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Keywords: Federated Learning is a much-needed technology in this golden era of big data and Artificial
Federated Learning Intelligence, due to its vital role in preserving data privacy, and eliminating the need to
Internet of Things transfer and process huge amounts of data, while maintaining the numerous benefits of Machine

Communication efficiency
Computation efficiency
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Learning. As opposed to the typical central training process, Federated Learning involves the
collaborative training of statistical models by exchanging learned parameter updates. However,
wide adoption of the technology is hindered by the communication and computation overhead
forming due to the demanding computational cost of training, and the large-sized parameter
updates exchanged. In popular applications such as those involving Internet of Things, the
effects of the overhead are exacerbated due to the low computational prowess of edge and fog
devices, limited bandwidth, and data capacity of internet connections. Over the years, many
research activities that target this particular issue were conducted but a comprehensive review
of the fragmented literature is still missing. This paper aims at filling this gap by providing a
systematic review of recent work conducted to improve the communication and/or computation
efficiency in Federated Learning. We begin by introducing the essentials of Federated Learning
and its variations, followed by the literature review placed according to an encompassing,
easy-to-follow taxonomy. Lastly, the work sheds light on the current challenges faced by the
technology and possible directions for future work.

1. Introduction

It is no secret that technological advancement in computational hardware resulted in a massive boost of interest in Artificial
Intelligence (AI) generally and Machine Learning (ML) specifically. Global Corporate investment in 2021 was estimated at about
176.47 billion U.S. Dollars, a growth of about 33.7 times the total investment in the year of 2013 [1]. $93.5 billion of the
aforementioned total was privately invested, funding a large number of AI companies including 746 start-ups. These investments
helped almost double the number of research work published in the field since 2010, with a total of 334.5 thousand publications seen
in 2021 alone, 51.5% of which were peer-reviewed journal papers. This evident growth of capital and research interest accelerated
technological development by multiple orders of magnitude, ushering an era where Al has gained a substantial role in all kinds of
industries, including healthcare [2], marketing [3], and Internet of Things (IoT) [4,5].
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Nomenclature

Abbreviations

Al Artificial Intelligence

AloT Artificial Intelligence of Things
CNN Convolutional Neural Network

CcS Compressive Sensing

DL Deep Learning

DQOL Deep Q-learning

DRL Deep Reinforcement Learning

FL Federated Learning

FLOPS Floating point operations per second
GPU Graphics Processing Units

I1ID Independent and identically distributed
IoT Internet of Things

KLD Kullback-Leibler divergence

MBS Macro Base Station

ML Machine Learning

MLP Multilayer Perceptron

OTA over-the-air

RNN Recurrent neural network

SBS Small Base station

SGD Stochastic Gradient Descent

SINR Signal-to-Interference-plus-Noise Ratio
SNR Signal-to-Noise Ratio

TPU Tensor Processing Units

UAV Unmanned Aerial Vehicles

The impressive amount of enthusiasm shown in favor of Al is evident of its positive impact on industries and the personal
lives of individuals. Nonetheless, this impact comes at a price, which is data. ML is the most commonly used subset of Al where
algorithms learn from data examples to make inferences with no guidance or pre-established rules. The most popular and complex
type of ML algorithms is Deep Learning (DL), which is characteristically data-hungry [6]. This massive need for data resulted in a
surge of threats to the privacy of individuals, spawning a need for legislative regulation to better handle private and sensitive data.
Some of these regulations could be seen in China’s Personal Information Protection Law of 2021, Europe’s General Data Protection
Regulation enforced in 2018 [7], South Korea’s Personal Information Protection Act of 2011, and the California Consumer Privacy
Act introduced in 2018, just to name a few.

Recently, a distributed approach to training ML algorithms was introduced with the motivation of preserving data privacy.
Federated Learning (FL) omits the need for sharing data with central ML training servers, by periodically sharing the updated
parameters of the ML model [8]. In this configuration, a model is trained locally on the user’s (client) side on their own unique,
personal dataset, and only the updates to the model are shared with the server. All the communicated updates are aggregated at
the server to produce a global model with “experience” from all the clients’ datasets. That model is then sent back to the clients for
further training or for making inferences. FL is general enough to apply to any ML model, and hence can be used for any type of
application with a server—client architecture. Since this is the typical structure of IoT networks and with the popular rise of Artificial
Intelligence of Things (AIoT) where Al algorithms are deployed at the edge/fog, FL is seen as a natural evolution for ML in the field
of IoT.

Although FL is advantageous when it comes to ensuring the privacy of data, its usage is prone to multiple drawbacks, one of
which is the added communication cost of periodically updating the model parameters, as opposed to the one-time transfer of data
seen in conventional centralized training [9]. This overhead is exacerbated as the number of clients increases, slowing down the
process even further. In many applications of FL, especially those involving IoT, the clients are devices with limited computational
capacity such as the micro-controllers and microprocessors used in Unmanned Aerial Vehicles (UAVs), smart home appliances, and
smart wearables. While most servers are equipped with state-of-the-art Tensor Processing Units (TPUs) or Graphics Processing Units
(GPUs), these client devices are often equipped with far inferior processing units, that are often occupied with other tasks besides
model training. The need for solutions to these issues is, therefore, necessary if FL were to replace traditional centralized training.

Plenty of research efforts have been put into finding solutions to the aforementioned challenges since the emergence of FL in
2016, giving birth to a large body of work dedicated to communicational and computational efficiency. This survey looks to provide
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a coherent summary of the work conducted on improving communication and computation in the context of FL, as a way to provide
interested researchers with an efficient gateway into the field.

1.1. Related surveys review

Even though the advent of FL was very recent, several reviews, surveys, and tutorials were published, giving comprehensive
overviews of the advances in the field and the challenges yet to be addressed. Each of these pieces of literature chose to either
improve on its predecessors or concentrate on a specific perspective when approaching the field of FL

[10] offered a comprehensive review of various aspects of FL, including the essential architectures and designs categorized into
different modeling aspects, the technical considerations taken during deployment, areas of application and utilization, solutions to
common issues plaguing FL, and the current challenges and possible future areas of research. The methodology adopted in the survey
was systematic and provided a detailed, improved account of the overall landscape of FL as was in the year of 2020. Nonetheless,
the paper touched on issues of communication and computation only briefly.

Another survey conducted concentrated concentrate on the practical side of FL, giving a summary of the advances made on the
software, hardware, algorithms, security protocols, and platforms utilized for the sake of deploying FL systems in practice [11]. It
also introduced examples of real-life applications and the challenges faced by the systems as well as a brief guide on modeling and
designing FL architectures. While efficiency was briefly discussed in the paper, it was merely in the context of it being an upside to
some FL technologies. Regardless, this work stands as a great introduction to the topic and provides readers with interest in availing
themselves of the technology a decent head start.

Zhang et al. produced a tutorial paper on FL, covering it from five different aspects, namely the type of data partitioning, the
privacy-preserving techniques, the models and algorithms of machine learning, the communication architectures, and the adopted
approaches to tackling the issue of heterogeneity [12]. Similar to the aforementioned papers, this work was concluded after providing
a list of application uses for FL, as well as the challenges and open research areas. Despite communication being a central aspect in
the paper, the amount of attention given to it was quite small, with little mention of the computational efficiency.

Practical use of FL requires the implementation of practical systems that make use of the theory, a survey that chose to approach
FL from the point view of its implemented systems was authored by Li et al. [13]. The work started with an overview of FL
systems and their constituent components before delving into a comprehensive taxonomy that covers various aspects of the topic.
Furthermore, it introduced multiple examples of popular systems and compared them with sufficient details. The authors also
suggested some design considerations followed by case studies of real-life applications in the healthcare, mobile service, and financial
industry. Lastly, a spotlight on the future scope of interesting FL research was given.

While the work above provided a literature review of the field of FL generally, [14] chose to shift its focus towards a specific
aspect: communication efficiency. The review detailed the core research questions raised when addressing communication efficiency
and the recent methods proposed to answer them. The solutions were categorized into local updating, selection of clients, model
updates reduction, decentralized/peer-to-peer learning, and compression schemes, giving a quick overview of research work and its
employed methods. The conclusion of the work provided a discussion of future work and expectations for communication efficiency
in FL.

The tutorial in [15] had its concentration put on the concept of IoT in relation to FL, providing a rigorous review of the work
and findings achieved thus far in the use of FL over IoT network. The survey sought to cover a larger area in its review by including
multiple significant parameters: methods of resource optimization, incentive mechanisms, local machine learning models, global
aggregation approaches, design of end-devices and cloud servers, and security, all while devising a coherent taxonomy for FL in
IoT. Furthermore, open research challenges and issues were discussed in detail, alluding to possible solutions awaiting research and
analysis, thereby concluding the paper with future predictions of the state of FL in the context of IoT.

The reviews summarized above are not a complete account of all existing surveys conducted on FL, much work was left out due
to redundancy or lack of direct correlation to the topic of discussion this paper is centered around. Some of such work is presented
in [12,16], and [17] which provided a general review of advancement in overall FL, while [18,19] chose to focus on specific aspects
of FL.

For the sake of clarity, Table 1 is prepared to provide a systematic comparison between the review work discussed in this section
against our paper. As expected, due to the communication and computational challenges in FL not being the focal point of discussion
in most of the surveys, a lack of coverage is observed. Although often marginal, client selection and updates compression were
the most touched upon communicational challenges in the works, whereas, no survey discussed updates dropping or over-the-air
aggregation, presumably owing to them being very recent techniques. In regards to computation, we observe that out of all four
challenges only resource allocation was covered, even though a considerable amount of research effort has been put into the other
topics, as will be made clear in future sections. This observed absence of discussion drives the need for this paper.

1.2. Motivation and contribution
In contrast to other surveys and tutorials written on the topic of FL, this work stands out in being the first to provide a

comprehensive and systematic review of the research conducted to address the issue of communication and computation efficiency
in the context of FL. As seen in Table 1, while some literature touched on efficiency in FL, in most cases it was either too brief or
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with a lack of comprehensive focus. Although [15] is primarily a reviewed work on communication efficiency, it has omitted the
discussion of computation efficiency.

Primarily FL differs from conventional ML in its heavy reliance on communication channels during the process of training, and
the utilization of often ill-prepared local devices to perform the highly complex computations of ML algorithms. This is particularly
evidenced by the wide interest in its employment for IoT and AloT applications, where the clients are underequipped for the
communicational and computational cost of FL training. More often than not, attempts at improving one of the two aspects of
the technology result in disadvantageous side effects on the other. This tradeoff has been noted by much of the literature reviewed
in this paper and omitting it from the discussion produces impractical solutions only. Therefore, we sought to cover both aspects of
the FL efficiency problem, out of the belief that the nuance that this brings forth is worthy of exploration.

Furthermore, the notion of FL remains very young in prospect and is rapidly evolving with many advancements taking place
within very short intervals of time. Our paper provides an updated view of the current landscape of the work done on improving
the efficiency of communication and computation in FL, as well as a general guide for those looking to either expand on the reach
of FL or find solutions to issues in their implementations. In other words, our contributions are as follows:

» We provide a comprehensive summary of the latest findings in improving the major issues of overhead in communication and
resource allocation in computation efficiency regarding FL implementations and systems.

» We present a systematic categorization of various methods utilized in addressing the issue, with a detailed comprehensive
overview of the work and its key contributions.

» We identify the open challenges and unanswered research questions in regard to communication and computation efficiency
of FL systems, and propose direction for further research.

1.3. Outline of the paper

As given in Fig. 1, our paper consists of seven sections in total. Section 2 is dedicated to giving a comprehensive summary of the
methodology of FL, with significant definitions, a breakdown of its components, and necessary taxonomy. Section 3 focuses primarily
on communication efficiency, whereas Section 4 covers computation efficiency; both of which provide essential background, and
categorize current areas of research and solutions into convenient subsections. Section 5 goes over the current challenges and the
possible research solutions before concluding the paper in Section 6.

2. Federated learning: an overview

FL or collaborative learning is a method used in ML to train an algorithm across multiple decentralized edge devices or servers
using their own local data. Although the groundwork for FL was laid long before, the formal introduction of the techniques was
credited to Google in 2016 [8,20], which helped formulate the central problem and introduced FL as a viable and reliable solution.
Ever since, the concept evolved immensely to accommodate a multitude of variations of the initial issue, as well as to be employed
in all types of applications and industries [2-5]. In this section, we introduce the concept of FL, its composing elements, variations,
and common framework implementations.

2.1. Definition, background and problem formulation

FL is a restructuring of the training process in ML, in which the need for a unified data center is removed to enhance data privacy
preservation. The clients/users that would otherwise communicate their data to the center, collaboratively train the ML model and
communicate their local updates to the parameters instead. This shifts the role of the central server to become the instructor that
ensures the learning process is conducted properly and the aggregator that unifies all the locally trained models into one global
model. This approach has several advantages: aside from enhancing privacy; it reduces the enormous load of training normally put
on the server, provides room for local personalization of the model, and eliminates the need to transfer a huge amount of data over
the network [21].

2.1.1. Essential components to Federated Learning systems
Due to the rapid development that the techniques have witnessed over the years, there exists plenty of diversity among FL
architectures and systems. However, several key components are often seen in any typical FL system; these components are:

* Model: the central ML model that the federated process seeks to train. It is constructed at the central server and is
communicated to all clients at the start of each training round for joint training.

» Clients/user equipment: any computational pieces of hardware tasked with the local training of the model, and communi-
cating parameter updates to the server. In the case of AloT, for example, the client side is represented by the edge and the fog
where AI computations normally take place.

+ Central server/manager: also known as the cloud in IoT system. It is the instructor of the entire process, where the global
model is first designed, and the rules of the training process are defined. Its responsibilities involve selecting clients for
participation, receiving parameter updates, and aggregating those parameters to improve the performance of the model. Note
that in the case of decentralized FL the server is replaced with a consensus mechanism and is eliminated from the structure.
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Fig. 1. Overall outline of the paper.

» Communication channel: any medium of communication used to communicate instructions and parameter updates between
the clients and the server.

» Parameter updates: the updates to the parameters of the ML model, learned in the latest round of local training. They are
communicated at the end of each training round to the central server where aggregation takes place.

2.1.2. Communication rounds in Federated Learning

A communication or global training round refers to a complete training cycle in which the global model is updated once.
Typically, training rounds in FL repeat iteratively until the global model converges and a desired accuracy is achieved. An average
FL training cycle can be seen in Fig. 2, and it consists of four stages:

1. Global Model communication: Available clients notify the manager of their readiness. The server then communicates the
global model to all participating clients signaling the beginning of the communication round.

2. Local Training: Each client trains the model locally making use of its own local dataset. The hyperparameters are decided
upon either locally or globally depending on the training scheme set up by the server.

3. Client Selection: The central manager selects a subset of clients to transmit their updates of the model. The selection protocol
is carried out by the server and its significance lies in preventing diminishing returns seen when the full set of clients is used.
It should be noted that in some FL frameworks, this step could take place before local training by monitoring the data quality
to decrease computational wastage. Works that implemented such a scheme are discussed in 4.3.

4. Global Aggregation: Upon reception of the updated parameters from each selected client, the server aggregates them into
one global model via a certain aggregation mechanism. With the model updated, the communication round comes to an end.
The performance of the model could be assessed and training could be terminated or a new communication round could
begin accordingly.

2.1.3. Problem formulation in Federated Learning

In the field of ML broadly, the problem addressed is that of learning a model that maps a set of input statistical data x to a
set of desired outputs y based on numerous training examples. The performance of the model is evaluated based on a certain loss
function f;(w), which is an error metric that represents the closeness of the outputs of the model to the actual desired outputs. In
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Fig. 2. Overview of the training process in FL.

other words, for a set of n number of example input-output pairs {x;,y;}?_,, the model aims to find the optimal weight vector(s) w

such that the loss function is minimized. A simple example could be seen in the loss function for a linear regression problem [20]:
1
filw) = E(x,.Tw — )%,y €Rand x; € R? &)

Although loss functions are specific to each ML technique, the problem in most cases could be formulated as an optimization problem
for a finite-sum of functions, as follows:

) _1x
min /() where f(w) =~ ;f,-(w) @

In the context of FL, the training process that minimizes the loss function takes place locally through gradient descent before the
weights w are communicated to the central server [8]. Assume an FL system with a fixed number of clients K, and each client is
hosting a partition of the data n;, indexed by the set of indexes P, = {1,2,...,i}. Upon receiving all local parameters, the global
server aggregates w to update the new global model. Based on the aggregation mechanism the global objective is set. For instance,
In FedAVG one of the most commonly used aggregation methods in FL [8], the loss function is updated to
K
1

fw) = z n_ka(w) where F(w)= — z fi(w) ®
=1 " "k iep,

Obviously, the problem becomes that of learning the aforementioned model distributively without exchanging of data.
2.2. Variation of Federated Learning infrastructures

Generally speaking, variation is an outcome of the development of any field of research, owing to diversity in thoughts and
perspectives among researchers. Although FL is relatively young, it bore witness to an enormous amount of growth and evolution,
giving birth to multiple variations and branches of the original concept. Generally, these variants can be categorized as follows:

i. Centralized, decentralized and semi-decentralized Federated Learning: Whereas the overview of FL given above assumed
the existence of a central server (i.e. centralized Federated Learning), the development of a fully decentralized system for
FL was suggested in multiple pieces of work [22]. The core concept is to achieve an aggregate of all the local updates
by exchanging weights among clients, eliminating the need for a central server. In some implementations, the consensus
schemes typical to blockchains motivated the incorporation of blockchains into FL. Kang et al. employed the Proof-of-Verifying
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ii.

iii.

mechanism, inspired by the Delegated Proof-of-Stake algorithm, to secure and select clients for aggregation [23]. Miners verify
the performance of each update from the clients and load the best few based on a specific threshold into a block, which is
then broadcasted to other miners for the consensus process to take place. Clients download the new block and average out
the parameters locally, signaling the end of the round. Other consensus mechanisms, such as Proof-of-Work [24,25] and
Proof-of-Stack [26], were used in a similar manner to achieve secure decentralized learning. Another related variation is a
hybrid of the two categories commonly called semi-decentralized FL. This configuration involves the organization of clients
into clusters, where each cluster communicates its weight updates to a separate small-scaled server at the center of the cluster,
often referred to as an edge server. The servers then improve the global model by means of aggregation in a decentralized
fashion [27].

Cross-silo and cross-device Federated Learning: Another way to categorize FL architectures is based on the scale of data
and training capability of clients. Cross-silo in the context of FL refers to any system that utilizes silos as clients with large
data and computational centers [28]. Due to the expensive nature of this structure, the number of clients is expected to be
significantly smaller, with very reliable connectivity and processing power. Such variation is typical to large organizations,
as implementations were seen in the medical [29] and agro-food sectors [30]. Comparatively, in cross-device FL the clients
are represented by an extremely large number of devices with much smaller data storage capacity and computational power.
Moreover, the connectivity and network reliability of these clients are typically low; therefore, selection of clients and error
handling are vital. This scheme is often seen in systems that utilize mobile devices [31] and unmanned aerial vehicles [32].
Horizontal and vertical Federated Learning: It is often the case that the partitioning of the training dataset in FL plays
a role in differentiating systems from one another. The distinction is made based on the common space all clients’ datasets
share when data is partitioned. In the case of Horizontal FL, the feature space, which is often represented by the columns in
a dataset table, is the same across all datasets, meaning that partitioning happened with horizontal cuts; across the sample
space [33]. In Vertical FL, on the other hand, the clients share the same data samples but not the attribute space, which implies
collaboration as opposed to the competitive nature of data privacy-preserving Horizontal FL. Furthermore, the difference in
configurations means a difference in the number of clients; since the feature space is often significantly smaller than the
sample space, having a large number of clients could be redundant [34]. Moreover, varying attribute spaces raise a need for
unique ML models, making the nature of federation different, as only parts of the global model are trained locally, and the
process of aggregation becomes that of combining the parts together as opposed to averaging full sets of weights, as is the
case in Horizontal FL [34].

iv. Single-layer and hierarchical Federated Leaning: As has been alluded to before, typical applications of FL, especially those

of cross-device configuration, host a very large number of clients, managed single-handedly by a singular central server.
This could prove problematic for many reasons at that scale, hence why the introduction of some hierarchy into FL was
deemed necessary. Hierarchical FL refers to an architecture that uses intermediate servers to mitigate a large amount of the
traffic between the clients and the central server [35]. This is possible through performing the process of aggregation at
each intermediate layer before the final aggregation at the center. Any number of intermediate layers could be added to the
hierarchy; nevertheless, most implementations find one layer to be sufficient and it is often a layer of edge servers [36-38].

2.3. Aggregation algorithms

The heart of an FL system lies in its aggregation mechanism; through which multiple separately trained ML models are combined
into one, that is capable of drawing inferences on each of the individual training datasets. Two of the model popular aggregation
algorithms used in FL are:

i.

ii.

FedSGD is often considered to be the base-line aggregation approach in FL. It involves each client calculating its own gradients
VF,(w,) before averaging them at the center and updating the global model [8]. Hence, an update with an arbitrary learning
rate # is written as

K
n
Wiy «— W —n Z IkVFk(wr) @
k=1

FedAVG is a more communicationally efficient approach, rendition of FedSGD, that involves averaging the weight updates
instead of the gradients, allowing the clients to perform multiple gradient steps before starting a communication round, hence
achieving convergence at a faster rate, and a reduced number of communication rounds [8].

K
ny k
Wiy — X Fw ®)
k=1

2.4. Role of Federated Learning in Internet of Things

The past years have witnessed stunningly rapid development and adoption of IoT technology, with smart things building a
stronghold in the technological market. The fame and popularity of Al meant that its incorporation into IoT was only a matter
of time. This merger gave birth to AloT where Al methods such as DNN are leveraged at the cloud, fog, or edge to enhance the
process of perception in IoT, with minimum latency. Since privacy is a very instrumental issue in IoT, the introduction of FL to
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AloT is a necessary step in the evolution of AloT. As mentioned before, the training structure of cross-device FL is highly fitting
for AloT architectures, where the central server can take the role of the cloud, and the clients are taken by the fog and edge in
a hierarchical topology. Nonetheless, edge and fog devices are often ill-equipped for the tasking process of training ML models,
due to their limited computational prowess [15]. Furthermore, IoT networks often rely on the existing internet communication
infrastructure which is highly underoptimized for FL. Hence, the issue of communication and computation efficiency is directly
influential in the development and growth of the field of AloT.

3. Communication efficiency in Federated Learning

Challenges such as improving model performance and handling low-quality data are not unique to FL, as a matter of fact, they
are broad issues that need to be addressed in all branches of the discipline of ML. Enhancing the efficiency of communication,
on the other hand, is a challenge centric only to FL, due to its dependency on data communication when exchanging parameters
to preserve client privacy. If one were to replace the common centralized data servers with FL architectures, data communication
would need to be efficient enough so as to be possible in the first place. Hence, the problem of communication efficiency is deemed
to be one of the most significant core challenges for FL-oriented research.

Communication efficiency is said to have been achieved if data could be transmitted through a channel with minimum energy
consumption. Generally speaking the energy needed for communicating a block of data of length | D;;| from i position to j is defined
by

PT |DI

il
_ J
E= — (6)

where P; is the transmitted signal power and C is the channel capacity or the data rate of transfer. Additionally, The channel
capacity is affected by the bandwidth of the channel and the signal-to-interference-plus-noise ratio (SINR). This paints a picture of
the multitude of parameters that could be manipulated and methods that could be taken to achieve efficiency. Naturally, It follows
that the solutions proposed for the improvement of communication in FL are diverse in their approach and methodology.

This section presents the current state of FL research in regard to communication efficiency, providing a systematic categorization
of the myriad of methods suggested based on the specific challenge the works address. For ease of navigation, Fig. 3 shows our
categorization of this research work and the respective subcategories based on the approach used in the solutions.

3.1. Client selection and dynamic scheduling

Exchanging model updates from and to the full list of participating clients contributes to the communication bottleneck during
an FL training round. Random selection of a subset of clients is a viable solution, but that randomness may result in a lot of
missed potential. In most FL implementations, the clients vary in design and capability, a diversity that extends to the quality of
communication mediums. Choosing the clients that meet the most favorable communication conditions in each round should help
achieve a higher average data rate, hence reducing the gap towards communication efficiency.

3.1.1. Stochastic client selection

Stochastic optimization is a process in which randomness is utilized to minimize or maximize a certain task [39]. This kind of
algorithms is preferred over deterministic ones in cases where one might be dealing with high non-linearity, dimensionality or noise
inherent to the problem. Chen et al. devised a client selection approach that arrives at the most optimal probability sampling for
clients in each round of communication [40]. The work availed itself of the Stochastic aspect of Stochastic Gradient Descent (SGD)
present in the unbiased estimation of the gradients of the loss function. By minimizing the variance between the estimated gradients
of a subset and the full set of clients the optimal probability model for client selection could be achieved. The analysis estimated
that this model could be found via the norms of the estimated gradients alone, which could be communicated to the server for
computation with negligible communication cost. Further analysis to prove a guarantee of convergence was performed, and the
experimentation results exhibited a very small decrease in accuracy from the full set of participants compared to uniform random
sampling.

As is the case with FedAVG and many other FL systems, random client selection is performed in an unbiased fashion. Biased
Stochastic client selection, in contrast, was suggested in [41], where the probability distribution for the process of selection is skewed
based on the loss value generated by each client from the global model. In Cho et al.’s work, a comprehensive analysis of the nature
of model convergence in FL was laid, concluding that skewing selection to accommodate more clients with large losses results in a
boost in convergence speed, with the down-size being further distance from the global optimum represented in their analysis by a
non-vanishing bias term. To handle this down-size, the Power-of-Choice algorithm was proposed, formulated based on a well-known
load-balance strategy: power of d choices [42]. The algorithm simply selects a subset of d clients from which it randomly selects
an active set of the clients, with those enjoying a higher global loss value being more likely to be selected. Their experiments show
that the solution resulted in three times the convergence speed with an increase of 10% in testing accuracy.

FLOB is another framework that makes use of biased stochastic optimization to select clients in FL [43]. The essence of FLOB
revolves around finding the best probability distribution that aids the server in selecting a near-optimal subset of clients that
produce the lowest global loss, or as the paper describes it: lower-bound-near-optimal probability distribution. In comparison with
FedAVG [8] and FedProx [44], FLOB shows greater improvement in inferring accuracy and loss, as well as a significant reduction in
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Fig. 3. Categorization of the literature on communication efficiency.

the number of communication rounds. Similarly, Chen et al. developed another biased client selector coined AdaFL, which assigns
higher probability to clients with higher attention value, calculated based on the distance between the local updates tensor and
the global one [45]. Additionally, the framework introduced an algorithm that dynamically arrives at the most suitable fraction of
clients to be selected.

The client selection methods discussed thus far based their selection mechanism on the performance of the global model based on
convergence, with little to no considerations for client communicational or computational failures or training biases. The research
conducted by Huang et al. took these considerations in mind when formulating their Stochastic solution [46]. In order to achieve
optimal selection with the noted constraints the problem is formulated as an Adversary Bandit, and is solved using the Multiple
Play Exponential-weight algorithm for Exploration and Exploitation (Exp3) [47]. The objective of the algorithm is to maximize the
reward gained from drawing a set of arms(clients) selected at a certain probability. In accordance with this method, Exp3 arrives
at the most optimal probability allocation and a multinomial distribution is then employed to randomly select the active set of
clients based on probability allocation. In comparison with other selection strategies, the proposed method produced double the
convergence speed at a similar prediction accuracy.

The same approach of local resources being the basis for client selections was observed in [48], only with consideration for
the future state of the resources. The algorithm, which was named Online Client sElection and bAndwidth allocatioN algorithm
(OCEAN), leverages the current state of resources and a queue that keeps track of previous states of energy to effectively select the
most efficient subset of clients for participation. Empirical experimentation depicted better model performance with minimal energy
consumption, in contrast to other optimization methods.

3.1.2. Greedy selection

An optimization algorithm is considered greedy if it works with the goal of finding the best solution or set of solutions possible,
that is to say, it does not accommodate any exceptions or leave any room for chance [49]. This subset of optimization algorithms is
flexible, and it is natural to see them being employed for the selection of clients. Federated averaging with diverse client selection
(DivFL) is a greedy approach to solving the issue proposed by Balakrishnan et al. in [50]. This study formulated the problem as a
Facility location function [51], which is a versatile submodular mathematical function that produces excellent representations of a
data space when maximized. A naive greedy algorithm was deployed to aid in selecting the best-limited subset that approximates
the gradient space of the full client set; the best client is then chosen and added to the set followed by the second best and so on
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until the desired number of clients is met. DivFL was simulated and tested on the famous FEMNIST dataset [52] and a synthetic
dataset described in [44], and the performance during which was recorded in contrast with random sampling and the previously
discussed Power-of-Choice [41], and it gave higher performance in terms of speed of convergence and classification accuracy in
both tests.

Another work utilizing greedy algorithm for client selection is called Multi-Criteria Client Selection Model for Optimal IoT
Federated Learning (FedMCCS), which considers multiple criteria when selecting the clients [53]. These criteria are training time,
memory size, CPU’s capability, and energy consumption during training. The paper formulates the problem of client selection as
a submodular bi-maximization function subject to the constraints of Knapsack, which is maximized via a greedy-based heuristic
algorithm. The steps taken towards the selection are as follows: the server sends a resource request to a random subset of clients,
each of the clients provides information about their resources and sends them as a response, the response provided and a regression-
based prediction on the resource utilization of each client are used to greedily pick the best clients for participation, and the rest of
the training round is carried in a typical fashion. The authors contrasted their method against typical FedAVG [8] and FedCS [54],
using the NSL-KDD public dataset [55]. Accuracy analysis showed that FedMCCS achieved higher convergence accuracy than both
methods, achieving 80% within an 8 times less period of time. Further testing on the discarded rounds of communication, depicted
only 45 rounds discarded during training when FedMCCS was tested, compared to FedAVG and FedCS at 686 and 667, respectively.

To ensure early convergence while avoiding communication overhead, Wang et al. [56], introduced Communication-Mitigated
Federated Learning (CMFL); which selects a subset of clients with parameter updates that subscribe the most to the general trend of
the global model. An update’s relevance is inferred by matching the signs of each parameter in a local update to those of the global,
based on which only clients that meet the relevance threshold communicate their updates for the round. When CMFL was utilized,
model convergence seemed to be reached in about 13.97 times fewer communication rounds as compared to conventional FL. This
rang true in the case of multi-task FL as well, where it even improved the testing accuracy on top of the expected communication
cost.

3.1.3. Game theory-based selection

Game theory is a mathematical field of study concerned with situations in which rational players interdependently interact with
each other based on a conflict of interest. In the auction mathematical game models in which players take the role of self-motivated
bidders or auctioneers, players with the best bids are rewarded with a certain payoff [57]. In the context of FL, Le et al. attempted
at formulating the problem of FL as an auction game, in which clients represent the bidders and the central server is the auctioneer,
with the payoff being the selection of the client for participation in the round of communication [58]. The problem was defined as
a minimization problem for a non-convex objective function that takes into consideration a measured lower bound of global epochs
based on the local accuracy, an estimation of the total required energy for communication, and the total time needed it takes for
the local parameter updates to be computed during training. Clients utilize the objective function to iteratively optimize it based
on their available resources, and the bid is then made based on the sub-channel number, antenna number, local accuracy level and
the training loss/cost. The auctioneer collects the bids and maximizes the social welfare of the system by selecting the best subset
of clients by means of a greedy approximation algorithm. Resources at the chosen clients are optimized, parameters are sent to the
server and each participating client receives their payment.

Zhang et al. designed a similar auction-based incentive mechanism to effectively select clients in FL setting [59]. Their
contribution to the idea was by adding a reputation model based on the contribution of the clients and their trustability. The
authors then improved on the framework in another study, by devising an “ex-post payment” incentive mechanism, that distributes
payments after the task was performed based on the actual performance of the model, in contrast to the workers’ (clients) claims
during bidding [60]. Furthermore, they published yet another paper that enhances the scheme by applying it to an online setting
where clients are free to participate and leave model training before or during tasks [61].

3.1.4. Deep learning-based selection

Research interest in the utility of Deep Learning models for solving complex optimization problems is not by any means recent,
their robust and protean design nature makes them viable for highly noisy and non-convex problems. Zhang et al. proposed Deep
Deterministic Policy Gradient (DDPG), which is a Deep Reinforcement Learning (DRL) algorithm, as a reliable method for improving
communication by means of optimally selecting clients for global aggregation in FL [62]. The modeled cost function to be minimized
took into account the communication cost, the training time, and the quality of training represented by the loss value. Typical to
any Reinforcement Learning algorithm, it defines a reward to be given to the trained agent based on the global state of the federated
environment and the action taken (the clients selected); the reward consists of the average cost value for the selection. A simulation
was set up with 1000 clients, trained on both the Independent and Identically Distributed (IID) and the non-IID versions of the
MNIST [63], Fashion MNIST [64], and CIFAR-10 datasets [65], and showed a significant decrease in communication rounds when
compared to FedSGD [8].

Similar use of DRL for picking optimal sets of clients, coined FAVOR, was proposed by Wang et al. with a specific focus on
Non-IID data, and utilizing Deep Q-learning (DQL) instead [66]. A dimensionally reduced tensor containing the weights of each
client along sides the global weights defines the state space, while the action space reflects a size-specific set of top clients with the
model trained to pick one at a time to iteratively fill the set. Based on a cumulatively discounted reward that measures the distance
between the testing accuracy and a set desired accuracy, the model performs its actions and updates the state. The same datasets
in [62] were deployed for evaluating the performance of the suggested FAVOR paradigm, where it exhibited a substantially reduced
number of communication rounds, with a slight enhancement in accuracy contrasted with FedAVG [8].
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In both [62,66], only one agent was trained at the server, which often results in a large action space that slows convergence. To
address this issue Zhang et al. formulated a novel method coined Federated Multi-Agent Reinforcement Learning (FedMARL) [67].
FedMARL moves the RL model (agent) from the central server to the clients, by installing an agent at each client device tasked only
with making a decision on the participation of that client in that communication round. Due to the very small action space, a simple
MLP was deemed enough to construct the client, not to mention that it makes consideration for the low computation power of most
client devices. The reward is given to each agent based on the mathematical formulation of the problem, as a maximization problem
of a function of the accuracy, communication cost and computation latency. The state space on the other hand was modeled based on
six terms: the local loss value, computational latency of local training, previous communication latency, current communication cost,
and the index of the training iteration. Global model accuracy is sent to each agent to calculate the rewards, and so client selection
improves with each communication round. FedMARL did not only acquire the overall best accuracy but also displayed 2.2 times
improvement in communication cost and 1.7 times decrease in processing latency, when compared to 8 different state-of-the-art
communication efficient FL schemes.

3.1.5. Meta-heuristic optimization

There often arise optimization problems to which exact solutions are either unobtainable or computationally highly expensive to
calculate; metaheuristic algorithms are a class of non-problem-dependent optimization paradigms that address these particular issues
by intelligently aiming for near-optimal solutions instead of optimal ones. Particle Swarm Optimization (PSO), is a well-researched
method that falls under that class, and was deployed as a viable solution for client selection in [68]. FedPSO, the algorithm proposed
in the work, does not select a subset of clients to send updates for aggregation, it instead picks only the one with the global best
gbest value, which is the minimum particle best pbest value achieved by the client. pbest is the output of the cost function generated
during training based on the weight updates produced during particle swarm search. The client with the gbhest communicates its
updates to the server, replacing the past global parameters and concluding the training step. The experiment conducted compared
FedPSO with the stable FedAVG [8], both of which were trained on the CIFAR-10 [65], and MNIST datasets [63]. Superior accuracy
and convergence speed were obtained by FedPSO, with similar communication cost to using five clients in FedAVG.

3.2. Updates compression

Adequate energy consumption could be realized with little consideration for a channel’s capacity when the data exchanged is
small in size. Compression is the process of reducing the size of a data block through various means to decrease energy consumption
during transmission, and by extension, the time taken to receive the full block. In FL, compression is especially useful when it comes
to dealing with DL models, as the size of updates communicated is often huge.

3.2.1. Lossy compression

Ideal effective compression paradigms do not exist, they must either compromise on computation cost or loss of information.
Lossy compression is a scheme that compromises the latter. The work of Caldas et al. is an instance of this, suggesting a lossy
compression scheme for data size reduction during communication [69]. The compression methodology consists of three stages,
the first being basis transform performed on the flattened weight vector of the local model, so as to minimize quantization error.
Secondly, uniformly random dropping of updates takes place, followed by the final stage of probabilistic quantization based on g-bit
uniform quantization; that is to quantize values to either the minimum or maximum weight value in each of the ¢ intervals based
on a specified probability distribution. Experimental testing of the scheme demonstrated an approximate 8 times acceleration in
communication.

A similar application of lossy compression can be observed in [70], proposing a sparsification-quantization-encoding model of
compression, coined FedZip. Upon the beginning of compression, each parameter tensor is compressed separately, starting with
sparsification based on the Top — z algorithm [71], where a weight value is dropped only if it is less than the zth top weight
parameter. The dithered tensors are then quantized via the k-means algorithm, where the clustered parameters take the values of
their centroids. Moreover, communication is further facilitated by applying Huffman Encoding [72]; it is worthy of noting that
this step is effective due to the cluster-based quantization performed previously, which produces values with high frequency, hence
shortening the encoded output. Compared to FedAVG [8] and FedSGD, FedZip [70] obtained a slightly less testing accuracy average,
with an upper bound of 1085 times the rate of compression.

A similar pattern to the dithering-quantization-encoding paradigm of compression seen in [70] is echoed in some other research
work, with varying algorithms and results. For instance, Shlezinger et al. demonstrated a similar scheme with lattice quantization
instead [73]. Sattler et al. in their Sparse Ternary Compression (STC) method [74], made use of top-k as their sparsification
algorithm, quantized the rest of the values to ternary matrices of both the positive and negative averages [75], and encoded them by
means of Golomb code [76]. In another study, a federated trained ternary quantization (FTTQ) was introduced in the same fashion
saving for the encoder [77]. The study dithered values based on an adaptive threshold calculated in accordance with the sparsity
of each normalized weight layer. Following sparsification, a trained ternary quantization (TTQ) method utilized the same threshold
to quantize the remaining parameters [78]. Interestingly enough, in this work compression is bi-directional, only the global weight
tensor is compressed as long as the drop in performance remains above 3%. Another bi-directional compression framework was
developed by Zheng et al. in [79], where a scale-round-limit approach was explored in the uplink, and Layered Quantization for
the downlink. Moreover, besides the aforementioned work, there exists plenty of other studies that relied on similar compression
schemes in FL [80-85].
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Compression through sketches, which is a group of dimensionality reduction methods is also widely adopted for facilitating
communication in FL. FetchSGD is a sketch-based compression approach developed by Rothchild et al. in [86] utilizing Count
Sketch [87] with momentum and error accumulation to ensure adequate recovery. Count sketch is also the building block of
SKETCHED-SGD, a similar paradigm to FetchSGD with minor differences [88]. It was, as well, utilized in [89] with additional
privacy preservation considerations. In all these implementations, the algorithm seemed to provide impressive performance in terms
of compression rate and model performance.

3.2.2. Lossless compression

Lossless compression refers to a form of compression where no loss of information occurs, with the trade-off being a lower
compression rate and/or higher computational cost compared to its lossy counterpart. PTSP, the compression algorithm used in [90],
is a prime example of lossless compression, visible in the complete recovery of the weight tensors communicated in the network.
This is achieved through neuron pruning and shuffling, the former conducted through merging an arbitrary number of weight values
according to a constructed distance matrix, where pairs with the minimum values are merged. As for shuffling, it is performed
between individual randomly picked weights iteratively for a pre-fixed number of times, keeping a record of all shuffles in the form
of index pairs.

In [91] a lossless yet computationally inexpensive quantization scheme was devised for efficient FL. Instead of a commonly
used linear quantization function, the authors opted for a non-linear cosine-based model instead, where weights and gradients are
quantized into angles calculated by taking the arccos of each parameter value in the flattened vector over its norm. To avoid wastage
during compression a quantization bound is computed for precession. It was finally modeled into a probability function to avoid
quantization bias. The full parameter vector can be recovered by reversing the process with help of the bound and norm values,
sent on communication. The lossless nature of compression resulted in the maintenance of high accuracy compared to other linear
compression paradigms, observed in the experimentation section of the paper, all while producing a compression rate of about 1000
times.

3.2.3. Compressive sensing

Compressive Sensing (CS) refers to a sensing scheme in which perceived signals are compressed at the time of sensing, which
allows for reliable sampling at a lower rate than the Nyquist rate [92]. This is only plausible if the sensed signal is sparse and
compressible, meaning a signal that contains mostly zero elements and its sorted elements tend towards polynomial decay. Note
that this is applicable to the signal in any of its domains.

Since CS could only be used when dealing with sparse signals, Jeon et al. started their implementation of CS with the design of
a signal transmission scheme that ensures sparsity in the communicated gradients [93]. This strategy involves the construction of
random permutation matrices applied to the signal upon transmission, and reverts back upon reception, to ensure the preservation
of sparsity in case the gradients had similar distribution. When the compressed signal is sent, the server iteratively reconstructs
the gradients with guidance from the linear minimum mean square error (LMMSE) obtained for efficiency of computation via
statistical information taken from and an approximation of the gradients collected at the client side. This method was compared
to the other reconstruction algorithms that rely on LMMSE through experimentation conducted on the MNIST dataset [63], and
showed a significant decrease in computational complexity, and closer classification accuracy to centralized ML.

Compressive sensing was shown to be integrable to the FL model in several other research studies, one of which was authored
by Li et al. [94]. In their implementation, CS-FL and 1-bit CS-FL were produced and compared against several commonly used FL
schemes. The work was divided into two phases, the first of which starts with the sparsification of the weight vector, with sparsified
values stored in a residual vector. A random measurement matrix compresses the vector which is sent to the server for averaging.
The global compressed measurement is then sent back to the clients for reconstruction via the iterative hard thresholding algorithm
(IHT) [95], and updates to the global model take place locally, signaling the start of the second phase. Training occurs at the client
side for a specific number of iterations before the residual vector is added back into the vector and quantized for communication.
The server averages the quantized 1-bit vector and sends it back to the clients for the last update for the weights completing a full
training cycle. The differences in 1-bit CS-FL from the standard method lie in the quantization of the compressed measurements in
the first phase and the subsequent use of the Binary Iterative Hard Thresholding (BIHT) algorithm as opposed to IHT. Simulation
proved that both algorithms show better convergence rates, higher testing accuracy, and lower communication cost as compared to
FL-STC [74], SignSGD [96], and FedAVG [8], when tested on the MNIST [63] and Fashion-MNIST [64] datasets.

Quantized compressed sensing (QCS) is a variation of CS that quantizes the to-be-transmitted compressed signals for further
reduction in data transmission. Oh et al. adapted the algorithm to FL systems by dividing the local updates into blocks and performing
the compression scheme block-wise [97]. Typically, a random projection matrix is used to compress the block vectors, the result of
which is then quantized using Q-bit scalar quantization. The produced signal is then transmitted to the server. Similar to the method
seen in [93] the signal is reconstructed iteratively based on the minimum mean square error (MMSE). The algorithm explored for
reconstruction was expectation maximization generalized approximate message passing (EM-GAMP) [98], where it approximates
the signal by modeling each quantized vector through a Bernoulli Gaussian-mixture distribution. The testing results of the method
demonstrated a near lossless reconstruction of the gradients, all while sizably reducing the communication cost.

Other adaptations of the same compression scheme seen in QCS can be noted with changes in either the recovery methods or
the quantization method. An instance of the former is QIHT seen in [99] that recovers the quantized compressed signal using IHT
(adapted for quantization). As for the latter, it can be observed in Abdi et al. exploration of a dithered quantization for CS (recovered
through an unbiased and an MMSE-based estimator) [100] and the vector quantization method developed by Oh et al. [101].
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3.3. Updates dropping

Stochastically dropping neurons out when training a neural network is a common technique utilized to overcome the problem of
overfitting. To alleviate the communication overhead in FL, a similar concept could be employed. Just as is the case in compression,
dropping some portion of the updates could help reduce the amount of data communicated and thereby enhance efficiency and
decrease communication time. The methodology for how to decide which neurons to drop out differs among the literature.

The compression aspect of [69] has been discussed in the previous section, nonetheless, the authors extended their model of
communication efficient FL to accommodate a dropout mechanism as well, coined Federated Dropout (FD); inspired by the widely
used dropout technique. The essential idea behind this scheme is to omit a fixed number of uniformly random activations in case of
a Multilayer Perceptron (MLP) or filters in case of Convolutional Neural Network (CNN), hence producing a sub-model that is sent
to the client for training. This not only reduces the communication cost due to the drop in communicated data, but it as well cuts
down on the computation cost.

Adaptive Federated Dropout (AFD) [102] was a dropout method developed by Bouacida et al. built on the work of [69]. It
sought to fill in the gaps left by its predecessor: the random nature of dropout which does not account for the unique configuration
of the neural network, and the lack of attention to memory-based networks such as RNNs. The authors proposed to introduce
a constructed activation score map that decides on the communicated activations based on relevance. Similar to [69] filters are
replaced by the activations in CNNs. Furthermore, considerations for RNNs were taken by only dropping connections of non-recurrent
nature. Utilizing this score map concept, two schemes were developed: Multi- and single-model AFD. The former constructs multiple
score maps to send unique sub-models to each client, whereas the latter constructs one map to be sent to all clients. Conducted
Experimentation demonstrated improved overall accuracy, convergence time, and compression rate to traditional FL and traditional
FD.

In an attempt to minimize the effects of parameters dropping on the accuracy during the training process, Zhu et al. suggested
the formulation of a bi-objective problem for the optimization of both the global model accuracy and the overall communication cost
induced in the process [103]. The modeled problem was solved using the genetic algorithm: non-dominated sorting genetic algorithm
IT (NSGA-II) [104], where the chromosomes consisted of the model’s hyperparameters (selected for improving the accuracy) and
the parameters of the modified sparse evolutionary training (SET) algorithm, employed to sparsify DL models with minimal effect
on inference efficiency, hence compressing them by dropping a fraction of the weights. The chromosomes were encoded in a hybrid
form of binary and floating points. For experimental validation, an MLP and a CNN were prepared and tested on the IID and Non-
IID versions of the MNIST datasets [63]. The numerical results exhibited a sizable decrease in model connections with a marginal
reduction in testing accuracy, communicating only around 10% to 12% of the total model updates.

Contrary to the work that reduces the number of updates by dropping them directly from the update matrix, Wu et al. suggested
reducing the size of the communicated parameters by means of knowledge distillation, which is the transfer of knowledge from a
large model to a smaller one [105]. This approach (FedKD) trains a large teacher model and a smaller student model on the local
data and only the student model is communicated to the server after knowledge was distilled between them. The communicated
gradients at the server are aggregated and sent back to each client where the updates student model transfers its knowledge back to
the teacher model, which is in turn used for inferring on new data samples. Considering the additional computation cost incurred,
this solution targets cross-silo applications only. The updates upon communication are further compressed through a singular value
decomposition-based approach. Comparison against the state-of-the-art approaches, including [69], showed a significant reduction
in communication cost by orders of magnitude, with marginal reduction in training quality.

Asynchronous model updating is an FL method that reduces communication cost by communicating the updated parameters
of deep layers less frequently than shallow ones [106]. The rationale behind this is that general data features are learned at the
shallower parts of the model, hence holding a higher impact on convergence. Besides, the parameters associated with said shallow
layers are often smaller in size, which reduces communication significantly. To ensure fast convergence, a state-of-the-art method
for server aggregation was also employed. The framework was tested on two different datasets with different DNN architectures,
and instrumentally less communication cost was observed.

3.4. Network topology refactoring

The configuration of connections and devices in a network is commonly called network topology. Intuitively, different topologies
should incur different communication costs between communicating elements. Building upon this concept, recent work was
dedicated to studying network topology as a possible area of contribution towards efficient communication in FL.

3.4.1. Decentralized Federated Learning

While optimizing network topology is deemed secondary in centralized FL, it is extremely essential in its decentralized counter-
part, due to the lack of a central server. Segmented Gossip Aggregation (SGA) was proposed in [107] to optimize communication
in decentralized FL. It is inspired by the gossip topology, which has been widely used in distributed optimization. In this method
the clients act as workers that “gossip” segments of their updates to some other clients for aggregation, hence propagating the
averaged model across the network. In a similar study, Wang et al. used the consistent hashing algorithm [108], to construct a ring
topology that elevates half of the communication pressure off of clients [109], while maintaining the same data rate as [107]. Both
topological configurations showed improvement in convergence, testing accuracy and channel capacity as compared to the fully
connected topology model.
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Fig. 4. Example of a Hierarchical Federated Learning architecture.

Another work that leverages topology in decentralized FL to improve communication and convergence was the D-Clique topology
by Bellet et al. [110]. Although the main intention behind designing this topology was to cope with heterogeneity in data, it proved
to be effective at improving network communication as well. D-Cliques are built on the idea of having fully connected subsets of
clients, each of which is called a clique [111]. These cliques are by turn connected based on an inter-cliqued topology, for which four
choices were suggested and tested during experimentation: fractal, ring, fully-connected and smallworld. This particular topology
exhibited a huge reduction in communication cost, keeping only 96% edge connections, that communicated around 96% less times
than the traditional fully connected scheme.

3.4.2. Hierarchical topology

Hierarchical FL follows the tree topology and was suggested as an approach to reduce communication latency, and overcome the
bandwidth constraint of the server by using small cell base stations (SBSs) as a mediatory layer for partial aggregation. Proximate
local clients aggregated their updates at the SBSs before sending their averaged updates to the server, which is the macro base
station (MBS) in the context of Hierarchical FL, for further aggregation, as illustrated in Fig. 4. In a modern IoT setting, the MBS
could be replaced with a cloud-based server and the SBS by fog or edge servers, as seen in [36].

Several studies had attempted to improve communication in this topology even further. For example, Abdellatif et al. attempted
to enhance the assignments of clients and communication resource allocation, to boost the convergence rate and reduce latency [35].
In their work, the problem of Hierarchical FL. was modeled as a Kullback-Leibler divergence (KLD) minimization problem, which
was solved analytically. On the other hand, He Yang suggested clustering end user devices based on the KLD and entropy of the local
datasets through K-means, and assigning each cluster to a separate SBS [112]. Further enhancement of communication latency in FL
systems with hierarchical structure was suggested in [113], where over-the-air aggregation, which will be discussed in Section 3.5,
was employed at both the SBS and the MBS.

3.4.3. Adaptive network topology

The common star topology seen in the traditional FL architecture is ideal for its cross-device configuration; however, the data
silos that cross-silo FL systems are built on enjoy just as great or even greater channel capacity than the central server, which
causes a great deal of inefficiency, prominently observed in the form of a bottleneck. Marfoq et al.’s solution was a network
non-specific topology optimized for maximum throughput, which is the number of communications performed within a specific
duration [114]. This was achieved by modeling the FL network as a directed graph called a connectivity graph, which simplifies
the actual communication infrastructure by concentrating on the silos and the connections between them. The paradigm suggested
is tasked with finding the best topological subgraph that optimizes the system’s throughput, modeled by means of the theory of
max-plus linear systems. Moreover, decentralized periodic averaging stochastic gradient descent (DPASGD) was employed as a
replacement for the averaging model introduced in FedAVG, which improves communication even further [115]. Compared to
the typical star topology, experimentation showed about 9 times improvement in data rate, and about 1.5 folds the improvement
compared to the state-of-the-art MATCHA topology used for distributed model training [116].
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3.5. Exploiting communication channel properties

Some inherent properties of communication channels could be exploited to alleviate some issues that arise in a particular
communication setting. As a solution to the communication overhead in FL over the wireless medium, exploiting the wave
superposition property of multi-access channels to perform aggregation “over-the-air” (OTA) was proposed by multiple studies
including [117]. To ensure minimal aggregation error, and optimal selection of client devices, the problem was modeled as an
optimization problem with sparsity in its objective function and a low-rank constraint. Furthermore, the problem was solved using
difference-of-convex-functions programming and its associated algorithm. The simulation demonstrated improved communication
with near identical training prediction accuracy and loss to conventional FL.

Another research paper by Zhu et al. addressed the issue of deployment of OTA-based schemes in modern digital wireless
systems by digitalizing the broadband OTA process [118]. This was possible through quantization and modulation of weights at the
edge, using one-bit gradient quantization and Quadrature Amplitude Modulation (QAM), respectively. The compressed updates are
thereafter decoded at the server through over-the-air majority voting. Sery et al.’s variation of OTA aggregation, on the other hand,
focused on mitigating the effects of noise produced during aggregation, especially when dealing with heterogeneous data, through
precoding and scaling of communicated updates [119]. Yet another research work was dubbed Unit-Modulus OTA computation
(UMAirComp), which reduces both the algorithmic complexity of optimizing aggregation and the cost of implementing RF chains
in multiple-input multiple-output FL [120]. Other similar OTA aggregation approaches were also proposed in [121,122]

4. Computation efficiency in Federated Learning

Despite the wide variety of ML algorithms and techniques, they are considerably computationally complex. This is especially
true in the case of DL, where complexity is proportional to the size of the neural network. In traditional centralized ML, the issue
is widely mitigated by boosting the computational capabilities of the computing hardware, particularly during the training phase.
Nevertheless, such an option is not always available for cross-device FL, where the utility of devices designed with little to no
consideration for ML training is fundamental. This is especially true in the case of IoT applications, and mobile crowdsourcing,
which are the two most common uses of cross-device FL. Thus, ensuring computational efficiency is of the essence if FL is to be
implemented.

Efficiency in the context of computation is often understood in terms of the time and energy it takes to perform certain
computational jobs. This is similar to the discussion on communication in the previous section in which physical parameters
can be manipulated to improve it. However, computation can also be enhanced by augmenting the algorithms involved in
these jobs themselves. This explains the wide use of BachmannLandau notations as measures of the computational complexity
of algorithms [123]. Since the issue of computation is this multifaceted, it is naturally expected that the literature on the topic
would suggest varying solutions with a focus on different aspects of the problem. This prompted the division of this section into the
subsections seen in Fig. 5.

The present section brings forth a summarized view of the research conducted thus far on tackling the issue of computation
inefficiency in FL. The reader should note that while communication and computation efficiency are interlinked especially when
it comes to FL, the problem of computation is its own entity that deserves focused attention. Nonetheless, this interlinked nature
explains why some papers are discussed in both sections of this paper. However, such discussions will be limited to computation,
as was similarly done in the previous section covering communication solely.

4.1. Resources allocation optimization

The computational capabilities of a device are limited by the device’s hardware resources. The recent accelerated development
of computational chips and their architecture made resource under-utility in the day-to-day usage of personal devices unnoticeable.
Nonetheless, in the case of the computationally heavy FL, these limits start to pose a significant threat to training efficiency,
therefore, optimal utilization is a necessity. Proper computational resource allocation in FL was a topic addressed by a sizable
amount of research work, which was hereby summarized, according to the method of optimization.

4.1.1. Analytical methods of optimization

In any typical application of ML, the frequency of the CPU’s clock directly affects the amount of energy consumed during the
training of the modal locally [124]. To optimize energy consumption for FL over wireless networks, Tran et al. proposed FEDL
which allocates the required frequency to minimize the energy consumption and computation time for each of the participating
clients [125]. FEDL mathematically categorizes the client device into one of three categories: devices that must run at maximum
frequency to perform training dubbed “bottleneck”, devices that can train the model on its minimum frequency and finish within
the assigned time called “strong” and devices whose optimal frequency is within the bounds of the feasible sets in which case the
frequency is weighted such that it the minimum amount of training time is achieved with minimal energy consumption possible.

Yang et al. proposed a framework that consists of multiple algorithms for optimized resource allocation for both communicational
and computation efficiency [126]. The resources targeted in the work involved the CPU’s frequency, the bandwidth of communica-
tion, the transmission power, the communication time, and the accuracy of the model, all of which were controlled so as to enhance
the rate of energy preservation. The methodology suggested involves two stages, an initial solution is first found through a bisection
method based on which the accuracy and communication time were calculated via the Dinkelbach method, by fixing the rest of
the resources. The second stage then involves solving for the rest of the values based on the solution of the first stage. The two
stages are then iterated over until convergence. The experimentation conducted compared the proposed solution to the traditional
approach for FL and demonstrated about 59.5% improvement in energy consumption.
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Fig. 5. Categorization of the literature on computation efficiency.

4.1.2. Deep learning-based optimization

While static, direct, mathematical optimization is feasible, as evident by the attempts seen in [125,126], it could be deemed
impractical in networks with unstable client connections, where exact mathematical modeling proves difficult. Consequently, Zhan
et al. overcame this shortcoming through DRL. The experience-based nature of DRL models ensures a near-optimal solution all
while removing the need for a rigorous mathematical model that describes the quality of network connections. The work employed
Proximal Policy Optimization (PPO) DRL algorithm with a state space that consists of past measurements of the bandwidths of
each client device. Similar to [125], the optimized parameter was the frequency of the CPUs, and hence it was set as the action
space. Simulated experiments showed significant improvement in reducing the computational cost for the overall system compared
to traditional FedAVG and the method proposed by Tran et al. [125]. Similar methodology was adopted in [127] for networks that
consist of mobile devices, only DQL was employed for decision making instead.

Nguyen et al. [128] proposed, an implementation of a DQL model to optimize the resource allocation of both computational and
communicational resources in a mobile FL setting. Regarding computation, the issue of limited battery capacity in mobile client
devices was the main concern, solved by means of a power beacon that recharges the devices remotely. To avoid the energy cost
imposed by naive charging, the DQL model was employed to optimize the charging process. The action space, hence, was set up as
the amount of energy assigned to charge each device in the network. The state of the model, on the other hand, involved the current
energy state of the device, the quality of its communication channel, and its position pertaining to the range of communication of
the central server. The DQL model was trained and tested against other resource allocation methods namely RL, greedy and random
allocation, where it showed superior performance.

4.1.3. Game theory-based optimization

Game theory was not only proposed to improve communication efficiency as discussed in Section 3 but it was also proposed by
some research work to improve the allocation of clients’ computational resources instead. Sarikaya et al.’s work is a prominent
example of this, where the Stackelberg game mode (known as well by the Stackelberg leadership model) was explored for
the task [129]. The leadership role in the game is naturally assigned to the server, where it sets its budget, and the clients
(followers), motivated by the potential revenue, negotiate about the optimal CPU power to reduce training latency and achieve
Stackelberg equilibrium. Moreover, the game was split into two separate subgames; lower-level and upper-level, to facilitate
analytical optimization. Empirical testing demonstrated great contribution to reducing training time delay and discussed important
trade-offs associated with the parameters of the framework.

The crowdsourcing framework presented in [130] demonstrates a similar two-stage Stackelberg leadership model for resource
allocation. The difference is in the proposed analytical solution that finds Stackelberg equilibria in linear time, as well as the addition
of an admission control scheme to further enhance communication efficiency and ensure adequate weight update quality. Moreover,
it is important to mention that these are not the only instances in which the mechanism was observed for FL; other studies were
conducted with variations of the same game employed for the same task [131-133].
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4.2. Client selection based on data quality

In Section 3 of this paper, the concept of client selection for communication efficiency was discussed. In these solutions, the
selection process was based on the quality of the weight updates produced by clients during local training. This technique often
gives rise to a tradeoff between communication and computation, as it results in discarded expensive computations performed by
unselected clients. To overcome this tradeoff, client selection based on data quality was suggested.

Data-Quality-based Scheduling (DQS) was proposed by Taik et al. to reduce the computational cost associated with gradient-
based client selection in federated edge learning [134]. Measurement of data quality in the study was induced based on the client’s
reputation and an index for the diversity of the data it holds. This measure was set to be maximized in an optimization problem
model, solved via a greedy knapsack algorithm that enjoys both low complexity and high computation speed. Experimentation
conducted by the authors exhibited sizable improvement in efficiency, while providing protection against data poisoning attacks
known to affect FL systems.

Another attempt at avoiding unnecessary expensive computation through assessment of data quality was seen in [135]. The work
formulates an irrelevance score based on three expressions; volume of data, class imbalance, and the non-IID nature of data. Upon
calculation of the score, a sampling algorithm is deployed to produce a probability distribution for client selection based on three
different sign-based pools. A certain number of clients is selected from each pool with a preference for those clients closest to a
score of zero. An experiment was performed on 6 different datasets, and the sampling algorithm was observed to have achieved up
to 80% faster convergence when compared to FedAVG [8] and other recent methods of client selection.

Although picking clients with the highest quality data is an effective way of improving the efficiency of computation all while
improving the process of training, it is quite a rare occupancy to have data distributions with perfectly relevant data instances.
Hence why Nagalapatti et al. suggested moving the process of selection towards individual data points instead [136]. In the
paper, Federated Learning with Relevant Data (FLRD) was introduced to ensure the absence of irrelevant data. At the heart of
the framework, an RL model named Relevant Data Selector (RDS) is trained on local data, with feedback from the global model,
to assign relevance scores and select data points for training in each communication round. FLRD showed an observable boost in
prediction performance, and faster convergence when compared to conventional FL and other recently developed FL frameworks in
a simulated experiment.

4.3. Hyperparameter optimization

The parameters responsible for controlling the training process of any ML model are often referred to as hyperparameters. Varying
these hyperparameters affects learning in a myriad of ways and randomly assigning them runs the risk of yielding unfavorable
performance. Whereas the main goal in central ML is to boost the accuracy of the model while minimizing the convergence time,
it is a different case in FL. The computational resources in federated training are often scarce with higher constraints. Many of
these hyperparameters impact the computational cost of training immensely [137]. Having a very low learning rate, for example,
results in prolonged training which significantly increases the number of computations. Another instance is the number of hidden
layers and neurons in DNNs, which is proportional to the computational burden endured per training round. Selecting inadequate
hyperparameters results in the wastage of valuable computations leading to a great deal of inefficiency. Consequently, this section
was prepared to discuss the latest findings on the optimization of hyperparameters in FL. It should be noted that some of the work
discussed does not target computational efficiency specifically, however, their unintentional contribution to the efficiency of FL was
enough of a reason to be included.

4.3.1. Local hyperparameter optimization

The distinction between local and global hyperparameters in this section refers to the typical ML hyperparameters and the
federated parameters that govern the communication and aggregation process in FL, respectively. The challenge of tuning the local
hyperparameters takes a unique form in the case of FL, mainly due to the heterogeneity in client devices, their computational
capabilities, and their local data. Setting the hyperparameters naively slows the process of global convergence, and in some cases
enlarges the variance of weight updates which incurs a sizable amount of computational waste. One of the studies that sought to
find a solution for the issue was [103] discussed in Section 3.4 for its contribution to improving communication efficiency in FL.
The paper discussed the use of NSGA-II, a genetic algorithm, to tune the hyperparameters of the trained model, considering the
learning rate, size of filters, and the number of nodes in each neural layer. The results showed a 10% improvement in convergence
speed measured in communication rounds.

Another piece of work that explored a metaheuristic algorithm for hyperparameter optimization was conducted by Qolomany
et al. where PSO was selected, for its effectiveness and low computational complexity, as the method for optimization [138]. The
paper concentrated on industrial IoT and smart cities when implementing the algorithm, particularly testing its framework for
traffic flow and maintenance need prediction (using the City Pulse EU FP7 and Microsoft Azure Intelligence Gallery’s predictive
maintenance dataset, respectively). The results were compared to those produced by GridSearchCV, where it was shown that PSO
requires 98% less training before convergence.

Federated Loss SuRface Aggregation (FLoRA) is a hyperparameter optimization technique developed particularly for FL by Zhou
et al. [139]. The framework operates by first finding the best local hyperparameters based on a single local training epoch by
means of adaptive optimization (Bayesian Optimization). The selected hyperparameters are aggregated at the server via one of
the four suggested methods of loss surface aggregation, based on which the best set is chosen and distributed back among the
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client devices. To validate the proposed methodology, simulated experiments were conducted, where Boosted Decision Trees were
trained and tested on seven different datasets. all four methods of aggregation were compared to the default parameters set by Scikit
Learn the implementation library [140] and depicted noticeable improvement in terms of the amount of computation needed before
convergence and accuracy.

Perhaps an obvious shortcoming that could be noted in [138] was its lack of consideration for the diversity of client devices
and data when tuning the hyperparameters. Genetic clustered FL (CFL) was an algorithm developed particularly to address that
diversity, by grouping clients into clusters, and optimizing the hyperparameters in models for each cluster [141]. A list of learning
rates is declared and a random subset is sent to each client to be trained for one epoch, where the clients respond by sending back
the learning rate with the minimum training error. Based on these learning rates the clients are clustered via Density-based spatial
clustering of applications with noise (DBSCAN) [142], chosen for its dynamic number of clusters. Lastly, a typical genetic algorithm
tunes the hyperparameters clusterwise. Genetic CFL was tested on MNIST [63] and CIFAR-10 [65] and showed a significant increase
in both performance and convergence speed, achieving an accuracy of 99.79% and 76.88% respectively for both datasets.

In most implementations of FL the number of local epochs or training iterations is fixed for all clients, which Li et al. argued that
it causes great inefficiency when dealing with device and data heterogeneity [44]. Differences in hardware specification and degree
to which the data is Non-IID result in inconsistent local training time, which leads to slower convergence and waste of computational
resources. Their solution was FedProx which is a framework that allows clients with a lower reservoir of computational resources
to perform fewer local epochs before sending updates to the server. However, to avoid predictive divergence in the global model as
a result, an addition of a proximal term to the local weight optimization problem was necessary (making each local weight update
an inexact solution to the problem). implementation of FedProx displayed a faster convergence rate and an average improvement
of 22% predictive accuracy. Note that the same suggestion of varying local epochs was proposed in [143], with the difference being
the utilization of a DNN for deciding local epochs beforehand.

4.3.2. Global hyperparameter optimization

The convergence analysis conducted on FL recently by Wang et al. in [144] demonstrated a correlation between convergence
speed and the frequency at which global communication rounds take place. The methodology involved analyzing local training in
terms of elapsed real-time and server-based averaging of gradients to optimize the frequency of server averaging. The results of said
analysis demonstrated that communication between the clients and the server should be incremented periodically to ensure optimal
convergence speed. This finding was the basis of their adaptive communication strategy (AdaComm), which divides training time
into fixed periods, in each of which communication frequency is decided analytically. This method reduced training time by three
folds when tested on the CIFAR10 and CIFAR100 databases [65], via the DL models ResNet50 [145] and VGG16 [146].

4.4. Model pruning and layer freezing

When dealing with DL models, it is at times the case that not all neurons in the network are utilized for learning, resulting in
a number of parameters that contribute little to nothing to the prediction process. The pruning of said neurons can save valuable
computational resources with minimal effects on the accuracy of inference. This concept was applied to FL in a framework named
PruneFL [147]. The framework prunes DL models by means of an adaptive algorithm in two stages. First the device with the best
resources is utilized for the initial pruning based on its local data in an iterative manner until convergence. Then, the server picks up
the task further pruning the model based on the parameters obtained during each training round from all local clients. To verify the
effectiveness of the introduced framework, the authors tested it by incorporating four different NN architectures on four different
datasets. It has been observed that PruneFL seemed to achieve convergence at less than a third of the time it takes conventional
FL and other state-of-the-art pruning methods, requiring far fewer floating point operations per second (FLOPS) while maintaining
almost the same inferring accuracy.

HeteroFL is an FL framework formulated by Diao et al. [148] that employs a similar concept to model pruning. However, instead
of selectively dropping irrelevant neurons from the trained model, HeteroFL centers around the notion that large DNN models with
wide layers still produce sufficient prediction accuracy upon width reduction. Accordingly, an adaptive algorithm was developed to
assign subsets of the model with narrower layers to each client based on its computational abilities. Furthermore, the framework
sought to address two additional issues; namely the cost of the statistical information tracked by Batch Normalization layers, and
the divergence of parameter updates observed when models are trained with layer widths. The former was solved by statically
normalizing mini-batches and the latter through a scaler layer that scales learned features similarly to dropout layers. A simulated
experiment that consisted of three different DNN models trained on different datasets showed that HeteroFL achieved almost similar
global prediction accuracy to that of FedAVG [8] with far fewer learned parameters and FLOPS at high scaling ratios.

While model pruning reduces computation cost by dropping neurons altogether, layer freezing keeps all its neurons and only
performs forward passes only, thus cutting down the amount of needed computation in half. CoCo-FL is a framework that employs
the concept of layer freezing proposed by Pfeiffer et al. [149]. Besides freezing layers, the authors suggested reducing computation
further by quantizing frozen layers during forward and/or backward passes based on certain criteria. Whereas an arbitrary manual
method of configuring local DNN models (in terms of layer freezing and quantization) is feasible, it is highly impractical, therefore,
the study utilized a heuristic optimization algorithm to select appropriate configurations for each local model during training. In
a comparison among CoCo-FL, FedAVG [8] and HeteroFL [148], the first scored the fastest convergence rate while retaining close
accuracy to FedAVG when tested on the CIFAR dataset [65].
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5. Challenges and future scope

Despite the relatively young age of FL technology, there has been notable progress made in improving the efficiency of
communication and computation. Nonetheless, there remains plenty of room for improvement. This section discusses open issues
and challenges that are either yet to be addressed or lack comprehensive study to be ready for practical implementation.

5.1. Suitability for Massive Scale Networks

Perhaps one of the most glaring issues with the literature reviewed in this paper is the limited scale of implementation,
evidenced by the small numbers of clients prepared in empirical testing simulations. In many practical implementations, FL. might
need to accommodate a massive number of devices. To better imagine the scale of such networks one may take a look at two
implementations of FL implemented in recent years; the Google keyboard (Gboard), with more than a billion installs [150], and
Apple’s Siri preinstalled on hundreds of millions of iPhone devices around the globe.

As noted in Section 2, AloT architectures and applications are intuitive candidates for FL utilization, particularly for its rule in
privacy preservation. It is predicted by Transforma Insights that the number of connected IoT devices will reach 30.5 billion active
devices by 2030 [151]. In such implementations, where the number of clients spans to such a massive quantity, it is uncertain if
any of the techniques reviewed in this paper would be capable of withstanding this massive volume.

The study conducted by Bonawitz et al. is one of the few instances of an FL-oriented system designed for large-scale
applications [31]. It addressed several communication issues such as instability of connections and resource limitations. The work
was used as a building block for the generalized system seen in [152]. However, beyond these pieces of research, little work was
put into adopting efficiency frameworks to massive FL networks that make use of mobile crowdsensing. Perhaps future research
work could concentrate on such a task, and demonstrate framework efficacy through experimentations that involve large numbers
of client devices, simulated or otherwise.

5.2. The security trade-off

Various trade-offs were observed and discussed in the work reviewed above; nevertheless, a less obvious one is the security-
efficiency trade-off. The principal motivation behind FL is the preservation of user data, which is threatened in many cases by the
efficiency solutions suggested by the various research work conducted on the topic. This can be noted in multiple solutions to the
problem of client selection, where critical information about client devices and connection states are shared across the network prior
to selection. Such information in multi-access networks such as those carried through wifi is especially vulnerable to interception and
interference. Similarly, the same issue is echoed in solutions for resource allocation and hyperparameter optimization that require
a similar exchange of information as seen in [53,58,127,129]. In massive networks where efficiency solutions are necessary, such
as AloT networks, ensuring awareness of privacy constraints is crucial. Security and privacy-aware FL solutions to communication
and/or computation efficiency could perhaps be an interesting direction for future studies to focus on.

5.3. Framework unification

The methods discussed in previous sections brought forth solutions to a multitude of efficiency problems, but it remains uncertain
if several of these solutions could be incorporated together to form unified frameworks for whatever required purpose, and if that
would result in unfavored tradeoffs either in regards to computation or communication. To illustrate this point further, one might
take a look at [62,105], and [127], all of which utilized DNN to solve the issue of client selection, updates compression, and
resource allocation, respectively. Having all of these DNN models operating in the same framework could result in a large additional
computation cost, due to the resource-hungry nature of DNN.

Bui et al. offered an example of a unified framework for federated and continual learning targeted particularly at variational
inference [153]. The work combines multiple algorithms from the scattered literary work on the topic into one straightforward and
coherent framework with impressive capabilities. Such a framework is desperately needed in efficient FL, plagued with fragmented
research. Additionally, future research could study the extent to which certain approaches could be coupled into encompassing
frameworks.

5.4. Standarized benchmarking

Benchmarking in the context of machine learning refers to a set of standardized tools employed for the rigorous evaluation of
models in comparison to other models of the same class. FL-orientated communication and computation research relies on a small
variety of common datasets, which often do not properly convey the true performance of models in practice. For instance, most
basic neural networks can show overwhelmingly high prediction accuracy with the MNIST [63], and CIFAR10 [65] datasets, which
makes it hard to judge the true impact of the efficiency-performance trade-off. This is a special variability to FL since it relies on
client-collected datasets, which are most likely not as tidy as most of the widely used testing datasets.

Furthermore, there is a grave lack of standardization of benchmarking in the field of FL in general and efficiency research in
specific. It is hard to make out the extent to which a communication or computation framework might be more efficient than another
when aspects of comparison almost always differ from one work to another. Therefore, the community is in dire need for a standard
benchmark framework capable of effectively measuring the practical performance of FL frameworks.
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6. Summary

Ever since its emergence in late 2015, Federated Learning has witnessed a fast-paced surge in global research interest. a significant
chunk of said research was dedicated towards finding solutions to improve communication and/or computation efficiency which are
very crucial in the practical implementation of the technology. This review paper provides a comprehensive, systematic overview
of the current state of research on the topic, covering in-depth and breadth a wide variety of recent solutions and techniques.
Particularly, we construct a convenient taxonomy that breaks down and encompasses the numerous techniques, frameworks,
and algorithms developed to address the issue. Communication efficiency research was categorized into client selection, updates
compression, updates dropping, network topology, and over-the-air aggregation; whereas computation efficiency research was
divided into resource allocation, client selection, hyperparameter optimization, and model pruning. Lastly, we discuss the most
pressing current challenges facing the field, based on which we propose several possible directions for future research work.
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