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Abstract—In parallel with the rapid adoption of Artificial
Intelligence (Al empowered by advances in Al research, there
have been growing awareness and concerns of data privacy.
Recent significant developments in the data regulation landscape
have prompted a seismic shift in interest towards privacy-
preserving Al. This has contributed to the popularity of Fed-
erated Learning (FL), the leading paradigm for the training of
machine learning models on data silos in a privacy-preserving
manner, Personalizéc
FL. (PFL) to address the fundamental challenges of Fi. on
heterogencous data, a_universal characteristic inherent in all
real-world datasets. (We analyze the key motivations for PFL
and present a unique taxonomy of PFL techniques categorized
according to the key challenges and personalization strategies in
PFL. We highlight their key ideas, challenges and spportunities
and envision promising future trajectories of research towards
new PFL architectural design, realistic PFL benchmarking. and
trustworthy PFL. approaches.

Index Terms—federated learning, personalized federated learn-
ing, non-11D data, statistical heterogencity, privacy preservation,
edge computing.

[. INTRODUCTION

HE pervasiveness of edge devices in modern socicty.,
such as mobile phones und wearable devices. has led to
the rapid growth of private data originating from distributed
sources. In this digital age, organizations are using big data
and artificial intelligence (Al) to optimize their processes and
performance. While the wealth of data offers tremendous
opportunities for Al applications, most of these data are
highly-sensitive in nature and they exist in the form of isolated
islands. This 1s especially relevant in the healthcare industry
where medical data are highly-sensitive and they are often
collected and reside across diiferent healthcare institutions [ | |-
[]. Such circumstances pose huge challenges for Al adoption
as data privacy issues are not well addressed by conventional
Al approaches. With the recent introduction ol data privacy
preservation laws such as the General Data Protection Regu-
lation (GDPR) [5]. there is an increasing demand for privicy-
preserving Al [6] in order to meet regulatory compliance.
In view of these data privacy challenges. Federated Learning
(FL) [7]. 8] has seen growing popularity in recent years. FL
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{ex;s[ing FL training approaches are derived from the Federated

is a learning paradigm that enables collaborative training of
machine learning models involving multiple data silos in a
privacy-preserving manner. The prevailing FL setting assumes
a federation of data owners (ak.a. clients). which may be
as small as individual mobile devices o as large as entire
organizations. that collaboratively train a model under the
orchestration of a central parameter server (ak.a. the FL
server) [7]. [8]. The training data are stored locally and are
not directly shared during the training process. [)

Averaging (FedAvg) algorithm introduced inﬁ‘) ‘he goal is
to train a global model that performs well on most FL clients.

A. Categorization of Federated Learning

——

FL can be categorized into horizontal FL (HFL). vertical
FL (VFL) and federited transfer learning (FTL), according
to how data are distributed 0 terms of feature and sample

spaces among participating entities | 7].¢HFL refers to scenarios

whereby participants share the same feature space but have

different data samples. Tt is the most commonly adopted FL
setting popularized by Google. which applied HEL to train
lunguage models in mobile devices [9]. In VFL. participants
have overlapping data samples. but differ in the feature space.
A typical application scenario would involve the collaboration
ol multiple organizations {from different industry sectors (e.g..
a bank and an e-commerce company) which have different
data features but may have a large number of shared users.
FTL is applicable when participants have little overlap in
both the feature space and the sample space. For example,
organizations from different industry sectors serving markets
in different regions can leverage FTL to collaboratively build
models. Existing PFL works mainly focus on the HFL setting
which makes up the majority of the FL application scenarios
[8]. The HEL setting is_the focus of this paper. For brevity.
we use thefterms HFL and FL interchangeably in the rest of
this survey.
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B. Motivations for Personalized Federared Learning
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Fig. | illustrates the key concepts and motivations for _*_\ § Al

centralized machine learning (CML) [10]. FL and PFL. We
consider a cloud-based CML setting where data are pooled
together in the cloud server to train an ML model. In this
setting. the CME. model achieves good generalization from
the rich amount of data, However. CML faces bandwidth and
latency challenges due to the sheer amount of data transferred
to the cloud. It also does not preserve data privacy or not
personalize well.

The FL setting assumes a federation of distributed clients,
cach with its own private local dataset. As these clients
face data scarcity that limit their capacities to train effective
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Fig. 1@ Concept, Motivations & Proposed Taxonomy for Personalized Federated learning. a. Centralized machine learning
(CML) which pools data together to train a central ML model. b. Federated learning (FL) which trains a global model
under the orchestration of a central parameter server. Data resides in different data silos. ¢. Personalized federated learning
(PFL) which addresses the limitations of FL through global model personalization and personalized models learning. 1-4 Four
categories of PFL approaches: 1) data-based, 2) model-based 3) architecture-based, 4) similarity-based.

cMl ¢ centralized machine anng

local models. they are motivated to join the FL process to
obtain a better performing model. FL. enables collaborative
model training on data silos in a privacy-preserving manner.
which sets it apart from the CML setting. Additionally, FL is
‘l communication-efficient as it only transfers model parameters
which are a fraction in size compared to transferring raw
data. By considering privacy and communication constraints,
FL is applicable to support a wide range of application
scenarios such as Internet of Things (IoT), that entails privacy,
connectivity, bandwidth and latency challenges in varying edge
computing environments [ 1]. C HQW el '
However. the general FL approach faces several fundamen-
tal challenges: poor_convergence on highly heterogeneous
data, undlack of solution personalization. These issues
deteriorate the performance of the global FL model on in-
dividual clients in the presence of heterogencous local data
distributions, and may even disincentivize atfected clients from

joining the FL proccss.ﬁompurcd to traditional FL. PFL
research seeks to address these two challenges.

Poor Convergence on Heterogeneous Data: When learn-
ing on non-independent and identically distributed (non-11D)
data, the accuracy of FedAvg is significantly reduced. This

performance degradation is attribuled to the phenomenon of

client drift [12]. as a result of the rounds of local training and
synchronization on local data distributions that are non-11D.

Fig. 2 illustrates the effect of client drift on 1D and non-11D
data. In FedAvg. the server updates move toward the average
of client optima. When data are 1D, the averaged model is
close to the global optimum «™ as it is equidistant to both
local optima w} and w). However. when data are non-11D.
the global optimum w* is not equidistant to the local optima.
In this illustration. w”™ is closer to wj. The averaged model
w' T will therefore be far from the global optimum «*. and
the global model does not converge to its true global optimum.
As the FedAvg algorithm experiences convergence issues on
non-11D data, careful tuning of hyperparameters (e.g., learning
rate decay) is required to improve learning stability |13].

Lack of Solution Personalization: In the vanilla FL
setting, a single globally-shared model is trained to fit the
“average client”™. As a result. the global model will not
generalize well for a local distribution that is very different
from the global distribution. Having a single model is often
insufficient for practical applications which often face non-11D
local datasets. Taking the example of applying FL (o develop
language models for mobile keyboards, users from different
demographics are likely to have divergent usage patterns due
to diverse generational, linguistic and cultural nuances. Certain
words or emojis are likely be used predominantly by specific
groups of users. For such a scenario, a more tailored prediction
pattern is needed for each individual user in order for the word
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Fig. 2: lustration of client drift in FedAvg for 2 chents with
2 local steps. a 1ID data setting. b Non-I1D data setting.
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suggestions to be meaningful.

C. Contributions

There are several surveys on the general concepts, methods
and applications of FL [7]. [14]. Others review FL from the
perspectives of privacy [15] and robustness [16]. Our survey
focuses on PFL, which studies the problem ol learning person-
alized models to handle statistical heterogeneity under the FL
setting. There is a shortage of a comprehensive survey on PFL
that provides a systematic perspective on this important topic
for new researchers. In this paper, we bridge this gap in the
current FL literature. Our main contributions are summarized
as follows:

o We provide a succinct overview of FL and its categoriza-

tion. A detailed analysis of the key motivations for PFL
in the current FL settings is also included.

of We identify personalization strategies to address key
FL challenges. and offer a unique data-based, model-
based, architecture-based and similarity-based perspective
for guiding the review of the PFL. lilerature.
this perspective. we propose a hierarchical taxonomy to
present existing works on PFL. highlighting the chal-
lenges they face. their main ideas and assumptions they
made which could introduce potential limitations.

ased on

bonchmarfcing * {Wc discuss commonly adopted public datasets and evalu-

ation metrics in the current literature for PFL benchmark-
ting. and offer suggestions on enhancing PFL experimen-
tal evaluation techniques.

o We envision promising future trajectories of research
towards new architectural design. realistic benchmarking,
and trustworthy approaches towards building personalized
federated learning systems.

II. STRATEGIES FOR PERSONALIZED FEDERATED
LEARNING
In this section, we provide an overview of the PFL strategies
which are the basis for our systematic and comprchensive
review of existing PFL approaches. We organize the literature
around the proposed taxonomy (Fig. lc) that divides PFL
methods according to the key challenges and personalization

strategies involved.
\
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The first strategy addresses the performance issues in
training a globally-shared FL model on heterogeneous data.
When learning on non-11D data. the accuracy of FedAvg-
based approaches is significantly reduced due to client drift.
Under global model personalization. the PFL sewp closely
follows the general FL training procedure where a single
global FL model is trained. The trained global FL. model is
then personalized for each FL client through a local adaptation
step that involves additional training on each local dataset.
This two-step “FL training + local adaptation™ approach is
commonly regarded as an FL personalization strategy by the
FL community [8]. [17]. As personalization performance di-
rectly depends on the generalization performance of the global
model, many PFL approaches aim to improve the performance
of the global model under data heterogeneity in order to
improve the performance of subsequent personalization on
local data. Personalization techniques for this category are
classified into data-based and model-based approaches. Data-
based approaches aim to mitigate the client drift problem
by reducing the statistical heterogeneity among the clients’
datasets. while model-based approaches aim (o learn a strong
global model for future personalization on individual clients
or improve the adaptation performance of the local model.

Swrategy 1l: Learning Personalized Models

The second strategy addresses the challenge of solution per-
sonalization. In contrast to the global model personalization
strategy which trains a single global model. approaches in
this category train individual personalized FL models. The
goal is to build personalized models by modifying the FL
model aggregation process. This is achieved through applying
different learning paradigms in the FL setting. Personalization
techniques are classilied into architecture-based and similarity-
based approaches. Architecture-based approaches aim to pro-
vide a personalized model architecture tailored to each client,
while similarity-based approaches aim to leverage client rela-
tionships to improve personalized model performance where
similar personalized models are built for related clients.

In personalized FL model training, the oplimization objec-
tive is formulated differently from the vanilla FL setting, as
an individual personalized model is learned for each client.
Here, we provide formulations of the optimization objectives
under the FL setting and the local learning setting in order to
highlight the positioning of PFL approaches. The standard FL
objective is given as

min f(w) : (1

\d weR
\}0’

“y

is the number of participating clients. w
S 3

where (

encodes the parameters of the global model and
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represents the expected loss over the data distribution D,
of client ¢ The prevailing FL formulation minimizes the
aggregation of local functions and entails a common output for
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all clients using the global model without any personalization.
In the presence of data heterogeneity (i.c.. the underlying
data distributions across the clients are not identical). simply
minimizing the average local loss with no personalization will
result in poor performance.

At the opposite end of the spectrum, we consider a local
learning setting where each client ¢ trains its own model ¢,
locally without any communication with other clients. The

objective is given as e 28 Y
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where 6, & R encodes the parameters of the local model of
client ¢. In this setting. the resulting models may not achieve
good generalization performance as the number of training
examples that the local models are exposed to_are limited.
Stronger gencralization guarantees can be obtained with more

collaboration amongst clients to exploit the pool of knowledge
for model training. .
omparing the formulations of the standard FL and local
learning settings, standard FL facilitates collaboration and
knowledge sharing amongst clients but does not entail per-
sonalized outputs as it relies on a shared global model for
client inference. On the other hand, local learning entails a
fully personalized model for each client. but fails to leverage
potential performance gains from inter-client collaboration,
Given the need to achieve a balance between generalization |
and personalization performance, PFL approaches fall between
the standard FL setting and the local learning setting.

I1.

In this section. we survey PFL approaches following the
global model personalization strategy. The main sctup and
configurations for these approaches are illustrated in Fig. 3.
Based on our proposed taxonomy, they are divided into Datu-
based Approaches and Model-based Approaches as follows.

a,//ﬂva-c-—é\_a, > D,,J'a.— bosad

A, Data-based Approaches o~ o&,@- G

Motivated by the client drift problem arising from federated
training on heterogeneous data. data-based approaches aim to
reduce the statistical heterogeneity of client data distributions.
This helps to improve the generalizaton performance of the

global FL model. 715;2 . L 5 4 e

STRATEGY I: GLOBAL MODEL PERSONALIZATION

Data Augmentation

As the[TID property of training data is a fundamental as-
(TLmTp’m‘):: in_statistical learning theory. {data_augmentation
methods to enhance the statistical homogeneity of the data
have been extensively studied in the field of machine learning.
Over-sampling techniques involving synthetic data generation
(e.g., SMOTE [18] and ADASYN [19]). and under-sampling
techniques (e.g.. Tomek links [20]) have been proposed to
reduce data imbalance. These techniques, however, cannot be
directly applied under the FL setting, where data residing at
the clients in the federation are distributed and private.

Data augmentation in FL (Fig. 3a) is highly challenging
as it often requires some form of data sharingf/or relies on
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the availability of a proxy dataset that is representative of the
overall data distribution. In [21]. the authors proposed a data
sharing strategy that distributes a small amount ol global data
balanced by classes to each client. Their experiments show that
there is potential for significant accuracy gains (~30%) with
the addition of a small amount of data. In [22], the authors pro-
poscdu federated augmentation approach that involves
training a Generative Adversarial Network (GAN) model in
the FL server. Some data samples of the minority classes are
uploaded to the server to train the GAN model. The trained
GAN model is then distributed to each client to generate
additional data to augment its local data to produce an 1D
dataset. In [23], the authors proposed Astraea, a self-balancing
FL framework to handle class imbalance by using Z-score
based data augmentation and down-sampling of local data.

Fhug

local data distributions (e.g.. class sizes. mean and standard
deviation values). In [24]. the authors proposed the FedHome
algorithm that trains a Generative Convolutional Autoencoder
(GCAE) model using FL.. At the end of the FL procedure, each
client performs further personalization on a locally augmented
class-balanced dataset. This dataset is generated by executing
the SMOTE algorithm on the Tow dimensional features of the
encoder network based on the local data.

N
Client Selection JowT Feuit cloven luwacr

Another line of work focuses on designing FL client selection
mechanisms to enable sampling from a more homogeneous
data distribution, with the aim of improving model general-
ization performance (Fig. 3b). In [25], the authors proposed
FAVOR which selects a subset of participating clients for each
training round in order to mitigate the bias introduced by non-
1D data_ A deep Q-learning formulation for client selection
was designed with the objective of maximizing accuracy. while
minimizing the number of communication rounds. In a similar
approach. a client selection algorithm based on the Multi-
Armed Bandit formulation was proposed in [26] to select
the subset of clients with miimal class imbalance. The local
class distributions are estimated by comparing the similarity
between the local gradient updates submitted to the FL server
with the gradients inferred from a balanced proxy dataset
residing on the server.

Recently, there is an emerging line of work that focuses
on developing client selection strategies to tackle data and

The FL server requires statistical information about clients’ }

/Iy prasm gt rulnag
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resource heterogeneity challenges that are prevalent in edge
computing applications. For cross-device FL. there is often
significant variability in hardware capabilities in terms of com-
putation and communication capacitics. Heterogeneity also
exists in data, whereby the quantity and distribution of data
differ among clients. Such diversity exacerbates challenges
such as communication costs, stragglers and model accuracy.
In [27], the authors proposed a tier-based FL system (TiFL)
that groups clients into tiers based on training performance.
The algorithm adaptively selects participating clients from the
same tier for each training round by optimizing both accuracy
and training time. This helps alleviate the performance issues
caused by data and resource heterogeneity. In [28], the authors
proposed FedSAE. a self-adaptive FL system that adaptively

(,_‘(ij /Uva'f Otirnr Gow +o
{iui smitlwet TTB

- _—T ..

posvg - <%




IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

Data-based Approaches

Data Augmentation

a b

"ol N

v
" Model para mek

Augmented
data
~ = .
@] © O
Model-based Approaches
c Regularized Local Loss d Meta-Learning
Optimized for fast adaptation
~
T Model
| Model parameters /‘
1 l T o~ Gk:b-nmodol
Global vs Local

l Historical local "
|
|
1

J

@

Fig

NMefe ¢w o +.baracdd
PRV ROV 7 3 g ) ‘L/—Cc*
cilansee caw ba wM}hJ
"T et 4 wa_)
Haat Auck s Huans

Client Selection

local c(rasts

|
)

@3@ Select clients
AV N

/ \

/ Mndclparamewr:

Global FL model

Trained global FL model

Transfer Learning

Local model

Personalized model

‘ Alignment layer

Frozen Fine-tune

Local data

"""‘- rawe fu oLl Cs

The setup & configurations of approaches that fall under Strategy I: Global Model Personalization. a=b Data-based

approaches: (a) data augmentation, (b) client selection. c—e Model-based approaches: (¢) regularized local loss: regularization
can be performed 1) between global and local models, 2) between historical local model snapshots. (d) meta-learning. (e)

transfer learning.

selects clients with larger local training loss in each training
round to accelerate the convergence of the global model. A
prediction mechanism of the affordable workload of cach
client is also proposed to enable the dynamic adjustment of
the number of local training epochs for each client in order to
improve device reliability.

Model-based Approaches

Although data-based approaches improve the convergence
of the global FL. model by mitigating the client drift problem,
they generally need to modify the local data distributions. This
may result in loss of valuable information associated with
the inherent diversity of client behaviors. Such information
can be useful for personalizing the global model for each
clicnl.l In this section, we cover model-based global model)

personalization FL. approaches) The objective is either to learn
a strong global TL model for future personalization on each
individual client, or to improve the adaptation performance of

the local model. ( » (ocanaia J«Oav( , 0

) gj qu./Q AN ©
Regularized Local Loss 2 oopt” meﬂN °'+
Model regularization is a common strategy for pr‘.\u]ung
overfitting and improving convergence when training machine
learning models. In FL. regularization techniques can be

applied to limit the impact of local updates. This improves con-
vergence stability and the generalization of the global model,
which in turn. can be used to produce better personalized
models. Instead of just minimizing the local function f.(#),
cach client ¢ minimizes the following objective:

min b, (Bie) = f.(#) +1

herd

sy (B 20 4 (4)
where 1,.., (0: w) is the regularization loss, which is generally
formulated as a function of the global model « and the local
model A, of client . Regularization can be applied in the
following ways as illustrated in Fig. 3c: ——

1) Benween Global and Local Models: Several works im- ’
plement regularization between the global and local models
to tackle the client drift problem that is prevalent in FL due
to statistical data heterogeneity. FedProx [29] introduced a
proximal term to the local sub-problem which considers the
dissimilarity between the global FL model and local models
to adjust the impact of local updates. Along with model dis-
similarity. FedCL [30] further considers parameter importance
in the regularized local loss function using Elastic Weight
Consolidation (EWC) [31] from the field of continual learning.

¢, The importance of the weights to the global model is estimated
on a proxy dataset in the FL server. They are then transferred to
the clients where penalization steps are carried out to prevent
important parameters of the global model from being changci-J




