, FL also improves the convergence rate of training and
obtains an accurate global model [61]. As such, edge devices
with insufficient local data also benefit from the collaborative
training of FL.

Despite its various advantages, personalization-related FL
systems raise the following unique challenges that are different
from the cloud data center-based learning model [62]. A growing
body of recent researches, e.g., [14], [50], [58], [63], [64], [65],
[66], [67], [68], [69], have developed effective methods to deal
with these challenges.
� Communication cost: The distributed training architecture

of FL comes with frequent exchanges of model param-
eters between the central server and clients, resulting in
high communication cost [70]. Model compression can be
used to reduce the handover load in each communication
round [14], while the required number of communication
rounds can be minimized by using techniques such as the
federated average approach in [50]. Exchange of only im-
portant gradients, the importance-based updating in [63],
is another potential approach for the cost reduction.

� Statistical heterogeneity: In wireless edge networks, it is
often unrealistic to assume that edge devices generate i.i.d.
datasets of similar sizes. Often local data do not follow the
same distribution as that of the overall data [71]. In prac-
tice, cross-device collaborative learning architectures of FL
with non-i.i.d. local data leads to statistical heterogeneity.
In [64], it was found helpful to address the statistical
heterogeneity by embedding the notion of personalization
in FL to capture non-specific aspects. Also, in [65], [66],
a multi-task learning framework was proposed to address
the heterogeneity challenge.

� System heterogeneity: FL in IoE systems often involves
numerous devices, such as smart phones, laptops, and
wearable devices, with different computing power, storage
capacity, and battery lifetime. Since the update efficiency
of gradient update per training round is determined by
the device with the most constrained capability [72], it is
therefore inefficient, sometimes even intractable, to con-
sider all clients in each update round. This synchronously
distributed training pattern of FL leads to the challenge
referred to as system heterogeneity [73]. As a part of the

solution, a subset of clients are randomly or deterministi-
cally scheduled to perform distributed training per update
round [50], [67].

� Privacy concern: Although in FL nodes do not reveal their
local data to the others, there still are security and privacy
vulnerabilities at both the central server and clients [74],
[75]. This issue may prevent widespread adoption of FL
in many wireless IoE applications, e.g., vehicle-to-vehicle
(V2V) communication, healthcare, and smart home. Re-
cent studies have demonstrated that the process of model
sharing and update in FL poses a potential threat of infor-
mation leakage and privacy violations [76]. Furthermore,
malicious attackers can infer individual private information
of clients by observing the transmitted gradients. In order to
protect privacy, a secure multiparty computation algorithm
was proposed for FL in [58]. Also, in [68], [69], the addition
of noise to raw data and the use of differential privacy (DP)
methods were shown effective in privacy protection.

2) Split Learning

Unlike FL, where clients and the server need to train a full ML
model, split learning (SL) is another distributed ML method,
where the clients and server only need to train a part of the
entire model. In SL, neither raw data nor the model architecture
and weights are shared among clients and the server such that
they cannot access other’s models [77]. Concrete differences
between FL and SL are compared in Table II. The crux of SL
is to split the entire neural network into parts and deploy the
split parts on clients and server respectively. Each client device
retains a part of the neural network, and the network parts of
all devices constitute a complete model [77]. Importantly, the
splitting strategy significantly affects the learning performance.
In general, there are three levels of network splitting for SL [78].
A basic process of SL includes splitting the network and training.
The network is first split into two parts. The first part, denoted
by Nc, lies in a client, and the other part, denoted by Ns, is
located on the server. There is a boundary layer between the two
parts, called a cut layer. The client inputs the source data into
Nc to execute forward propagation and outputs Cout at the cut
layer. Cout and the label are sent to the server as the input of
Ns. Gradients are calculated using the transmitted labels and are
backpropagated to the client. These steps are repeated until the
model converges. An extension of this basic SL is to networks
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TABLE II
COMPARISON OF CENTRALIZED LEARNING AND DISTRIBUTED EL

with multiple clients, where each client has a different partial
network that produces different outputs at the cut layer. The
gradients are calculated and backpropagated in the same way
as the basic SL, and multiple clients can cooperate to complete
the target task without sharing the raw data. Both of the basic
SL and the extended SL methods need the clients and server to
share labels. A configuration that does not require label sharing,
called U-shaped SL configuration, was proposed in [78].

SL enjoys many advantages over traditional DL methods.
Especially for applications in wireless communications, vig-
orous development of IoE has caused a surge in the number
of mobile devices generating massive data. Due to limited
computing power of most IoE devices, we usually integrate all
data to the server for centralized ML, which however causes
potential information leakage and increases processing delay. In
SL, the server is prevented from accessing client’s network and
data, which protects privacy to some certain extent. Meanwhile,
SL distributes the training tasks and thus eases computational
burden on clients. In addition, SL does not share the raw data,
thus reducing the communication bandwidth required for infor-
mation exchange. In [79], it has been experimentally verified
that SL achieves better accuracy and faster convergence than FL
when data distributions at multiple clients are imbalanced.

Thanks to these advantages, SL has been used in wireless
networks for millimeter-Wave (mmWave) communications [80],
[81], unmanned aerial vehicle (UAV) networks [82], mobile edge
networks [83], etc. In [80], a distributed multimodal ML frame-
work, called multimodal split learning (MultSL), was proposed
to improve the accuracy of mmWave received power prediction
while protecting privacy. In this framework, a convolutional long
short-term memory (LSTM) neural network is split into two
segments which are, respectively, deployed in the user equip-
ment (UE) and the base station (BS). The UE, with a camera
collecting images, extracts image features through one part of
neural network. The RF signal received by the BS is processed
by the other part of the network on its side. The features are
combined at BS to predict the received power. Since the method-
ology does not make use of raw images and RF signals, this SL
method boosts privacy. This approach was then extended in [81]
to multiple UE cameras. The authors proposed heteromodal SL
with feature aggregation, which improved the method in [80] in
terms of both accuracy and privacy. Also, in [82], a hybrid split

and federated learning (HSFL) framework was proposed for data
analysis and inference in UAV networks. The scheduled UAVs
select SL or FL training methods according to their computing
powers. The UAV and the BS cooperatively train a part of the
DNN when the UAV chooses the SL method. It turns out that
HSFL reduces energy consumption compared to FL and split
federated learning (SFL) methods while preserving accuracy.
The idea of SL was also used to segment DNNs in mobile
edge networks and a joint model split and neural architecture
search framework was developed in [83]. This framework uses
neural architecture search method to split the DNN in mobile
edge computing (MEC) according to the computing power and
communication capacity of MEC devices. The results showed
that this splitting method achieves higher accuracy and lower
latency than the state-of-the-art methods such as MobileNet [84]
and HiveMind [85] multi-split frameworks.

3) Multi-Agent Reinforcement Learning

As a central ML paradigm, RL [86] has contributed enor-
mously to the development of AI in recent years. Specifically,
single-agent RL is mainly used to solve sequential decision
problems, which are generally modeled as Markov decision pro-
cesses (MDP). Combining RL with DNN, deep reinforcement
learning (DRL), e.g., deep Q-learning (DQL) [87], has emerged
as a powerful tool to solve resource allocation problems in many
wireless applications, e.g., [88], [89], [90], [91].

In single-agent RL/DRL, an agent centrally processes all
information from environment. However, various emerging ser-
vices, such as MEC, IoE, and industrial Internet, comes with a
growing number of user equipments. B5G networks, develop-
ing in a decentralized, self-organizing, and autonomous way,
are expected to serve massive connected devices with ultra
reliability and low latency. Single-agent RL approaches are
no longer suitable to meet these challenging requirements. To
address these challenges, multi-agent RL (MARL) generalizes
single-agent RL to settings with multiple controllers. MARL
consists of a set of physically or logically distributed agents that
can interact not only with the environment but also with other
agents to acquire optimal policies [92].

Unlike single-agent RL, MARL is usually modeled as a
Markov game (MG) or stochastic game (SG) [93]. Specifically,
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Fig. 5. Interaction between environment and agents in distributed MARL.

an SG can be defined by a tuple 〈N ,S,A, P,R, γ〉, where N
is the set of agents, S is the set of state spaces of all agents,
A = A1 × . . .×AN is the joint set of action spaces, An is the
action space of agent n for n ∈ N , P represents the transition
probability function from the current state S̃ ∈ S to the next
state S̃ ′, R = {r1, . . ., rN} is the set of reward functions of all
agents which depends on the actions, and γ ∈ [0, 1) denotes a
discount factor. Interactions between the environment and agents
in distributed MARL are illustrated in Fig. 5.

In each discrete time step t of MARL, every agent i selects
an action ai,t based on the current state S̃ , and receives an
immediate reward ri,t. The environment state transits to the
next state according to the action set Ã = {ai,t, i ∈ N}. Agent i
aims to find its optimal policyπ∗

i to maximize its own discounted
accumulative reward. This policy, however, depends on the joint
policy π =

∏
i∈N πi of all agents. To determine the agent’s

actions, two important functions, i.e., a state-value function and
an action-value function, a.k.a. Q-value function, are defined for
agent i as follows:

Qπi
(S̃, Ã) = E

⎧⎨
⎩

∞∑
j=0

γjri,t+j |S̃, Ã, π

⎫⎬
⎭ , i ∈ N , (3)

Vπi
(S̃) = E

⎧⎨
⎩

∞∑
j=0

γjri,t+j |S̃, π

⎫⎬
⎭ , i ∈ N , (4)

where ri,t+j is the reward of j steps after time step t of
agent i and E{·} takes the average of long-term discounted
rewards.

In distributed MARL, each agent updates its own policy
locally, but this process requires information from other agents.
As shown in Fig. 5, the agents obtain the information by
interacting with other agents or from a replay buffer that
stores the information. Then, MARL involves the interaction
among multiple agents whose rewards not only depend on
their own states, but also are affected by the other agents. A
comprehensive and reasonably-designed reward function plays
a crucial role in solving these problems. According to the

types of reward functions, MARL algorithms are classified into
three categories: fully cooperative, fully competitive, and mixed
MARL [94].

In fully cooperative MARL algorithms, all agents share the
same reward function, i.e., R1 = . . . = RN = R. Agents coop-
erate with each other to achieve the same goal. Based on the
amount of information shared between agents, there are two
types, i.e., independent MARL and collaborative MARL [23].
For independent MARL, the agents have access to their own
local information and optimize their policies independently. For
example in [95], an Independent Learner (IL) MARL algorithm
was proposed to solve a dynamic resource allocation problem
in a multi-UAV network, where the quality of service (QoS) is
defined as the reward function and each UAV is an independent
agent with only local CSI. While for collaborative MARL, the
agents can share, at least partially, information with each other.
This kind of MARL was used for trajectory design in UAV
networks [96] and task offloading in MEC [97].

In fully competitive MARL algorithms, multiple agents have
conflicting goals, and each agent desires to maximize its own
reward while minimizing the opponents’ reward. It is often de-
fined as a zero-sum MG, i.e.,

∑
i=0 Ri = 0. A typical algorithm

is Minimax-Q [98]. Note that this kind of algorithm is applicable
to scenarios with competitive players. For example in [99], a
jamming attack in a cognitive radio network used this algorithm
to maximize the spectral efficiency, where secondary users and
attackers were modeled as two opposite players with opposite
reward functions.

Mixed MARL algorithms combine the characteristics of co-
operation and competition. There is no clear restriction on the
relationship between reward functions of agents. It is generally
defined as a general-sum game. Algorithms of this type include
Nash Q-learning [100], correlated Q-learning, etc. In wire-
less networks, they are often used in heterogeneous networks.
For example, a network selection algorithm based on Nash
Q-learning was proposed in [101] for an heterogeneous net-
work where different types of networks are agents striving
to provide service for users with different requirements. Re-
ward functions of these agents were defined by network util-
ities with different expressions, depending on their serving
users.

MARL enjoys many advantages compared to single-agent
RL. Multiple agents can solve problems in a distributed and
parallel manner, which improves the efficiency of the algorithm.
Moreover, MARL is more scalable and robust compared to
single-agent RL. As each agent learns its own policy, sporadic
changes in the number of agents has little impact on the policy
learning process of other agents.

Although MARL has made considerable progress especially
in EL, there are still many challenges to be addressed toward its
deployment in real-world applications.
� Non-stationary environment: In a multi-agent system,

agents learn their policies simultaneously. Each agent has
to jointly consider both the actions of the other agents and
its own action. These interactions with other agents con-
stantly alter the environment, which makes it difficult for
all agents to obtain their optimal policies. Considering the
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distributed implementation of MARL, a frequently adopted
solution is centralized training and distributed execution
(CTDE). For example, a CTDE method was used in [88]
to optimize the power allocation in a multiuser cellular
network with MARL.

� Partial observation: In practice, an individual agent usually
has access to partial state information, which impairs their
ability to learn the globally optimal strategy. In [102],
it was shown that a consensus communication mecha-
nism with a graph network-based self-attention can effec-
tively reduce the effect of partial observation on MARL
in dynamic environment with device-to-device (D2D)
communications.

� Training approach: Many multi-agent algorithms exploit a
fully centralized or fully distributed training approach. In
the fully centralized approach, a central unit is responsible
for policy learning with data from all agents, as listed in
Table II. This approach suffers from high computational
complexity. However, fully distributed training approaches
suffer from convergence issues due to the availability of
only partial state information for training. The approach
of CTDE [103] has been proven to be more effective
than fully centralized and fully distributed training modes.
With CTDE, a centralized network uses global informa-
tion for centralized training, and the learned policy is
distributedly executed by agents with their local informa-
tion. It alleviates the challenges caused by non-stationary
environments, ensures convergence, and reduces training
overhead.

D. INFERENCE OF EDGE LEARNING

Along with the above distributed model training methods,
inference is another important component procedure of ML
by applying a pre-trained model to new data and making a
decision or prediction. Due to the concerns of data privacy,
latency, energy consumption, and unstable network connection,
centralized inference (CI) at a data center can hardly satisfy
these demanding requirements of massive edge devices. On the
other hand, executing inference locally on edge devices requires
significant computational resources, which is often impractical
in IoE.

To address these issues, recent researches have focused on
applying various techniques, e.g., sparsification, and pruning
techniques [104], [105], [106], to enable distributed inference
(DI) with improved efficiency and performance. In [105], a fuzzy
DI technique was developed to recognize objects in remote
medical videos, which obtains acceptable inference accuracy
with extremely low latency. In [106], an on-demand DI frame-
work was designed for edge devices to conduct collaborative
inference.

In ML, the stage of model training has been considered as the
most computationally intensive stage. Although computational
requirements for inference are typically lower than that for
training, it is still a huge challenge for edge devices with in-
sufficient computing capability to perform DI frequently [107].
On the other hand, as edge devices are highly heterogeneous

in terms of hardware specifications and usage scenarios, there
does not exist a universal model that fits edge devices from all
aspects, e.g., accuracy, latency, and energy consumption. To
tackle these challenges, a once-for-all network was proposed
in [108] to determine the inference model. It surprisingly fits dif-
ferent hardware conditions and latency constraints. Alternatively
in [109], an automated DNN model selection algorithm was de-
veloped for DI, which highlights the potential of learning model
selection.

E. JOINT EDGE LEARNING AND COMMUNICATION RESOURCE

ALLOCATION OPTIMIZATION

As we alluded to, there exists a symbiotic relationship be-
tween EL and wireless communications. On the one hand, EL
plays a critical role in optimizing link performance in wireless
communication systems. On the other hand, the functionalities
and performance of EL depend highly on communication abil-
ity, especially when compute nodes are connected by wireless
channels. To be specific, the design of EL architectures and
their operations should be jointly optimized under communica-
tion and on-device resource constraints [110]. Besides popular
concerns of latency and reliability, additional aspects should be
counted in the on-device constraints, e.g., energy, computation,
caching memory, and privacy. From a theoretical standpoint, a
joint learning and communication optimization paradigm pro-
vides a unified framework to fully utilize communication theory,
offer fundamental privacy and security guarantees, and reap
promised performance gains for ML at network edges [111].
Although studies on this exciting new area is in its infancy,
preliminary efforts have been devoted to fully explore the key
building blocks, principles, and applications of EL, as well
as their connections with distributed wireless communication.
We review some state-of-the-art literature on FL, RL, SL,
and DI from a joint communication and learning standpoint.
In Fig. 6, interplay and joint optimization of resource alloca-
tion for wireless communication and these EL techniques are
illustrated.

Taking FL as an example, the trade-off between learning time
and UE energy consumption and the trade-off between compu-
tation time and communication latency are of wide interest. As
a first attempt, literature [112] considered an energy-efficient
resource allocation strategy for FL by bandwidth allocation and
scheduling. In [113], by taking into account both communica-
tion resources and computing power for learning, the energy
consumption at all edge devices is minimized for training. In ad-
dition, to alleviate the “straggler effect’ where the slowest edge
device acts as a bottleneck of learning performance [114], a new
protocol for FL was advocated in [60] through joint optimization
of heterogeneous data, computing power, and communication
resources, where only edge devices with good communication
and computation qualities are chosen.

As for RL, it has been widely used for solving resource allo-
cation problems in wireless communication systems. In [115],
a multi-stack RL method was proposed for task and resource
allocation in MEC. Also in [116], a DRL algorithm was devised
for efficient training management which exhibited superiority

Authorized licensed use limited to: Weizmann Institute of Science. Downloaded on February 24,2023 at 02:25:49 UTC from IEEE Xplore.  Restrictions apply. 



18 IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 17, NO. 1, JANUARY 2023

Fig. 6. An illustration of joint EL and communication system.

in terms of both energy consumption and training latency. For
a UAV-communication system, a DRL-based collaborative op-
timization was developed in [117] for communication resource
allocation and UAV route planning, achieving real-time obstacle
avoidance.

When it comes to SL and DI, some recent studies have started
investigating their joint optimization with communications. It
has been shown in [118] and [119] that separate communication
and inference design at network edge can be highly suboptimal.
In contrast, a joint optimization of communication and inference
helps improve both the accuracy and speed of inference. Inspired
by this, a communication-efficient SL framework was proposed
in [120] to cope with the problems of limited bandwidth and
noisy time-varying channels. While in [80], SL was considered
for received power prediction for mmWave systems in a privacy-
preserving manner.

The optimization of communication resources is of significant
importance in improving the performance of EL in not only
training but also inference stages. In what follows, we will focus
on distributed optimization techniques to enable service-driven
resource allocation in B5G networks under the aforementioned
communication and on-device constraints.

III. EDGE LEARNING AND COMMUNICATION OPTIMIZATION

In this section, we investigate the interplay between EL tech-
niques and wireless communication resource allocation opti-
mization. We first introduce the performance metrics for EL
network design, capturing both learning and communication
performances. Thereafter, we provide a holistic overview of
key optimization methods for EL. Finally, we end this section
with discussions on convergence and signaling overhead of these
algorithms and methods.

A. Dual-Functional Performance Metrics for Learning

It is expected that edge networks will serve as a key enabler
for future B5G intelligent networks. Compared to conventional
centralized ML approaches that require a central controller to
train large datasets, each user terminal in EL collects its local
data for the training neural network without raw data exchange
among users, as such data is usually private and cannot be trans-
mitted completely due to limited wireless resource. In EL, all
terminals need to train a common global model collaboratively.
Implementing EL networks usually relies on data and gradient
signaling over wireless channels, which inevitably suffers from
transmission error and delay due to channel fading, thermal
noise, and co-channel interference. To mitigate interference and
cope with fading effects, it is important to investigate optimizing
EL design over wireless channels with limited resource for com-
munications. Various schemes have been proposed to solve these
difficulties in EL under wireless communication constraints,
aiming to improve the learning performance in terms of model
accuracy, convergence, privacy protection, and network security,
as summarized in Table III.

1) Accuracy and Convergence: Similar to traditional ML
networks, model accuracy and convergence are important as-
pects of EL optimization. Especially in edge networks, edge
terminals can only share a part of the processed data with other
terminals as well as central servers through wireless channels,
which makes it challenging to guarantee the learning accuracy
and convergence of EL methods with imperfect and outdated
signaling.

A typical learning accuracy optimization problem can be
formulated as

minimize
θ∈Rd

L(θ) :=
∑
k∈S

wkLk(θ;Dk), (5)
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TABLE III
DUAL-FUNCTIONAL PERFORMANCE METRICS FOR LEARNING AND COMMUNICATION

where θ represents the vector of real-valued neural network
parameters, Lk(·) is the local loss function of the kth terminal
calculated using the dataset Dk, S denotes the set of all edge
terminals, and wk ≥ 0 is the weight for each local loss function
satisfying

∑
k∈S wk = 1 [10]. For edge inference, network ac-

curacy is defined as the completion quality of the given task,
which is closely related to the target task, training dataset, and
communication quality. Considering the accuracy requirements
of an edge inference network, the study [10] constructed a unified
framework for service resource allocation in the edge network
and presented optimization algorithms based on mathematical
programming and ML. In [121], the authors tried to improve
the accuracy of the neural network by using the guideline of
information bottleneck (IB) [122], i.e., maximizing the mutual
information between the inference result and the coded feature,
while minimizing the mutual information between the coded
feature and the input data.

Different from edge inference, in FL, the learning accuracy in
terms of quality of iterative updates of the global model depends
on the gradient information fed back from edge devices over
a wireless network. Due to limited transmission bandwidth,
scheduling strategies like dynamic selection of user gradient
information for aggregation is crucial. In [8], a jointly optimized
resource block allocation, power control, and user selection for
FL was proposed to address this issue. Alternatively, in [123],
a framework was proposed by aggregating quantized models
of edge users in the edge server before these models being
uploaded to the central server for global model aggregation.
The convergence bound of this new framework was deduced
and the impact of model quantization on the convergence of
the learning was also investigated. In addition, in [124], an
adaptive quantizer was proposed, which shows that transferring
a few bits per iteration can be sufficient for ensuring linear
convergence.

2) Privacy Protection: Privacy protection is another key in-
dicator in EL, especially in wireless communication systems
with the nature of broadcasting. Traditional centralized networks
require raw data that contains the private information collected
from users for model training. In edge networks, the original
user data is not transmitted between edge terminals and central
servers, as the user data privacy is protected by methods like
differential privacy and FL.

Differential privacy is a common method used to protect user
privacy. A randomized function M(·) implements ε-differential
privacy, when

P (M(D) ∈ S)
P (M(D′) ∈ S) ≤ eε, (6)

where ε is a small positive number and P (·) is the probability
of an occurrence, for all possible pairs of datasets differing on
at most one element, denoted by D and D′[125].

A randomized mechanism M space: XK×m → Rd is said to
be ρ-zero-concentrated differentially private (CDP) if for every
adjacent of X , denoted by X̃ ∈ XK×m, it holds that

Dα

(
M(X) ‖M(X̃)

)
≤ ρα, (7)

for all α ∈ (1,∞), where Dα is the α-Rényi divergence [126].
To achieve the differential privacy in distributed DL, a frame-

work was proposed in [127] based on a new approximation
mechanism while considering practical communication restric-
tions, like bandwidth restriction. On the other hand, to realize
local differential privacy for DL, it was proposed in [128] that
all edge users add a randomization layer to convolutional neural
networks (CNN).

Concerning FL, it is thought of a privacy-secure architec-
ture [49], [50]. A typical model update strategy in an FL network
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is

θt+1 = θt − ηt
1

K

K∑
k=1

gk(θt), (8)

where ηt is the learning rate, subscript t denotes the iteration
index, gk(θt) is the gradient computed at the kth user. Because
edge users only transported the gradient information of local
models, i.e., gk in (8), to the central server, FL is considered
sufficient to protect the privacy of users. However, it is recently
found in [129] that a neural network based on RL is able
to break the privacy protection of FL. Therefore, for the FL
framework, additional methods for privacy protection should be
considered. An ingenious way to add privacy protections in FL
was proposed in [130]. In particular, the authors first proved that
channel noise can be used to achieve differential privacy in FL.
In addition, another method to provide privacy protection was
proposed in [131] by incremental learning in network intrusion
detection systems (NIDS). The incremental learning reprocesses
the transmitted data, which leads to a distribution of the input
data different from the original data, so the data privacy of users
is protected.

3) Security Design: On top of the privacy protection, security
of edge networks is also a challenging but important factor that
needs to be considered seriously. Due to limited computational
power, memory capacity, battery life, and network bandwidth
of edge devices, edge networks are facing endless threats and
attacks.

In particular, the study [132] analyzed the threats and chal-
lenges faced by Internet-of-Things (IoT), including imperson-
ation attacks, distributed Denial of Service (DDoS) attacks,
routing attacks, etc. Meanwhile, the authors also introduced tra-
ditional defense mechanisms, including filter packets, adopting
encryption, audit and log activities, and proposed a DL-based
method to protect the network security particularly for NIDS,
including building free datasets for NIDS implementation, mon-
itoring the network transit traffic using free and open-source net-
work sniffers, and using open-source NIDS tools for detecting
malicious events.

On the other hand, the literature of [133] studied the per-
formance of FL approaches with cyber security in IoT, such as
detecting compromised IoT devices. Specifically, three different
FL networks were considered respectively with DNN, CNN, and
recurrent neural network (RNN) architectures, which validates
that FL is helpful for guaranteeing security in IoT. In addition
to the above terrestrial communication scenarios, satellite com-
munication is also an important part of future edge networks.
However, due to limited computing resource in space, the pop-
ular practice, i.e., computation offloading (CO), in edge/fog
computing is a potential solution, which alters the threat and risk
profile of the system. In [134], a security-aware algorithm for CO
was considered. Specifically, the security-aware CO problem
was formulated as a multi-objective problem and an RL-based
algorithm was proposed to solve the problem and to achieve
secure satellite communication.

B. Dual-Functional Performance Metrics for Communication

It has been stated that EL networks enable better communica-
tion to user terminals than the typical cloud center method [135].
For the cloud center method, the input data from user terminals
is sent to a remote cloud data center and then the cloud center
feeds back execution results to user terminals. A large amount of
data is transmitted back-and-forth between these terminals and
the cloud center over a wide-area network, which can result in
high latency and excessive energy consumption. In EL, neural
networks are trained on devices that are close to user terminals,
which avoids sending data to the cloud center, therefore reduces
communication delay and supports sophisticate ML algorithms
with distributed computation offloading. Due to the diversity
and heterogeneity of user terminal, researchers have devised nu-
merous algorithms to optimize various communication metrics
for EL networks, e.g., spectral efficiency, latency, and energy
efficiency, to achieve efficient communication in EL. Details
have been summarized in Table III.

1) Spectral Efficiency Optimization: Similar to data transfer-
oriented communication optimization, spectral efficiency is still
a key performance metric in EL and edge computing optimiza-
tion. Recently, researchers have focused on spectral efficiency
optimization by designing algorithms for edge computing and
introducing AI to edge networks. Due to the heterogeneity of
user terminals and the large amount of data processed at EL
networks, it is challenging to improve spectral efficiency on edge
devices with limited computing power and storage capacity. By
considering the heterogeneity of user terminals, a finite memory
multi-state framework was proposed in [136] to share and reallo-
cate limited communication resource in a self-adaption manner.
This framework first identified periodic and critical messages,
then dynamically allocated communication resource based on
the number of critical messages. To overcome the challenge
of transmitting a large amount of data to the edge network,
a three-layer network was proposed in [137] to jointly utilize
communication resource in the cloud center, access points, and
edge devices.

With the development of AI, DL and FL techniques have
been introduced to edge networks to optimize spectral efficiency.
In [138], a DL-based control algorithm based on label-less
learning was proposed to minimize the amount of data commu-
nication by using limited computing and spectrum. An enhanced
online Q-learning network was proposed in [139] to optimize the
spectral efficiency and retain the fairness of resource allocation
simultaneously. This Q-learning network first received context
information from user terminals, including priority, latency in-
formation, and server load. Then it allocated resource to edge
devices by exploiting the above context information. On the
other hand, by exploiting FL, a hierarchical game framework
was proposed in [140] to study the dynamics of edge association
and spectral efficiency in an edge network.

2) Low Latency Optimization: Another important metric of
communication for EL is the end-to-end latency, especially for
B5G networks [141]. Note that the definition of latency in
EL is different from traditional communication latency. Edge
communication latency is the total time from the generation of
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demand by user terminals to the completion of calculation by
edge devices. Researchers have paid much attention to reduce the
communication latency by optimizing the EL network structure
and elevating the EL network convergence rate. For optimizing
the EL networks, a large-scale matching algorithm was proposed
in [142] to find the optimal low latency assignment. Besides, a
multi-access network structure for EL was proposed in [15] to
reduce the communication latency. The multi-access network
balanced the signal-to-noise ratio (SNR), truncation ratio, and a
fraction of exploited data metrics to optimize the communication
latency. In [143], an enhanced FL algorithm was proposed to
handle heterogeneous UE data and reduce the communication
latency. Also, for elevating the EL network convergence rate,
given the transmission overhead and transmission efficiency of
each data packet, an optimal solution was proposed in [144]
to accelerate network convergence. To address the issue of
slow convergence, a novel coded computing framework was
proposed in [145] to mitigate stragglers and speed up the training
procedure by injecting structured coding redundancy into FL.

3) Energy Efficiency Optimization: As a counterpart of spec-
tral efficiency, energy efficiency considers the average energy
consumption in order to transmit a unit of information. In gen-
eral, EL approaches, e.g., FL, facilitates the training of models
and enables distributed data collection [14]. However, due to
the growing number of transmission nodes and unstable wire-
less channels with limited bandwidth, implementing distributed
algorithms usually costs large energy consumption, which does
not meet the demand on green communications and efficient
computing.

In order to address the challenge imposed by the need of
energy-efficient FL, various approaches have been developed in
recent years. In [8], by considering the connection between the
FL and resource allocation, a universal and flexible framework
was proposed for enabling a practical implementation of FL
models. To reduce the energy computation of the training of
FL, a resource allocation algorithm was proposed in [146] to
balance the training time of FL models and the energy con-
sumption. In [112], an optimal bandwidth allocation policy with
a closed-form scheduling priority function was presented to save
the energy consumption of UEs without learning performance
loss. To save the total energy consumption of a system under
latency constraints, the study [147] proposed a low-complexity
energy-efficient algorithm, for solving classical resource opti-
mization problems, e.g., bandwidth allocation.

In an MEC-based wireless network, deploying DL models
for FL, i.e., DNNs, and executing inference tasks are also very
challenging for saving energy [148]. To facilitate energy efficient
transmission in an MEC-based wireless network, a framework
of edge processing was proposed in [149], where DL inference
tasks can be effectively executed at the edge computing nodes.

C. Communication Optimization for Edge Learning

In EL networks, it is of great importance to properly manage
limited wireless resource for implementing ML algorithms.
More specifically, for FL, optimizations to the wireless resource,
e.g., transmit power and frequency spectrum, of edge devices

can bring tremendous improvements to the entire system, e.g.,
achieving low energy consumption [147], [150] and an acceler-
ated convergence speed [151]. On the other hand, MEC, as an
effective framework with the ability of distributed computing,
can offload learning tasks and computing resource for EL. Thus,
the strategy of task offloading and computing resource alloca-
tion plays an important role in realizing energy-efficient and
low-latency MEC [152], [153]. In this subsection, we provide
an overview of common optimization methods for efficient
communication in FL and MEC networks, respectively.

1) Optimization of FL Networks: In an edge FL network,
jointly optimizing the decisions of multiple devices can improve
the learning efficiency of a collaborative system. In general, the
involved optimization problem can be modeled as follows:

minimize
x

F (x) �
K∑

k=1

fk(x, ξ) (9)

subject to xk ∈ Xk, k = 1, . . . ,K, (9a)

hm(x, ξ) ≤ 0, m = 1, . . . ,M, (9b)

where x � {xk}Kk=1 denotes the set of optimization variables
of all involved devices and xk ∈ Xk corresponds to the deci-
sion variable judged at the kth device with Xk denoting the
corresponding local set. Here ξ represents the set of problem
parameters relying on network environments, e.g., CSI. The
function F (x) is the objective of the edge network consisting
of a series of local objective functions of all devices, i.e.,
fk(x, ξ), k = 1, . . . ,K. The involved constraints can be cat-
egorized as the local individual constraint at each device in
(9a), and the network-level constraints in (9b). The former is
locally associated with each device and the latter is used for
guaranteeing a cooperative design of the entire network.

Some of the problems in (9) can be addressed using convex
optimization techniques. Concretely, by splitting the variables
into several groups and employing the alternating optimization
framework, the original nonconvex problem can usually be
transformed into multiple convex subproblems and solved in
an iterative manner. For each convex subproblem, by further
analyzing the properties of the objective function, e.g., mono-
tonicity, or focusing on manipulating the Karush-Kuhn-Tucker
(KKT) conditions, a closed-from or semi-closed-form solution
can sometimes be obtained, thus yielding relatively low compu-
tational complexity.

An example of solving problem (9) that uses convex opti-
mization techniques is given in [112]. The authors investigated
the energy consumption minimization problem for implement-
ing FL over wireless channels via iteratively optimizing the
bandwidth allocation and user scheduling. With a given set of
active devices, the subproblem of bandwidth allocation can be
formulated considering the following constraints

K∑
k=1

γk = 1, 0 ≤ γk ≤ 1, k = 1, . . . ,K, (10)

where γk denotes the ratio of bandwidth allocation for device
k, and 0 ≤ γk ≤ 1, k = 1, . . . ,K are individual constraints for
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each device while
∑K

k=1 γk = 1 is a system-level constraint.
By directly solving the KKT conditions, a group of closed-form
solutions to {γk}Kk=1 of the bandwidth allocation subproblem
were obtained. In contrast with the classical design for rate
maximization, the optimized results of [112] indicate that more
bandwidths should be allocated to those scheduled devices with
weaker channels and worse computation capacities, since they
are the bottlenecks for synchronized model updates in an edge
FL system. Similarly, a joint computation and transmission
problem was studied in [147] for edge FL networks under a
latency constraint. With the assistance of the proposed iterative
algorithm, the authors derived closed-form solutions for assign-
ing time, bandwidth, power control, computation frequency, and
even learning accuracy of each device at each iteration. In [150],
the authors studied the trade-off between energy consumption
and learning time of FL in a fog-aided IoT network. They
proposed an alternating optimization algorithm to optimize CPU
frequency and wireless transmission power, where a closed-
form solution and a semi-closed-form solution were obtained,
respectively. On the other hand, the work in [154] considered the
implementation of distributed stochastic gradient descent (SGD)
for FL and an efficient power allocation scheme was devel-
oped for aligning the received gradient vectors at the parameter
server.

The above convex optimization-based methods provide effi-
cient solutions of the optimization in FL networks. However,
it is applicable only when the considered problem is relatively
simple. Unfortunately, for most cases, there exist severely cou-
pling variables and strong non-convexity in problem (9) such
that conventional convex optimization approaches fail. To tackle
this difficulty, a natural and direct method is to replace the
non-convex functions by convex approximations. For example,
the authors of [155] proposed a scheme for implementing FL
in massive multiple-input multiple-output (MIMO) networks,
where each iteration of the FL framework is accomplished
during a large-scale coherence time. Then, an FL training time
minimization problem using this proposed scheme was exempli-
fied as a case study. The local accuracy, transmit power, data rate,
and computational frequency were jointly optimized based on
a successive convex approximation (SCA) method, by solving
a sequence of approximate convex problems. In [156], [157],
[158], [159], [160], the authors considered a reconfigurable
intelligent surface (RIS)-assisted over-the-air FL network. The
nonconvex problem of the joint design of receiver beamforming
and RIS phase shifts was solved by exploiting the technique
of semidefinite relaxation (SDR) [161]. Moreover, for noncon-
vex unit-modulus phase shift constraints in RIS-aided systems,
the majorization-minimization (MM) framework [162] and the
Riemannian manifold optimization [163] are also commonly
used.

Besides the above resource allocation elements with contin-
uous values, device selection is usually necessary for the BS to
extract appropriate devices so as to execute the FL algorithm,
since the bandwidth for multiuser uplink transmission is limited.
This leads to a mixed integer optimization problem. Mathemat-
ically, the device selection is taken into account by multiplying

a series of integer factors, written as

ak ∈ {0, 1}, k = 1, . . . ,K, (11)

to weight each device, where ak = 1 indicates that user k par-
ticipates the FL algorithm and otherwise ak = 0. For handling
this kind of mixed integer optimizations, the works [146], [164]
transformed the device selection problem to a reformulated
sparse and low-rank optimization problem. Problems of sparse
optimization and low-rank optimization occur frequently in
ML and signal processing [165], [166], [167], [168], whose
difficulties mainly lie in the minimization of the nonconvex
sparse function, ‖x‖0, and the low-rank constraint of a positive
semidefinite matrix, rank(M) = 1, where rank(·) returns the
rank of the input matrix M. In previous works, the nonconvex
sparsification is often approximated by the convex 	1-norm or
the smoothed 	p-norm minimization [169] and the technique of
SDR is widely used to handle the rank-one constraints. Different
from these methods, the works [146], [164] developed a uni-
fied difference-of-convex-functions (DC) programming based
approach to deal with sparse and low-rank optimizations in
FL networks with global convergence guarantees, which yields
considerable performance improvements. Moreover, a proba-
bilistic device selection scheme was proposed in [151] aiming
at choosing the devices, whose local learning models have
larger effects on the global model, with higher probabilities.
In [170] and [156], a greedy device scheduling algorithm and
a Gibbs sampling based device selection method were devised,
respectively.

2) Optimization of Edge Computing/Caching: Another type
of edge network is for edge computing/caching. The optimiza-
tions of resource management in MEC edge networks have been
discussed in [153]. In particular, stochastic optimization is an
important focus since the CSI acquisition in MEC is inevitably
imperfect owing to channel estimation error [171], limited feed-
back [172], uncertainty [173], and delays [174]. With stochastic
CSI and unknown link conditions, stochastic optimization can
adopt online decisions to achieve optimal solutions in MEC net-
works. For example, a Lyapunov stochastic optimization based
algorithm was proposed in [175] to jointly optimize the transmis-
sion rate and computation rate for minimizing power consump-
tion. Then, based on game-theoretic and perturbed Lyapunov
optimization theory, the authors in [152] jointly optimized task
offloading, computing resource allocation, and battery energy
management in a distributed energy harvesting-enabled MEC
system. Moreover, alternating direction method of multipliers
(ADMM) is another approach to distributed stochastic optimiza-
tion in EL integrated IoE. A coding-based stochastic ADMM
algorithm was proposed in [176] to optimize the communica-
tion efficiency and straggler nodes in coded edge computing
networks.

An example of communication resource allocation for EL is
provided in Fig. 7, where the simulation parameters are similar
as in [147]. In this figure, we compare the EL algorithm with the
equal bandwidth allocation scheme and the fixed local accuracy
scheme for all edge devices. According to this figure, the total

Authorized licensed use limited to: Weizmann Institute of Science. Downloaded on February 24,2023 at 02:25:49 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: EDGE LEARNING FOR B5G NETWORKS WITH DISTRIBUTED SIGNAL PROCESSING: SEMANTIC COMMUNICATION 23

Fig. 7. Energy versus completion time of EL.

energy consumption including both communication and compu-
tation energy decreases as the maximum completion time of the
system. The reason is due to the fact that small completion time
requires large computation capacity and high transmit power of
the edge device, which leads to large computation and transmis-
sion energy. The EL algorithm with optimized bandwidth and
local accuracy shows the best energy performance among all
schemes.

D. Edge Learning for Communication Optimization

Techniques of EL benefit from the optimization of wireless
resource allocation. On the other hand, learning is useful for
solving complicated optimization problems in edge communi-
cation networks. ML-driven approaches can overcome the draw-
backs of conventional optimization methods, such as numerous
iterations and high computational complexity. It has been ap-
plied to power allocation [177], precoding design [43], [178],
[179], and other end-to-end designs in communication systems.
The EL techniques including DL, FL, and RL are regarded as
promising approaches for solving resource allocation problems
in edge computing, IoE, and other edge networks. We introduce
learning-driven edge network optimization with perfect CSI and
statical CSI, respectively.

1) EL Techniques With Perfect CSI: Learning-based dis-
tributed optimization is an essential technique in communication
systems, especially in edge networks like MEC. To address
the lack of latency-energy balance, time efficiency, and robust-
ness in MEC, a number of studies have focused on ML-based
computation offloading algorithms [180], [181]. In general, the
optimization problem in MEC networks can be formulated as

minimize
X

U (X)
Δ
= λtT (X) + λeE (X) (12)

subject to xij ∈ X , ∀i ∈ I, ∀j ∈ J , (12a)

g (xi, τ i) = Mi, ∀i ∈ I, (12b)

h (xj , τ j) ≤ Nj , ∀j ∈ J , (12c)

where X
Δ
= {xij} denotes the variables of MEC task offloading

indicators, andI andJ are respectively the set of mobile devices
(MD) and the set of computation access points (CAP). Each
element xij denotes the variable with respect to MD i and com-
puting CAP j. The utility function U(X) can be formulated as
a weighted objective function representing the balance between
T (X) and E(X), which respectively denote the two key metrics
in MEC as edge computing latency and power consumption. The
optimization variable xij is characterized by the policy spaceX ,
e.g., integer constraints. Conditions in (12b) and (12c) denote
the constraint of MDs and CAPs, respectively, where τ denotes
the system parameter set in the MEC system.

Rather than resorting to convex optimization tools for solving
(12), ML-based methods can be utilized for getting near-optimal
solutions to (12) with high probability and low complexity [180],
[181]. By regarding the solution of X as a random variable
following a specific probability mass function with respect to the
given system parameters, it is equivalent to solve (12) by learning
the probability mass function of optimal X in a data-driven
way using ML algorithms. Denote by q(X) as the probability
mass function of the optimal solution of X, and let p(X) be
the probability distribution function of X that is to be learned.
The problem of (12) is equivalent to finding p in the following
problem as

minimize
p

∑
q (X) ln q (X)−

∑
q (X) ln p (X). (13)

The objective function is defined by the cross-entropy (CE) [182]
measuring the difference between p(X) and q(X). The opti-
mization problem (13) is a probability approximation problem
that is readily solved by ML methods.

Another form of learning-based MEC design exploits DL
methods to learn the mapping function of an arbitrary problem
in edge networks. A general framework of DL integrated opti-
mization was proposed to solve nonconvex problems in wireless
resource management [183]. The framework was implemented
in a distributed paradigm, where multiple DNNs were utilized to
work as compute nodes and exchange information via backhaul.
Specifically, a distributed DL-based algorithm was proposed
in [184] to optimize task offloading strategies in a heterogeneous
network of cloud and edge computing. However, DNNs in the
above studies were exploited to learn the solution variables
directly from the training dataset. To address the lack of gener-
alization capability of conventional DL methods, a DNN-based
offloading assignment method was proposed in [185] to learn
the pruning strategy as a part of the entire algorithm instead of
learning the entire offloading strategy directly. It achieves low
complexity, sufficient robustness and near-optimal efficiency
performance in the tested multi-user MEC network. In addition,
learning-driven approaches without DNN have also been applied
to edge networks. A low-rank learning-based algorithm was pro-
posed in [186] to predict task execution time with the knowledge
of a small sampled dataset, then a task offloading algorithm
based on this predicted task execution time was proposed to
improve the success rate of task offloading and reduce latency
in the edge computing network. To improve the fairness of
users, a multi-agent imitation learning scheme was proposed
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in [187] to optimize the computation offloading strategy in a
fully decentralized pervasive edge computing network.

The techniques of RL have also been shown promising in
solving optimization problems in edge networks, owing to its
adaptive capacity in dynamic environments. Instead of solving a
single problem of computation offloading, a growing number of
studies intended to jointly optimize offloading, caching, resource
allocation, security, and other issues via RL-based methods.
Edge caching and resource allocation were jointly considered
in [188], where a DRL-based algorithm was proposed to op-
timize caching strategies. In addition, a Bayesian DL-based
method combined with DQL was proposed in [189] to jointly
optimize the pricing and resource management in a blockchain
integrated edge computing networks.

As an alternative, distributed FL has also been extensively em-
ployed in edge network optimization. A distributed multi-agent
deep deterministic policy gradient algorithm realized by FL was
proposed in [190] to jointly decide resource allocation and cell
association in ocean IoT. The learning-based joint optimization
in [190] was modeled in a single timescale. However, the delay
sensitivity of caching, computation offloading, and resource
allocation can be described by different timescales. An FL-based
approach was proposed in [191] to jointly optimize resource
allocation, offloading, and caching to reduce latency and save
resource consumption in MEC. In [191], caching was regarded
as delay insensitive and managed in slow timescale, while the
other issues were managed in fast timescale.

2) EL Techniques With Statical CSI: Communication opti-
mization with only statical CSI is a crucial challenge in dis-
tributed networks due to imperfect CSI acquisition and dy-
namically changing network topology. Learning techniques can
overcome the lack of adaptability of conventional optimiza-
tion methods to stochastic wireless environments. Conventional
learning-based methods are designed with the assumption of a
single distributed dataset, which is hardly scalable in practical
scenarios. Thus, it is essential to design learning-based models
that fit the dynamics and uncertainty of CSI. In particular, a
model-free DQL framework was proposed to apply the dynamic
power allocation strategy for sum rate maximization with user
fairness in a mobile Ad-hoc network [192]. Specifically, this
unsupervised DQL-based method with novel designs of state
and reward was shown to obtain near-optimal performance.

Learning-based stochastic optimization is also considered
useful in solving these problems. For edge inference with finite
samples of random channel coefficients, a statistical learning-
based approach was exploited to approximate the robust op-
timization of cooperative transmission [149]. Since the opti-
mization problem could not be expressed in a closed form due
to the joint chance constraints in MEC, robust optimization
approximation and statistical learning-based approaches can
provide a robust and energy-efficient solution by learning the pa-
rameters from a finite dataset. Also, FL is promising for solving
distributed stochastic optimization problems in edge networks.
An FL-based joint scheduling and resource allocation algorithm
under imperfect CSI was proposed in [193]. The FL-based
stochastic optimization algorithm predicted the unexplored CSI
via Gaussian process regression and dual-plus-penalty. This

improved the accuracy of FL and the stochastic algorithm was
shown to be robust against various CSI uncertainties.

E. Convergence, Complexity, and Signaling Overhead

1) Convergence: Convergence is one of the key factors that
are related to the accuracy, rate, and overhead of EL. Through
theoretical convergence analysis, the impact of wireless factors
on convergence can be specified, which guides the optimization
design for edge networks. We discuss state-of-the-art conver-
gence analysis of optimization schemes under constraints in-
cluding heterogeneity of data and devices, dynamic wireless
environments, and limited communication resource.

To begin with, we focus on a decentralized network with
a central coordinator, a.k.a. a parameter server as depicted in
Fig. 2. FL is one of the typical representatives of this network
of EL and its convergence rate achieves O(1/

√
NT ) for non-

convex loss functions [194] and O(log( 1ε )) for strongly convex
ones [195], where N and T represent the number of devices and
the number of iterations, respectively, and ε > 0 is the required
accuracy. Considering the impact of unreliable communication,
there may exist a gap between the convergence of the model in
practice and the optimal one in theory. Given the presence of
uplink transmission errors, the study in [8] derived the expected
convergence rate and revealed that the packet errors lead to a
convergence rate gap. In [196], reducing the frequency of global
aggregations was considered and the gap in term of conver-
gence rate under this scheme was characterized. Over-the-air
computation (AirComp) is another effective way for facilitating
FL with communication constraints. For example, in [197],
the expected convergence rate for both convex and nonconvex
cases was derived, which revealed the influence of AirComp
on convergence. In addition, limited communication resource
may also have an impact on the convergence rate. Methods to
reduce communication overheads and to speed up convergence
have been widely discussed. For FL with data heterogeneity,
fast convergence could be achieved by exploiting nonuniform
aggregation of the gradients from different devices [198]. Sim-
ilarly, a node selection method in [199] was developed with a
faster convergence rate in the face of non-i.i.d. data. In [123],
a hierarchical FL system with less aggregations and quanti-
zation was proposed and the convergence rate of O(1/

√
T )

was derived for nonconvex loss functions. The authors in [200]
exploited the gradient sparsification combined with gradient
correction and batch normalization (BN) update with local gra-
dients to reduce communication overheads and accelerate the
convergence.

Further considering a fully distributed network with no
central coordinator, where the devices can only communi-
cate with finite neighbours. Under vulnerable wireless com-
munication, the authors in [201] adopted the user datagram
protocol (UDP) for more efficient transmission and devel-
oped a robust algorithm with asymptotic convergence rate of
O(1/

√
NT ) +O(N/T ). Furthermore, in [202], an ADMM-

based communication-efficient framework was proposed which
is able to guarantee the optimality of convergence under a
convex loss function. Different from the supervised learning
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TABLE IV
SUMMARY OF CONVERGENCE ANALYSIS

methods discussed above, MARL is also a typical distributed
EL technique, which can achieve optimal decision by interacting
with the dynamic environments [203], [204]. Unfortunately, to
the best of our knowledge, rigorous analysis of the convergence
of MARL has not yet been reported in literature.

Except for the above representative schemes, we summarize
the rest of the latest research results about convergence in
Table IV.

2) Complexity: Optimization for EL grants better perfor-
mance via rational allocation of resources at the expense of
computational complexity in practice. Excessive computational
complexity introduces larger latency, thereby reducing the per-
formance gain brought by the proposed optimization.

To begin with, we consider methods based on convex op-
timization tools, which are widely used for continuous vari-
able optimization under perfect CSI. Based on an iterative
mechanism, low-complexity algorithms are available by deriv-
ing closed-form solutions of convex subproblems [147], [212].
The computational complexity mainly depends on the accu-
racy requirement of convergence as well as the calculations
of closed-form solutions. However, most practical problems
admit intractable nonconvex forms. When it is difficult to obtain
closed-form solutions of the subproblems, it may be solved
by means of, e.g., the interior point method, with polynomial
computational complexity. For example, in [147], due to the
introduction of semi-definite programming (SDP), the complex-
ity of solving subproblems in each iteration is O(N6), where
N is the the dimension of the problem. In addition, to handle
discrete variables, mixed integer optimization is applied with
its complexity dominated by the size of the solution space.
In [197], the complexity of the problem was O(U) and the
size of the search space, U , was further reduced without loss of
optimality.

In order to reduce complexity, learning-based methods can
be computationally efficient for some cases. For example, a
graph neural network (GNN) was applied to assist radio resource
management in [213] and its complexiy is O(LD), where L
is the number of layers of the GNN and D is the maximal
degrees of the graph. Compared with the conventional weighed
minimum mean-square error (WMMSE) method for multiuser
MIMO precoding design in [214], the GNN-based scheme has
a significant complexity reduction. In [185], DL was applied to
optimize resource assignment in a multiuser MEC system and
the complexity was reduced by 80% compared to the conven-
tional branch-and-bound approach.

3) Signaling Overhead: Due to limited communication re-
source, signaling overhead in implementation of EL is also an
essential factor worth considering. A large number of signal-
ing interactions lead to huge communication overheads and
communication latency. They also greatly hinder the rate of
model training and convergence.

In a typical FL framework, the signaling overhead can be
evaluated as

TFL = 2TPK, (14)

where T , P , and K represent the number of communication
rounds, the number of model parameters, and the number of
edge devices, respectively. It is not difficult to find that the
signaling overhead is extensive with either a large model or a
slow convergence rate. Many methods have been proposed to
reduce the requirements on communication resource. To reduce
the number of model parameters, P , sparsification [200], [215]
and quantization [124], [216] have been widely used. As exem-
plified in [215], sparsification is a largely effective compression
method, which achieves a compression rate up to 1/600, while a
quantization method can only achieve 1/32. For the number of
communication rounds, a lazy aggregation scheme was verified
to be effective in [196]. Furthermore, speeding up the conver-
gence is also a useful method, such as those in [210], [217].

For SL, all the values of gradients, tensor outputs from in-
termediate layers, and the labels need to be transmitted over
wireless links. It leads to the total overhead as [218]

TSL = 2Tpq, (15)

where p > 0 and q > 0 denote the total dataset size and the size
of the smashed layer in the SL, respectively. Compared with
FL, SL usually enjoys a faster convergence rate [78] and it is
more suitable for situations with a massive number of edge de-
vices. In this sense, SL may be a more communication-efficient
architecture than FL.

For MARL, all values of reward, action, state, and model
parameters should be shared among different agents. For various
MARL schemes, the information to be shared can be quite
different, which results in different signaling overheads.

For the procedure of DI, especially in latency-sensitive ap-
plications, signaling overhead can not be ignored. Similar to
SL, in a device-server co-inference framework, a large DNN
is divided into two parts, which are respectively deployed on
devices and the server. Based on [219], the choice of the split
point determines the signaling overhead and also involves the
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Fig. 8. Some typical application scenarios of EL.

trade-off between the communication overhead and the com-
putational cost at devices. Recently, some possible methods to
alleviate excessive signaling overhead have also been studied
from the perspectives of compression coding and reducing the
model scale, such as joint source-channel coding (JSCC) [119]
and pruning [219], [220].

IV. B5G WIRELESS APPLICATIONS WITH EDGE LEARNING

In this section, we introduce multiple emerging application
scenarios of EL, e.g., vehicle networks, UAV networks, satellite
networks, over-the-air computation, and holographic communi-
cation, as depicted in Fig. 8, where edge nodes implement the
functions of communication, sensing, caching, and computing
by utilizing ML algorithms.

A. Distributed Goal-Oriented Semantic Communication

The entropy and capacity defined by Shannon [221] character-
izes the maximum achievable rate bound for the communication
whose goal is to exactly recover the transmitted information at
the receiver. In most applications at IoE devices in B5G net-
works, however, the goal of communication is to make a correct
inference or acquire a computation result from the received data
at the server. For these computing tasks, it has been shown
in [222], [223], [224], [225], [226] that the transmission rate
can be further reduced below the entropy of the source and joint
source-channel coding can perform better than a conventional
separate coding design in terms of computing accuracy and
speed.

To provide the source entropy related to various task goals, a
first information theoretic model for the goal-oriented semantic
communication is proposed, where the source is X and the

desired information at the receiver is Y , as shown in Fig. 9. In
conventional communication for data recovery, it corresponds
to the goal of realizing Y = X . Accordingly, the minimum
required transmission rate is known to be H(X), that is the
entropy of the source. For a general task goal, Y can be a
decision or a prediction result that obeys some joint probability
distribution PX,Y (x, y), where x and y are realizations of X
and Y , respectively. Then, the goal-oriented communication can
transmit at the minimum rate characterized by the following
problem:

minimize
g(·)

H(X̃) (16)

subject to X̃ = g(X), (16a)

I(X̃;Y ) ≥ I(X;Y ), (16b)

where g(·) is a deterministic mapping function from X to
the compressed information X̃ , and I(·; ·) is the mutual in-
formation of the two random variables, which is defined by
the joint probability distribution PX,Y (x, y) and the marginal
distributions PX(x) and PY (y). In the above formulation, we
seek a deterministic mapping, g, of the sourceX . It is used at the
receiver to obtain a correspondingY from X̃ , while the accuracy
should be, at least, the same as the best inference of Y directly
from X . It is easy to verify that

H(X̃) ≤ H(g(X), X)

= H(X) +H(g(X)|X)

= H(X), (17)

where the last equality holds because g is a deterministic func-
tion of X . This relationship in (17) proves that the minimum
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Fig. 9. Illustration of goal-oriented semantic communication system.

transmission rate of this goal-oriented communication design
is theoretically no larger than the source entropy in the con-
ventional design. In addition, it is expected that the inequal-
ity constraint in (16) achieves equality at the optimum, and
this optimization problem can be further extended for mod-
elling multi-node semantic communications in distributed edge
networks.

In order to solve (16), it is necessary to know the task goal
in terms of PX,Y (x, y) in explicit an expression. However, for
most advanced applications like image retrieval and natural
language processing, PX,Y (x, y) can be hardly acquired with
an explicit expression while it is usually learned implicitly by
using DL methods. Without an explicit expression ofPX,Y (x, y)
for these tasks, it is intractable to solve the problem in (16) by
using conventional convex optimization tools. Therefore, recent
works seek powerful DL techniques to obtain g implicitly. For
instance in [222], a DL-based semantic communication system
was proposed for speech transmission, where the mean-squared
error (MSE) was used as the learning goal. In [223], an image
retrieval-oriented transmission was designed to maximize the
accuracy of the inference task, where the objective was defined
as the cross-entropy between the ground truth and the predicted
class (identity). Also, in [224], a task-oriented semantic com-
munication scheme was proposed, where the cross-entropy ob-
jective with multiuser multi-modal data fusion was considered.
In general, the task-relevant information g(X) is represented by
deep semantic coding of black-box neural networks from the
signals of various modalities, such as text, speech, image, and
video streaming.

Alternatively, a principle of information bottleneck (IB) was
introduced in [122] to characterize the relationships among
X , X̃ , and Y in terms of mutual information. The IB prin-
ciple indicates that X̃ should be sufficient for the inference
task goal if the inequality in (16 b) holds. In [121], the IB
principle was used for a communication system orienting an
image classification task. By combining IB with stochastic
optimization, this method in [121] was then extended in [227]
to deal with the same task while simultaneously minimizing
energy consumption and service latency. For IoE applications
with booming devices and data, distributed EL has been an
appealing alternative technique to extend intelligent services
from a centralized cloud data center to the proximity of edge

nodes, allowing fast ML model training at edge while perform-
ing the task at the server [118]. In a distributed IoE network,
a lightweight DL-based semantic communication system was
proposed in [228] by training semantic feature extraction and
coding at edge nodes while updating them at the server. By
applying the IB principle, a task-oriented communication design
for cooperative inference by multiple edge devices was proposed
in [229], where a group of edge nodes perform the inference task
collaboratively with the assistance of an edge server. It is con-
cluded that EL methods are promising candidates for promoting
goal-oriented semantic communications serving downstream
tasks.

B. Wireless Sensing and Edge Caching

Fast growing IoE devices impose heavy load to current
wireless networks with limited spectral resource, requiring
better energy utilization efficiency and low latency with high
reliability. Wireless sensing [230] and edge caching are the
promising solutions to cope with these challenges. To develop
these techniques for IoE applications with scalability and sta-
bility, EL plays an important role to help improve the perfor-
mance of delay-sensitive sensing and spatially-variant caching
tasks [231].

1) Sensing: Sensing is an essential function of IoE networks
with vertical applications like Internet-of-Vehicles (IoV), UAVs,
mobile robots, and smart city. Particularly in an IoV network,
collaboration among different types of networks is inevitable
and the vehicles are usually equipped with sensors and radio
transponders. It is difficult to leverage limited resources such as
energy, spectrum, and power to deal with high mobility and
severe noise in IoV. Besides, such a multi-attribute network
usually needs to process heterogeneous sensing data. To address
these issues, EL releases a part of the computing and learning
pressure to edge vehicle nodes, by which the computation load
of the fusion center is greatly reduced. In addition, since the
transmitted data in EL is preprocessed in edge vehicle nodes,
communication overhead and processing delay of the entire IoV
network can be effectively minimized [232].

Due to the characteristics of edge nodes in sensing networks,
there are numerous practical constraints in terms of bandwidth,
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computation, memory, and battery life. To meet these con-
straints, one has to substantially reduce the requirement of com-
munication accuracy and weaken the adaptability to dynamic
IoE environments when applying EL with conventional DL
methods like CNNs [233]. This problem was studied in [234] for
a distributed network of mobile robots with communications.
The authors proposed a trust and resource-aware framework
where FL was applied for monitoring device activities and
leveraging local computing resources to accelerate the learning
process. Besides, each FL client was assigned a trust score to
check its resource and previous training performance, enabling
the framework to remove untrustworthy or resource-inadequate
clients out of the training process. Finally, asynchronous FL was
applied to accelerate the convergence when untrustworthy and
ineffective devices were eliminated.

On the other hand, the data heterogeneity problem is also a
concern of wide interest in EL networks. Studies have tried to
solve data heterogeneity by using distributed DRL, FL, and other
learning methods. In [235], a DRL-based cell selection mech-
anism was proposed as an efficient method for sparse mobile
crowd sensing, which tackles the data heterogeneity brought by
a large space scale. The authors modeled the state, action, and
reward in RL and applied a deep recurrent network to learn the
Q-function of the RL. This helps provide reward score based
on the state-action pair and successfully select proper cells.
In [236], a distributed sensing approach was proposed to use
smart end-user devices as sensors and then to optimize learning
outcomes by FL over a autonomous IoT network. This work
considered another data heterogeneity problem, namely system
heterogeneity that is caused by the devices turning straggler
and inactive in the sensing network. Since straggler devices can
cause large processing delay in model exchanges among devices,
the authors proposed a redundancy-infused SGD algorithm to
treat them properly and ensure the system robustness. Moreover,
to overcome the bandwidth issue caused by data heterogeneity,
a multilevel FL compression method was proposed in [237]
to analyze user behaviors in smart homes and achieve reduced
latency with efficient interaction.

2) Caching: Besides the integration of sensing, edge data
caching also plays a key role in future IoE networks. An ex-
ponential growth of data in smart cities is generated by massive
smart devices, e.g., sensors, smartphones, autonomous vehicles,
as illustrated in Fig. 8. These explosive data could possibly
saturate the traffic of wireless networks and prevent QoS from
being satisfied [238]. For instance, as shown in Fig. 8, the au-
tonomous vehicles constantly communicate with both roadside
sensors and adjacent autonomous vehicles to collect information
about the environment [239]. Indeed, low latency design is a key
challenge in this application. Edge data caching is an effective
tool for alleviating high latency and heavy load on fronthaul
networks. Repeated transmission of the same data can be avoided
by caching data at edge nodes. Along with the edge caching, a
slew of notable challenges are the design of caching update
policy and caching transmission policy.

In terms of caching update policy, the freshness of cached
data has a significant impact. For some practical considera-
tions, a new metric was proposed in [240], that is, Age of

Information (AoI). AoI is defined as the length of time since
the last measurement of the data. Investigations on scheduling
policies have been considered to minimize AoI by utilizing
the queuing model and conventional optimization theory [241].
However, due to the lack of prior knowledge about network
characteristics and data status, the queuing model is typically
inapplicable in real-world network environments [242]. This
has inspired the use of ML methods for edge caching, which
are capable of recognizing dynamic situations. In [243], an
RL-based method was developed to find scheduling decisions
with the goal of minimizing long-term AoI at a single edge
node. The subsequent work in [244] dedicated to developing
an energy-efficient caching update policy at a single edge node
by using ML. Then in [245], an intelligent caching policy was
explored for multiple edge nodes under the coordination of a
cloud. As a further step, broader performance metrics including
AoI, energy consumption, and fronthaul traffic, were examined.
A type of MARL, known as multi-agent discrete variant of
soft actor-critic RL, was proposed to achieve optimized caching
update of multiple edge nodes [245].

Another focus of edge caching is the caching transmission
policy. Due to the broadcast nature of wireless channels, interfer-
ence is a critical challenge in cloud-edge caching IoE networks,
which seriously affects the transmission rates of cached data.
The study in [246] investigated joint optimization of caching and
interference alignment under time flat channels. Since wireless
channels are time-varying and cannot be modeled accurately,
ML was further introduced to tackle this issue [247]. In [248],
a DRL algorithm was proposed to realize cache-enabled inter-
ference alignment. For a heterogeneous network, an extension
of [248], an integrated framework of caching, networking, and
computing based on DRL was proposed to minimize the energy
consumption [249].

Edge caching not only improves transmission rates, but also
reduces communication latency. Studies in [250] and [251]
considered the same objective of minimizing average commu-
nication delay. Yet, the former was to find the optimal caching
data transmission policy by a conventional convex optimization
tool, while the latter was to jointly optimize user scheduling
and caching by a DRL-based algorithm. Further in [252], a
multi-agent actor-critic algorithm, which is a type of multi-agent
DRL (MADRL), was proposed to mitigate the transmission
delay in decentralized edge caching.

C. Integrated Aerial and Satellite Computing Networks

1) Aerial Networks: UAV is a promising technology for
enabling B5G IoE which enhances the performance of edge
networks by acting as an aerial BS. Typically, in an edge network,
UAV with high mobility can assist MEC in offloading compu-
tationally intensive tasks from IoE devices. The flexibility of
moving UAVs can handle emergency communication in cases
of inevitable natural disasters and temporary malfunctioning.
Recently, the integration of UAV into MEC systems using a
single-agent DRL has been studied from various aspects. For
instance, an UAV path planning method based on DRL was
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proposed in [253] to collect distributed data from sensors for
edge computing.

In future IoE edge networks, there can be multiple UAVs
serving as distributed edge agents. MARL approaches have
been exploited to solve the problems like distributed resource
management for computation offloading. For UAV-assisted edge
computing networks, Sacco et al. [254] applied MARL to co-
ordinately improve the system energy efficiency and accelerate
task completion by distributedly offloading decision strategies.
Also, in [255], an MARL framework was proposed to learn the
effect of environment on the offloading policy, where task and
bandwidth allocation are handled distributedly by two agents. In
addition to MARL, DRL facilitates the convergence by exploit-
ing the power of DNNs for estimating the associated functions
in conventional RL. For modeling cooperative computation of-
floading, an MADRL-based method was proposed in [256] to
minimize the network computation cost. Meanwhile, in [96],
an MADRL-based trajectory control algorithm was developed
to manage the trajectory design of each individual UAV in a
decentralized manner.

These studies on MARL/MADRL focused on the design in
a distributed manner without considering privacy protection of
IoE devices. Recently, one of the latest studies considered the
privacy issue by applying FL [257]. Driven by the advantages
brought by FL as described in the previous sections, a federated
DRL (FDRL) framework was proposed to learn joint task of-
floading and energy allocation in an UAV-aided MEC system.
In [258], a semi-distributed multi-agent federated reinforcement
learning (MAFRL) algorithm was devised to keep data training
locally and protect privacy of all IoE devices by the integration
of FL and MADRL.

Besides being employed for computation offloading in MEC,
UAV can also collaboratively perform AI tasks using their
locally distributed data and computing power. This provides a
promising approach of meeting challenges of limited resource
of edge devices as well as the ubiquitous coverage envisioned by
B5G IoE. In [259], distributed intelligence with EL was deliv-
ered by UAVs to perceive environmental changes for edge ser-
vice scheduling. In [260], a framework by integrating air-ground
networks and FL was proposed to empower EL, where UAVs
were deployed as aerial nodes to collaboratively train an effective
learning model. Meanwhile, in [261], UAVs were employed
to provide intermediate model aggregation in FL to improve
the efficiency of both learning and communication. In addition,
UAVs were also considered as edge servers for FL to boost edge
intelligence in [262], and they were acting as wireless relays
to facilitate the communications between vehicles and the FL
server in [263]. Despite these research progresses, fundamental
performance limits of distributed EL with mobile UAV nodes is
still a largely uncharted area.

2) Satellite: Thanks to the ability of providing seamless
coverage for remote and depopulated areas, satellite commu-
nication forms a critical part of IoE in B5G networks [264],
[265]. In satellite-served IoE, computation tasks generated by
terrestrial IoE devices are offloaded to satellites [134]. These
tasks can be processed by satellite-enabled local computation
platforms or allocated to other compute nodes, such as space

station, super computation satellite, and ground edge servers.
However, limited by energy and computation capacity, satellite
local compute servers cannot handle all tasks from IoE devices.
If all these tasks are offloaded to other compute nodes, high delay
caused by queuing and transmission process may prevent these
tasks from being completed in time. In addition, the network
topology is dynamic and the channel fluctuation is fast due to
high-speed movement of low earth orbit (LEO) satellites. All
these impose significant challenges to the task offloading pro-
cess. Therefore, the computation offloading (CO) for satellite-
served IoE requires complicated optimization involving en-
ergy consumption, computation delay, and computation capacity
constraints.

ML-based edge computing is one of the vital enabling tech-
nologies for satellite-served IoE networks. It learns to offload
computing tasks from ground terminals to multiple satellites and
ground edge servers efficiently. In [134], the optimization prob-
lem of the CO policy design was established for a satellite-served
IoT network, which minimizes a weighted sum of delay, energy
consumption, and safety risk factors. A DRL technology, called
the deep deterministic policy gradient method, was leveraged
in [134] to solve this optimization problem. Considering that
UAVs are closer to ground IoE devices than LEO satellites, they
provide near-real-time computing services with less transmis-
sion power consumption. Satellite-UAV-served IoE networks
are supplements to satellite-served IoE networks. The authors
in [266] adopted the DL technique of long short-term memory
(LSTM) modules to predict the remaining energy of IoT devices.
They utilized an AI-based method to design the task offloading
policy according to communication conditions and computation
resources, aiming to maximize the number of completed tasks.
In [267], the task offloading decision in a satellite-UAV-served
IoT network was formulated as an MDP with network dynamics,
and a DRL-based method was proposed to learn the optimal CO
policy.

D. Over-the-Air Computation

Although numerous emerging applications at edge wireless
networks have been developed to support universal connectivity
and automatic processing, it is still challenging to accomplish
effective data aggregation from a huge number of edge devices
for ML implementation. FL enables each device to upload
model parameters obtained from local data training. To facilitate
the data collection from distributed devices, over-the-air FL
(Air-FL) is envisioned to provide better performance with less
bandwidth requirement [268], [269]. Air-FL can be accom-
plished by exploiting functional decomposition and waveform
superposition properties over multiple-access channels, i.e., the
technique of AirComp. Early works on AirComp have concen-
trated on performance analysis and transceiver optimization with
respect to the minimization of average computation MSE. In
particular, comprehensive ergodic performance analysis and the
average MSE minimization were considered in [270]. In [271],
the authors modeled the statistics of interference and revealed a
two-sided effect of interference on the overall training procedure
in AirComp.
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Advantages of Air-FL are indisputable, they face two main
practical limitations. First, aggregation errors in Air-FL urgently
need to be combated due to the feature of wireless fading chan-
nels, and second, the computation accuracy of Air-FL depends
highly on the worst channel condition between the access point
(AP) and the edge devices. In light of the first limitation, learning
performance can be improved by selecting the optimal number
of devices and optimizing transmit power in Air-FL. For exam-
ple, in [146], efficient algorithms were proposed to cope with
the nonconvex constraints for device scheduling and transmit
beamforming. Further considering synchronization in Air-FL,
dynamic scheduling of edge devices [272] and transmission
power control [273] were studied to mitigate data aggrega-
tion errors. Meanwhile, a novel power control algorithm was
presented to alleviate the impact of inter-cell interference on
performance of Air-FL [274]. In order to tackle the statistical
characteristics of gradients which vary in each iteration, the
transmit power control was obtained in closed form under fading
channels [275]. Besides, since the training data of each user
can also obey different distributions, a local SGD-based power
control algorithm was proposed by introducing time-varying
precoding [276].

On the other hand, the second limitation can be partially
addressed through the advances of RIS to enhance the quality
of the worst channel in Air-FL. Specifically, an alternative algo-
rithm was presented to jointly optimize the passive beamforming
at RIS and active beamforming at the transmitter with low
complexity, which validates the superiority of integrating RIS
into Air-FL [277]. For the case of imperfect CSI, a robust design
of RIS-assisted Air-FL was proposed in [278] under a sum-
power constraint. In addition, privacy in RIS-assisted Air-FL
was studied based on differential privacy techniques [279]. As a
consequence, one can tackle the above two limitations by con-
sidering device scheduling in RIS-assisted Air-FL. In [156], the
authors highlighted the effects of scheduling devices on training
accuracy and demonstrated the necessity of optimizing RIS for
achieving significant learning performance. To conclude, Air-FL
has great potential to enhance the efficiency of data aggregation
at each communication round for EL.

E. Holographic Beamforming

Recently, the concept of holographic beamforming has re-
ceived much attention as a new paradigm shift in B5G IoE
networks to provide a full sensory experience [280]. Partic-
ularly, the current research on holographic beamforming can
be divided into two categories based on their requirements on
physical structures. The first type is to integrate an uncountable
and infinite number of antennas into a limited surface area
to form a spatially continuous transmitting/receiving aperture,
which enables the holographic beamforming. Researches in this
direction are taking place mostly under the name of large intel-
ligient surfaces (LIS) [281], holographic MIMO surfaces (HMI-
MOS) [282], and holographic RIS [283]. Holographic beam-
forming generates desired beams through holographic recording
and reconstruction, resulting in higher spatial resolution than
conventional beamforming using discrete phased antenna arrays.

The second type is named as reconfigurable holographic surface
(RHS) [284], which rarely imposes particular limitations on the
aperture size. To achieve holographic beamforming, the RHS
utilizes an amplitude-controlled method by controlling the ra-
diation amplitude of reference waves at each radiation element.
Technically, an amplitude-controlled holographic beamforming
method of this type relies on tuning the resonance frequency of
each radiation element of the RHS.

In addition to the above efforts in terms of antenna technology,
Zeng et al. proposed in [285] ultra-fast and energy-efficient
baseband processors to support emerging applications of holo-
graphic communication. In general, the concept of holographic
communication has received much attention in recent years as
a new paradigm shift in B5G IoE networks. It enables a full
sensory experience with the ability of processing extremely high
throughput of data in real time.

The QoS provided by B5G IoE should satisfy the requirements
of holographic communication, which requires uninterrupted
high speed and low latency to constantly maintain virtual pres-
ence. As a result, EL provides a real-time processing paradigm
with low latency which helps provide holographic contents to
IoE devices on-demand. Recently in [286], Liu et al. realized
holographic perception and data sharing based on EL techniques
in a power IoT network. Moreover in [287], an intelligent aug-
mented reality (Intelli-AR) preloading algorithm was proposed
to improve the transmission efficiency in an edge network, where
the edge servers proactively transmit holographic contents to IoT
devices. The Intelli-AR solution is verified to improve the ratio of
successful preloading by 11.52% compared to the best baseline
in the practical dataset when the users’ motion trajectories tend
to be more random [287].

To fully unlock its potential, holographic communication
needs to reach the complete control of the electromagnetic (EM)
field generated and sensed by antennas. In such a case, EL is a
supplement to cloud computing for the complex EM computing
requirements in B5G IoE networks. For instance, the study [288]
proposed a structure based on the fusion of cloud computing and
edge computing, where a distributed DL algorithm is carried out
on edge sides for computing tasks with reduce system delay and
energy consumption.

In summary, EL techniques have shown great potential in em-
powering these B5G wireless applications. For the convenience
of comparison, representative works of these applications with
EL are listed in Table V.

V. OPEN PROBLEMS AND CHALLENGES

In this section, we point out major open problems and chal-
lenges in implementing EL over B5G and IoE wireless networks.

A. Open Problems in Information Theory

In theory, the limits on information flow for communication
networks were originally discovered by Claude Shannon in the
seminal work [221]. Most well-known information theoretical
results thereafter successfully characterized the source infor-
mation entropy and channel capacity of various communication
networks for a conventional task of exactly recovering the source
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TABLE V
REPRESENTATIVE WORKS ON EL

information at receiver(s) [289]. For EL and inference, however,
the task of a communication network can be the computation
on a utility function, or an inference decision based on the
distributed information, rather than recovering all source infor-
mation explicitly. For instance, an FL server requests for only
an averaging aggregation of the gradients calculated and sent
by distributed ML nodes. Under these scenarios, the commu-
nication rate region established by existing distributed source
coding theorems, e.g., the Slepian-Wolf theorem [290] and the
Wyner-Ziv coding [291], sometimes becomes much larger than
the minimum communication rate needed for these computing
tasks. Till today, the theoretical rate limits are available for a
few types of computing tasks in very special use cases, e.g., the
“μ-sum” computing task of two distributed Gaussian sources in
a multiple access channel [292]. In particular, as we formulated
in (16), it should be possible to design the optimal mapping func-
tion g in a closed form, rather than by resorting to unexplained
black-box neural networks, for a goal-oriented communication
system with some specific task goals. Therefore, it is of both
theoretical and practical importance to find the rate-tuple limit
of distributed source coding for general computing tasks in B5G
networks with heterogeneous data and arbitrary topology.

On the other hand, current design of separate source-channel
coding in most communication systems is guaranteed optimal
in theory under the assumptions of using long codewords and
aiming at exact information recovery. In B5G networks, it is
natural to expect growing demands on short-packet data commu-
nication by the applications of distributed FL and sensing data
collection [10]. For these short-packet transmissions, source-
channel separation can be far from optimal to fulfil the edge
computing and learning tasks, even if the distributed sources are
independent [292]. To improve the performance, state-of-the-art

goal-oriented communication designs have advocated JSCC
techniques using DL. However, these data-driven DL techniques
have to be trained case-by-case for vast applications. Also, their
performance gaps to the optimum are still unknown in general. In
order to promote the widespread goal-oriented semantic com-
munication design in practice, we should envision significant
benefits of completing theoretical studies on JSCC for EL and
computing. In addition, related theoretical development should
provide an extra potential dimension of JSCC to strengthen
stream data caching, privacy, and communication security in
EL networks.

B. Architecture and Technique Challenges

The architecture of EL mainly faces two kinds of challenges
from the communication system and learning procedure. As
for the communication system, B5G networks tend to be het-
erogeneous with multiple tiers of BSs. Besides, due to the
mobility of edge devices, they can frequently leave and join the
communication system. Thus, one challenge is that EL should be
adaptive to the time varying heterogeneous property of wireless
networks as well as mobility of edge devices. As for learning
procedure, the EL performance can only be well guaranteed
when the dataset is uniformly distributed among edge devices.
However, edge devices usually have non-i.i.d. dataset, which
can lead to poor learning performance. As a result, the other
challenge is that model aggregation of EL should cope with
non-i.i.d. dataset.

It is also of great interest to investigate the joint communica-
tion and computation resource allocation, such as communica-
tion bandwidth for improving convergence of FL. FL relies on
mobile wireless communications to collaboratively learn ML
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models. Although the computing power of mobile phones is
becoming stronger, the bandwidth of wireless communication
has not increased much. Therefore, the bottleneck shifts from
computing to communicating. Limited communication band-
width may cause a longer communication delay, which always
results in longer convergence time in FL.

C. Research Opportunities With New Applications

In B5G communication networks, there are new emerging
applications such as blockchain techniques [293], [294], [295],
quantum computing [296], RIS [264], [265], [297], [298], [299],
[300], and metaverse. Since the central learning model can
suffer from servers’ constant attack and there can exist malicious
clients, the security is an important issue of EL. Combining the
committee consensus mechanism of blockchain technique, an
EL framework can effectively reduce consensus computation
and malicious attacks. Due to the explosive growth of data edge
devices, quantum computing can be effectively utilized to solve
large complex EL problems through performing classic ML
tasks on quantum data.

With the rapid development of wireless networks and AI,
emerging applications continue to appear and metaverse is a
future perspective of wireless communication systems to realize
a virtual digital universe, namely a digital twin. Emerging meta-
verse applications have put forward higher demands on B5G
networks for end-to-end information processing capabilities.
In order to meet these higher performance, B5G will be an
end-to-end information processing and service network [301],
[302], and its core functions will expand from information trans-
mission to information collection, information computing and
application, and providing stronger sensing, communication,
and computing capabilities. It is also expected that advance-
ments in joint sensing, communication, and computing would
help form a platform for implementing EL in B5G networks.

VI. CONCLUSION

In this paper, we presented a comprehensive overview on
distributed EL techniques. We introduced the interplay between
EL and communication optimization design. In particular, we
provided dual-functional performance metrics for both learning
and communication. We also pointed out the communication
optimization design for EL and learning techniques for commu-
nication optimization from the viewpoint of signal processing.
Moreover, we provided detailed B5G applications, open prob-
lems, and challenges of EL frameworks. The in-depth study on
signal processing techniques for EL over wireless communica-
tions provides guidelines for native integrations of ML and edge
networks.
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