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Abstract

FL is an area of research that focuses on training machine learning models in a
decentralized fashion without having the need to store all data on one central server.
In this thesis, we address the challenges of data heterogeneity and label scarcity in
FL by proposing two novel approaches for federated domain generalization in both
unsupervised and supervised settings.

First, to tackle federated domain generalization in an unsupervised setting, we
introduce Federated Unsupervised Domain Generalization using Global and Local
Alignment of Gradients. We establish a connection between domain shifts and gra-
dient alignment in unsupervised federated learning, demonstrating that aligning gra-
dients at both the client and server levels facilitates the generalization of the model
to new, unseen domains. FedGaL A performs gradient alignment locally to encour-
age clients to learn domain-invariant features, and globally at the server to obtain
a more generalized aggregated model. Extensive experiments on four multi-domain
datasets—PACS, OfficeHome, DomainNet, and Terralnc—show that FedGaLA out-
performs comparable baselines. Ablation and sensitivity studies highlight the impact

of different components and hyper-parameters in our approach.



Second, to address data heterogeneity in a supervised federated learning frame-
work, we propose Federated Domain Generalization with Label Smoothing and Bal-
anced Decentralized Training (FedSB). FedSB utilizes label smoothing at the client
level to prevent overfitting to domain-specific features, thereby enhancing generaliza-
tion capabilities across diverse domains when aggregating local models into a global
model. Additionally, FedSB incorporates a decentralized budgeting mechanism that
balances training among clients, improving the performance of the aggregated global
model. Experiments on four commonly used multi-domain datasets—PACS, VLCS,
OfficeHome, and Terralnc—demonstrate that FedSB outperforms competing meth-
ods, achieving state-of-the-art results on three out of four datasets.

Collectively, these contributions address critical challenges in FL by enhancing
model generalization across diverse and unseen domains in both unsupervised and
supervised settings. The effectiveness of FedGaLA and FedSB in addressing data
heterogeneity is evidenced by their superior performance in extensive empirical eval-

uations.
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Chapter 1

Introduction

Federated Learning (FL) [1, 2] has emerged as a powerful paradigm for training
machine learning models across multiple decentralized clients while preserving data
privacy and security. Unlike traditional centralized machine learning approaches that
require aggregating data from various sources into a single repository, FL enables
collaborative training of a global model without the need to exchange sensitive local
data. Each client trains a local model using its private data, and a central server
aggregates these models periodically to form a unified global model [3,4].

Despite its advantages, FL faces significant challenges due to data heterogeneity
and the scarcity of labeled data across clients. Data collected by each client often orig-
inates from different domains or distributions, leading to substantial domain shifts [5].
Additionally, labeling data is inherently challenging and resource-intensive, especially
in federated settings where labeling efforts are decentralized and may be inconsistent
across clients. These challenges hinder the global model’s ability to generalize effec-
tively to unseen target domains.

This thesis aims to address these challenges by proposing novel methodologies

that enhance the generalization capabilities of FL. models in both unsupervised and
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1.1. MOTIVATION 2

supervised settings. Specifically, we introduce two innovative frameworks: FedGaLA
(Federated Unsupervised Domain Generalization using Global and Local Alignment of
Gradients) for the unsupervised scenario, and FedSB (Federated Domain Generaliza-
tion with Label Smoothing and Balanced Decentralized Training) for the supervised
scenario. These methodologies are designed to learn domain-invariant representa-
tions and ensure balanced training contributions from all clients, thereby improving

the global model’s performance across diverse and unseen domains.

1.1 Motivation

The motivation behind this research stems from the pressing need to develop FL
models that can generalize well in real-world scenarios characterized by data hetero-
geneity and limited labeled data. In many practical applications, such as healthcare,
wearable devices, and autonomous systems, data collected by different clients or de-
vices exhibit significant variations due to differences in environments, user behaviors,
or sensor characteristics. These domain shifts pose a substantial challenge for feder-
ated models aiming to perform reliably across all clients. Furthermore, the scarcity
of labeled data exacerbates the problem, as collecting and annotating data is both
time-consuming and expensive. In federated settings, this issue is amplified since
labeling efforts are distributed among clients who may lack the resources or expertise
to label data accurately.

By addressing these challenges, this research has the potential to significantly im-
pact various industries by enabling the development of more robust and generalizable

FL models. Enhanced generalization capabilities would lead to improved performance

Milad Soltany - Electrical And Computer Engineering



1.2. PROBLEM STATEMENT 3

in critical applications like medical diagnosis, personalized recommendations, and in-
telligent monitoring systems, ultimately benefiting society by providing more reliable
and privacy-preserving machine learning solutions.

The goal of this thesis is to demonstrate novel methodologies that advance the
state-of-the-art in federated domain generalization, introducing innovative techniques
for both unsupervised and supervised learning scenarios. These methodologies aim
to overcome the limitations of existing approaches by effectively handling data het-
erogeneity and label scarcity, thereby paving the way for the next generation of FL

technologies.

1.2 Problem Statement

Despite the recent advancements in FL, it still faces significant challenges in ef-

fectively handling domain generalization and managing the varying characteristics of
data across clients. We tackle the following problems in this thesis:
Problem 1. One of the primary challenges lies in Federated Domain Generalization
(FDG), which aims to enhance the global model’s ability to generalize across diverse
domains by learning domain-invariant features. Existing methods have made signifi-
cant progress in this area, as demonstrated in the literature, but they typically rely on
supervised settings where labeled data is abundant. In real-world scenarios, however,
the availability of labeled data is often limited or non-existent. This challenge has
led to the emergence of federated unsupervised learning, which focuses on learning
meaningful representations from unlabeled data.

Despite advances in self-supervised techniques, current methods do not adequately

unify domain generalization and unsupervised learning into a single framework. As
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a result, the interplay between data heterogeneity and the scarcity of labeled data
remains underexplored in federated settings. This gap calls for a comprehensive
solution that simultaneously addresses the lack of labels while improving the global
model’s ability to generalize across different domains.

Problem 2. Another significant challenge is the tendency of local models in su-
pervised federated domain generalization methods to overfit to their domain-specific
data. As clients focus on their own datasets, they often become overconfident in
learning domain-specific features, which limits the global model’s ability to general-
ize across domains. This overconfidence in local models reduces the effectiveness of
the aggregated global model, especially in heterogeneous data environments.

In addition to overconfidence, existing methods face challenges in ensuring bal-
anced training contributions from clients. Variations in data distribution and sample
sizes across clients can lead to imbalanced contributions, where clients with larger
datasets disproportionately influence the global model. This imbalance results in bi-
ased or suboptimal models that do not generalize well across all clients. Moreover,
privacy concerns persist, as some methods require sharing information that could
leak sensitive data, undermining the privacy-preserving nature of federated learning.
These limitations underscore the need for novel approaches that can mitigate local
overfitting, ensure fair contributions across clients, and maintain privacy-preserving

guarantees.

Milad Soltany - Electrical And Computer Engineering
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1.3 Solution Overview and Contributions

The main contributions of this thesis lie in the development of novel methodologies
that address key challenges in FL. First, we introduce FedGalLLA, a pioneering frame-
work that unifies federated domain generalization and unsupervised learning, creat-
ing a new problem category known as federated unsupervised domain generalization.
FedGaLA leverages global and local gradient alignment to learn domain-invariant
representations from unlabeled data while preserving privacy.

Additionally, we present FedSB, an innovative technique for supervised federated
domain generalization. FedSB mitigates overconfidence in local models through la-
bel smoothing and ensures balanced decentralized training with a novel budgeting
mechanism that accounts for clients’ varying data volumes. These methodologies are
evaluated through extensive experimental validation, ablation studies, and sensitiv-
ity analyses across multiple benchmark datasets, demonstrating the effectiveness of
the proposed solutions. The results achieve state-of-the-art performance in both un-
supervised and supervised federated domain generalization. Furthermore, this work
advances FL technologies by addressing the limitations of existing methods, paving
the way for a new generation of robust, generalizable, and privacy-preserving FL

methodologies.

1.4 Publications

e [Chapter 3] Farhad Pourpanah*, Mahdiyar Molahasani*, Milad Soltany™,
Michael Greenspan, Ali Etemad, “Federated Unsupervised Domain Generaliza-
tion using Global and Local Alignment of Gradients”, Under review at AAAI
2025
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e [Chapter 4] Milad Soltany*, Farhad Pourpanah*, Mahdiyar Molahasani*,
Michael Greenspan, Ali Etemad, “FedSB: Federated Domain Generalization

with Label Smoothing and Balanced Decentralized Training”, Under review at

ICASSP 2025

1.5 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 presents a com-
prehensive review of the related work on FL. Section 2.1 presents a comprehensive
background on FL and its recent advancements. In Section 2.2, we give details about
the FDG problem, before discussing Federated Unsupervised Learning, and Federated
Unsupervised Domain Generalization (FUDG) in Sections 2.3, and 2.4.

In Chapter 3, we present our work on FUDG by introducing FedGalLA. In Sec-
tion 3.1 we formulate the problem we are tackling as well as discussing local and
global gradient alignment. In Section 3.2, we discuss the experimental setup that
we used to demonstrate the effectiveness of our method and in Section 3.3, we dis-
cuss the performance of our proposed method along with extensive experiments that
demonstrate the effectiveness of our approach.

Chapter 4 presents our work on Supervised FDG, in which we propose FedSB,
tackling the problem of data heterogeneity and model overconfidence. In Section 4.1,
we give details of the formulation for FDG and provide details of our proposed solu-
tion. Section 4.3 presents details on the datasets as well as the network architecture
as well as choice of evaluation methods. Furthermore, in Section 4.3, we provide the

results of our extensive experiments on various datasets.
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Chapter 2

Background

In this chapter, we give details about the related work on FL and FDG, including
some unsupervised works. We discuss recent advancements as well as the baselines

that we compare against.

2.1 Federated Learning

FL is a distributed machine learning paradigm that enables multiple clients, such
as devices or organizations, to collaboratively train a global model without sharing
their raw data, thereby preserving data privacy and security [I,2,6]. In the seminal
work of FedAvg [1], local models are iteratively trained on client data and then
aggregated on a central server using a weighted averaging scheme to form a global
model. Enhancing the capabilities and performance of FL in various aspects has
gained a great deal of interest in the research community.

Different taxonomies have been proposed for FL. According to [7], recent ad-
vancements in FL can be classified into the following categories: a) Aggregation

optimization, b) Heterogeneous FL, ¢) Secure FL, and d) Fair FL.



2.1. FEDERATED LEARNING 8

2.1.1 Aggregation Optimization

Since multiple clients participate in a federated training setup, it is crucial to have
mechanisms that effectively aggregate the local models from these clients into a single
global model. FedAVG is the oldest and most commonly-used aggregation method
which produces a global model in which the parameters are a weighted average of the

parameters of the local client models.

2.1.2 Heterogeneous FL

In a federated setting, where clients can differ with respect to their data, compu-
tational power, and training strategies, it is essential to develop mechanisms that ac-
count for these heterogeneities. These variations are often categorized as data, system,
and model heterogeneity, and they can pose challenges to model performance and con-
vergence. Data heterogeneity refers to differences in data distribution across clients,
where some may have imbalanced or non-Independent and Identically Distributed
(IID) data [8,9]. System heterogeneity is due to clients having diverse hardware ca-
pabilities, network conditions, and resource constraints, which can impact their ability
to train models efficiently or participate in communication rounds [10,11]. This is very
common in real-world applications given that participating clients could be extremely
different. Model heterogeneity occurs when clients use different model architectures

or training strategies due to varying local requirements or limitations [12, 13].

Milad Soltany - Electrical And Computer Engineering



2.1. FEDERATED LEARNING 9

2.1.3 Secure FL

FL was designed to enhance security by sharing model parameters instead of raw
data, which remains stored locally on client devices. However, adversaries can ex-
tract private information from the shared models, highlighting the need for stronger
security mechanisms in FL. Different types of attacks include backdoor attacks [11],
gradient attacks [15], and model poisoning attacks [16]. In backdoor attacks, ad-
versaries manipulate a subset of the training data to cause false predictions by the
model on test data. Distributed Backdoor Attacks, introduced in [17], exploit the
distributed nature of federated models by injecting local trigger patterns and creat-
ing a global trigger pattern in the global model. Other works, like Neurotoxin [18],
further enhance backdoor attacks by targeting model parameters that are less likely
to change during training, making these attacks more persistent.

Another type of attack is model poisoning, where the adversary attempts to ma-
nipulate the global model into producing incorrect outputs. One version is data
poisoning attacks [10], in which the adversary corrupts the labels of a portion of the
client’s local training data to distort the global model’s predictions. However, it is
important to note that, due to the typically large number of clients in a federated
setup, the impact of model poisoning attacks is often mitigated during the aggregation
process.

In FL setups, gradients are often exchanged between clients and the server during
the aggregation process, which introduces a vulnerability to a new type of attack
known as gradient attacks. These attacks make it possible to reconstruct private

training data from the publicly shared gradients [15]. Research by Zhu et al. in [19]
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2.1. FEDERATED LEARNING 10

demonstrated how training data can be recovered from shared gradients by introduc-
ing the Recursive Gradient Attack on Privacy.

To defend federated systems from these different attacks, various mechanisms
have been proposed. Mechanisms based on Differential Privacy (DP) [20] work by
adding controlled noise to the information shared among clients, including gradients,
model weights, and features. This noise helps obscure sensitive data while allowing
the overall learning process to continue effectively [21-23]. Another type of defense
is based on Homomorphic Encryption (HE) approaches, which applies HE on the
shared information, making it impossible to reconstruct private client data. HE allows
computations to be performed directly on the encrypted data, so that the server can
still aggregate or process the encrypted inputs without needing to decrypt them. This
ensures that private client data remains fully encrypted and secure throughout the
process, preventing adversaries from reconstructing or accessing sensitive information,

even if they intercept the exchanged data [241-20].

2.1.4 Fair FL

The problem of fairness in federated settings arises when the interest of individuals
is ignored. This can happen in all the steps of decentralized training including client
selection [27-29], evaluation contribution [30-32], and contribution of the clients in
the global model aggregation.

To address challenges associated with data heterogeneity among clients, Fed-
Prox [33] introduces a proximal term to the local objective function to prevent local
models from diverging significantly from the global model. MOON [31] leverages

model contrastive learning to correct local representations, enhancing the consistency

Milad Soltany - Electrical And Computer Engineering



2.2. FEDERATED DOMAIN GENERALIZATION 11

between local and global models. FedDrop [35] incorporates dropout techniques to
mitigate the impact of system heterogeneity, while FedNova [30] proposes a normal-
ized averaging method that accounts for differences in the number of local updates
performed by each client, thereby addressing system heterogeneity and imbalance in
training contributions.

Other approaches focus on improving communication efficiency and robustness.
FedBuf [37] employs buffered asynchronous aggregation to tackle scalability and
privacy issues. FedALA [38] dynamically aggregates the downloaded global model
with the local model on each client, ensuring alignment with the local objective.
FLTrust [39] and SignGuard [10] enhance the robustness of FL systems against model
poisoning attacks by leveraging gradient filtering techniques to detect and eliminate

malicious gradients.

2.2 Federated Domain Generalization

Federated Domain Generalization (FDG) aims to train a global model that gen-
eralizes well to unseen target domains with distribution shifts, all while preserving
data privacy by not sharing raw data among clients [5,11,12]. This area of research
addresses the challenges posed by data heterogeneity, where each client’s local data
may come from different domains or distributions.

Several studies focus on learning domain-invariant features or identifying common
features across multiple domains to enhance the global model’s robustness. FedSR [13]
employs L2-norm and conditional mutual information regularizers at the client level
to discourage the learning of domain-specific features, promoting better generalization

to target domains. FedADG [14] utilizes adversarial training to align source domain
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o ——— —
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&

Centralized Machine Learning Federated Machine Learning

Figure 2.1: Overview of Federated Learning.

distributions by matching each distribution with a reference distribution.

Some recent works explore the sharing of certain information among clients to
improve generalization, albeit at the potential cost of privacy. CCST [15] facilitates
the sharing of a style bank between clients, which contains the mean and standard
deviation of representations generated from each client’s local data. A style trans-
fer model, such as AdaIN [10], is then employed to transfer styles between clients,
promoting cross-client generalization. COPA [17] shares classification heads among
clients, encouraging local encoders to learn domain-invariant features that perform
well with classification heads from other domains. However, this approach requires
communicating extra layers during each communication round, potentially increasing

the risk of privacy breaches.
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Other methods like FedProto [18] and FedCDG [19] share class prototypes among
clients, effectively distributing class representations. Nevertheless, sharing explicit
information can undermine privacy, which is a critical concern in federated learning.
FedDG [5] allows clients to share their data in the frequency space for medical im-
age segmentation, aiming to capture domain-invariant features. FedKA [50] learns
domain-invariant features by employing feature distribution matching in a universal
workspace. CCST [15] aligns various client distributions and mitigates model biases
by adapting local models to diverse sample styles via cross-client style transfer. Sta-
bleFDG [51] uses style and attention-based strategies to address the federated domain
generalization problem. hFedF [52] utilizes hypernetworks for non-linear aggregation
to facilitate generalization to unseen domains. FedDG-GA [53] enhances generaliza-
tion through dynamic domain weight adjustment based on domain divergence and a

moment mechanism.

2.3 Federated Unsupervised Learning

Federated Unsupervised Learning focuses on learning representations from unla-
beled data distributed across clients while preserving data privacy [54]. This area
addresses scenarios where labeled data is scarce or unavailable, which is a common
challenge in federated settings due to the decentralized nature of data collection and
labeling efforts.

The study by Van et al. [55] pioneers federated unsupervised learning using an
encoder-decoder architecture. FedU [70] employs a contrastive learning approach with
online and target networks, enabling each client to independently learn representa-

tions from unlabeled data. It also introduces a dynamic aggregation mechanism to
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2.4. FEDERATED UNSUPERVISED DOMAIN GENERALIZATION 14

update the predictor, either locally or globally, enhancing the model’s adaptability.
Similarly, FedEMA [57] uses the exponential moving average of the global model
to update local ones, promoting consistency across clients. FedX [58] proposes the
use of knowledge distillation to learn representations from local data and refine the
central server’s knowledge, facilitating the aggregation of diverse local models. FedCA
[59] introduces two components: a dictionary module that gathers representations of
samples from each client to maintain consistency in the representation space, and
an alignment module that adjusts each client’s representation to match a base model
trained on public data. These approaches aim to overcome the challenges of unlabeled

data and data heterogeneity in federated settings.

2.4 Federated Unsupervised Domain Generalization

As discussed earlier, Federated Unsupervised Domain Generalization is a new
problem space that unifies federated domain generalization and federated unsuper-
vised learning, which had not been previously explored in the literature. The key dis-
tinction of this problem is the simultaneous presence of domain shifts among clients
and the absence of labeled data at both client and server levels.

Our work, FedGaLA [00], is the first to address this problem. We establish a
connection between domain shifts and gradient alignment in unsupervised federated
learning. By aligning gradients at both the client and server levels, FedGalLA fa-
cilitates the learning of domain-invariant features from unlabeled data in a privacy-
preserving manner. This dual alignment encourages clients to focus on learning repre-
sentations that generalize well to unseen domains, enhancing the overall performance

of the global model.
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2.5 Summary

The existing research in federated learning has made significant strides in ad-
dressing various challenges such as data heterogeneity, system heterogeneity, com-
munication efficiency, and robustness against attacks. However, limitations persist,
particularly in scenarios involving both domain shifts and the absence of labeled data.

Our contributions through FedGalLA and FedSB address these gaps by introducing
novel methodologies that unify federated domain generalization and unsupervised
learning, and by enhancing supervised federated learning through label smoothing and
balanced training. These advancements pave the way for more robust, generalizable,
and privacy-preserving federated learning models capable of performing effectively

across diverse and unseen domains.
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Chapter 3

Federated Unsupervised Domain Generalization

using Global and Local Alignment of Gradients

In this chapter, we introduce a new problem category, named FUDG, where we
combine the problem of FDG and Federated Unsupervised Learning and introduce
a solution based on Local and Global alignment of gradients. FL [1,2] has emerged
as a promising framework for training machine learning models in a decentralized
manner, and it allows clients to collaboratively train a global model without the
need to exchange their sensitive and local data. However, given that each client
collects a different set of local training data, two issues arise. First, the data col-
lected by each client is often recorded under unique conditions that may result in
mutual domain shifts [5]. Second, labeling training data is inherently challenging
and resource-intensive; this issue is even more pronounced in the context of federated
settings. A typical example of this scenario is a network of wearable activity monitors
where variations in user conditions such as demographics or ambient factors can lead
to significant domain shifts across devices, meanwhile, the users are generally not

asked to provide ground-truth labels for their performed activities.

16



3.1. APPROACH 17

Given that in prior works, each of these issues has been addressed as a separate
problem statement: (i) federated domain generalization [13,11,61], and (i1) federated
unsupervised learning [56,58], each ignores the fundamental assumptions of the other
regarding the data in terms of distributions and availability of labels. To further
approach federated learning in a more practical scenario, we propose to merge these
two under a new umbrella called FUDG, which we define as Definition 3.1.1. To our

knowledge, prior works have not studied federated learning under such constraints.

3.1 Approach

This section formulates the problem of FUDG and presents a novel solution based

on local and global gradient alignments.

3.1.1 Problem Formulation

Definition. Federated unsupervised domain generalization is the problem of learning
general representations from various decentralized unlabeled datasets, each belonging
to a different domain, in o federated setup where data sharing is restricted due to

prz’vacy concerns.

To formalize Definition 3.1.1, assume K clients, C;, in a federated setup, each
with its own unlabeled data D; = {xﬁ”)}ffgl. Each dataset consists of NN; data points
sampled from a distinct data distribution p(x;), where x; is a vector of F' features, i.e.,

1,2 F|T

x; = [z}, 27, ..x;

5 x7,..x; |". The data distributions are assumed to be different among the
clients with each distribution p(x;) sampled from a family of distributions P. Privacy
constraints prevent the transfer of data between clients or to the server S. The ob-

jective is to learn generalized representations from x; that perform well across unseen
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Unseen target
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Figure 3.1: Overview of FedGaLA. We conduct local gradient alignment in the clients
as well as global gradient alignment in the server

distributions p(x;) ~ P, where p(x;) # p(x;). This is formulated as minimizing the

expected loss over the unseen distributions:
mein Ep(Xt)NP [Ep(Xt) [E(QQ X)” > (3’1)

where £ is the unsupervised loss function, and 6 is the set of global model param-
eters. Each client contributes to this goal by computing a local objective function

approximating the expected loss with respect to its own data distribution:

N,
. 1 & N
min By (403 %)] ~ - > 10 %), (3.2)

n=1

where 6; indicates the local parameters of client C;, and 6 is the global aggregation

of all local ;.
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3.1.2 Gradient Alignment and Domain Shift

Under a FL framework, privacy constraints prevent clients and servers from ac-
cessing each other’s data, including distribution information such as data means and
variances. They can, however, observe individual client gradients at the server level
and the average aggregated gradient across clients at the client level. We motivate
our work on the fact that alignment of gradients may infer characteristics of the
client domain distributions, thus facilitating improved model generalization. Under
the problem proposed in Definition 3.1.1, for two distinct domains characterized by
random variables x; and x; belonging to two different clients C; and C}, an increase
in domain shift across the clients results in a decrease in covariance Cov(g;, gj) of the

corresponding gradients g;, g; across C; and Cj’s respective local models.

3.1.3 FedGaLA

The analysis provided in [60] a link between gradient alignment and domain shift,
forming the basis for our proposed FedGaLLA framework. Figure 3.1 illustrates an
overview of our framework for addressing the newly proposed problem setup (Def-
inition 3.1.1). FedGaLA is remotely inspired by prior works that demonstrate im-
proved generalization in centralized (non-federated) learning through gradient align-
ment [62-61]. However, our framework extends this notion by integrating gradient
alignment into the field of unsupervised and FL, and assumes, unlike [62—(4], that
the distribution of data from different clients is not known. Our core idea includes (%)
enabling clients to learn domain-invariant representations at the client level through
local gradient alignment, and (i7) adjusting the aggregation weights at the server level

using global gradient alignment. At each communication round, clients are initialized
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with the global model. Subsequently, each client updates its parameters using SSL for
E epochs based on the local data through local gradient alignment and sends these
updates back to the server. Finally, the server employs the global gradient alignment
technique to perform aggregation. This procedure is repeated for 7' communications
rounds to determine the global model. The remaining part of this section provides de-
tails on local and global gradient alignment, and the complete framework is outlined

in Algorithm 1.

3.1.4 Local Gradient Alignment

Our method performs layer-wise local gradient alignment using a reference gra-
dient. This reference is derived from the [*! layer of the global model’s parame-
ter updates between the current and the previous communication round. Suppose
O = {#W}f | indicates the parameters of the global model, where §) represents the

parameters of the [*" layer. The reference gradient for the {** layer is computed as
() gt _ plt=1)
est” — ) (33)

where 80 and ¢*=1 are the parameters of the I*" layer of the global model at rounds

(l’

68? is locally used to determine whether the gradient

t and t — 1, respectively. Then, g
of each layer obtained during training (e.g., via SGD) is aligned with the reference.
The cosine similarity between the batch gradient and the reference for each layer [ at

round ¢ is computed as

L L
<g7§,kt) ) ggstt)>

It 1L,t)’
g1 - gl

cos(¢) = (3.4)
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(L,t)

where gi’,’: is the gradient of £*® batch of the i*® client at layer [ and round ¢. Finally,

(1,t)
t

e are less than a user-defined threshold 7

batch gradients whose similarity with g
are discarded during the update process. This prevents clients from learning domain-
specific features by disregarding local gradients that are not aligned with the global
model. The rationale for discarding unaligned gradients instead of applying soft
weighting is that when a gradient vector is unaligned with g,,, scaling does not change
this alignment, as the cosine of the angle between them is independent of scale. To
establish a basis for the proposed local alignment, we introduce the following. Given
two sets of gradient vectors g, and g;, by removing the K th vector in g; where
cos(g; 5, 9est) < 0, the covariance of two sets increases.

This highlighted how an increase in domain shift between clients C; and C; corre-
lates with a decrease in the covariance of their gradient vectors, g; and g;. Therefore,
gradient covariance can be used as an indicator of domain shift. it can also be shown
that by selectively removing gradients from g; that have a negative cosine similarity

with an estimated target direction, g, we can effectively increase the covariance of

the gradient sets, thus potentially counteracting the effects of domain shift.

3.1.5 Global Gradient Alignment

To aggregate the local (client) models at the server, the locally measured gradients
that closely match the average gradient across all clients are assigned greater weights.
This soft weighting process operates as follows. Once the server receives the local

models, it first obtains the local update using the following formula:

g = el —et-b (3.5)
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(t+1) -

Then, the initial global update g is calculated by averaging all g gl Subsequently,

the weight of each client is computed using

() 50+ 4
wi — COS<gz 7g2 )+ , (36)

where w; is the weight for the i*" client and gg” is the gradient of the " client at
round t. This weight reflects the degree of alignment between each client’s update and
the global model’s update direction. To ensure these weights are properly normalized

using

w; = wz/z W, (3.7)

The normalization of weights allows for the proportional contribution of each client’s
update.

Finally, the normalized weights are used to perform aggregation. Each client’s
model update is scaled by its respective weight, and these weighted updates are then
aggregated to compute the weighted average update. The global model at round ¢+ 1

is updated based on the following

g+

(3.8)

||Mx

This aggregation step is repeated three times, refining the weights with each itera-
tion. This ensures the global model update is significantly influenced by clients whose
updates align closely with the global learning objective. After completing the aggre-
gation process, the global model is further updated based on ¢+ «— ©®) A(tH)

The rationale for using different alignment strategies at the client and server levels

stems from the inherent differences between local training and global aggregation. At
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the client level, we manage batch gradients, allowing us to specifically discard the
unaligned ones without significant information loss. However, discarding gradients at
the server-level corresponds to deletion of entire clients, which can adversely affect

the outcome. Algorithm 1 lays out the detailed procedure of our proposed method.

Algorithm 1 FedGalLA

1: Input: data D;, initialization ©°
2: Output: 07

3: for t from 1 to T do

4: Server:

5: Calculate client updates: gz@ — @1@ —et-1
6: Initialize global update: g(t1) « FedAvg(gz(t))
7 for j from 1 to iter do
. (t) ( )

8: Calculate weights: w; < Cosine(g; 2’g o)
9: Normalize weights: w; < f’zul
10: Aggregate updates: g1 « Zfil wiggt)
11: end for
12: Update global model: O+ « @) 4 gt+1)
13: Communicate: ©; + ©(+1)

14: Client:
15: for e from 1 to F do

16: for j from 1 to Npuen do
17: Compute batch gradient: ggt]) — Vii(z; ;, 91@)
18: for [ from 1 to L do
19: Estimate reference: gggf) =gt — glt=1)
20: if Cosine(gl(l’-t), gﬁfsf)) > 7 then
21: Update \;veights:
egl,t) (_ egl,tfl) . Vlgl’t) (xi,jv le’t))
22: end if
23: end for
24: end for
25: end for
26: Communicate: S < 0,
27: end for
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3.2 Experimental Setup

3.2.1 Datasets

To evaluate the effectiveness of our proposed method, we conduct experiments
across four commonly used benchmarks for domain generalization. They include:
PACS [65], which consists of 9,991 images from four domains: ‘Photo’, ‘Art-painting’,
‘Cartoon’, and ‘Sketch’, across seven classes; Office-Home [(6], which consists of
15,588 images from four domains: ‘Art’, ‘Clipart’, ‘Product’, and ‘Real-world’, across
65 classes; Terralnc [(7], which includes 24,788 images from four domains ‘Location
38, ‘Location 43’, ‘Location 46°, and ‘Location 100’, across nine classes; Domain-
Net [6%], which consists of 569,010 images in six domains: ‘Clipart’, ‘Infograph’,
‘Painting’, ‘Quickdraw’, ‘Real’, and ‘Sketch’, covering 345 classes. Following [69], for
the DomainNet dataset, we select the following classes: zigzag, tiger, tornado, flower,
giraffe, toaster, hexagon, watermelon, grass, hamburger, blueberry, violin, fish, sun,
broccoli, Eiffel tower, horse, train, bird, and bee [69], which results in a total of 38556
samples. In all experiments using this dataset, three domains are used for train-
ing (‘Painting’, ‘Real’, and ‘Sketch’) and the model is tested using the other three

domains (‘Clipart’, ‘Infographics’, and ‘Quickdraw’).

3.2.2 Image Augmentations

We follow [70] for augmentations. For all datasets, a random patch of the image is
selected and resized to 32 x 32. Subsequently, we apply two random transformations,

namely horizontal flip and color distortion.
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3.2.3 Network Architecture

Predictor. For BYOL, we use a two-layer multilayer perceptron as the pre-
dictor. It begins with a fully connected layer featuring 4096 neurons, followed by
one-dimensional batch normalization and a ReLLU activation function. It concludes
with another fully connected layer comprising 2048 neurons.

Encoder. We use ResNet18 [71] as the encoder for all the experiments. We use
the ResNet architecture presented in [57], which is slightly different from the original
architecture: (i) The first convolution layer employs a 3 x 3 kernel size, replacing the
original 7 x 7; (i) An average pooling layer with a 4 x 4 kernel size is used before the
final linear layer, substituting the adaptive average pooling layer; and (i) The last
linear layer is replaced with a two-layer Multilayer perceptron (MLP), which shares

the same network architecture as the predictor.

3.2.4 Training and Evaluation

We implement all our models using PyTorch and provide an easy-to-use framework
for federated domain generalization in our released repository. Below, we provide
further details regarding the hyperparameters used in the training and evaluation
processes.

Training. While training the clients, we use a batch size of 128. Each client is
trained for 7 local epochs before being returned to the server for a communication
round. By default, we train for 100 communication rounds. We use the Adam [72]
optimizer with a learning rate of 3 x 1073. The hyperparameters used for training
FedSimCLR are the same as those used in FedGaLA. For other baselines (FedMoCo,
FedSimSiam, FedBYOL, and FedEMA), we use the SGD optimizer with a momentum
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of 0.9 and a weight decay of 3 x 107%. The choice of learning rate for FedSimSiam,
FedBYOL, and FedEMA is 0.03 while for FedMoCo we use a learning rate of 0.025.
The parameters have been tuned to maximize performance.

Evaluation Linear evaluation is used to assess the quality of learned represen-
tations. We train a fully connected layer on the top of the frozen encoder, which is

trained for 100 epochs using the Adam optimizer with a learning rate 3 x 1073,

3.2.5 Regularizers

Below we provide the details of the L2-norm and proximal term regularizers used
in [13] and [33], respectively.

L2-norm. Suppose O; indicates the parameters of the i*" client and Lgg L repre-
sents the self-supervised loss of the " client. The L2-norm can be added to the loss

of the i client to obtain
Lot = Lssri + N Oill3, (3.9)

where \ is the the regularization coefficient and ||©;||3 is the square of the L2-norm

of the parameters, defined as:
18013 => 67, (3.10)
J

where 6; ; represents the j™ parameter of the i client.
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3.2.6 Proximal Term

We also utilize the proximal term from [33] to further penalize the deviation of

local models from the global model. The formulation of the proximal term is

L1otari = Lssri + 1|0 — 6,13, (3.11)

where p is the regularizer coefficient, ©, and ©; are the parameters of the global model
and "' client, respectively, and ||©; — O,]|2 is the Euclidean norm of the difference
of the weights of the local clients from the weights of the global model. This ensures
that the parameters of the local model ©; do not diverge heavily from the previous

global model.

3.2.7 Evaluation

We use the leave-one-domain-out setting used in prior works [59, 69, 73]. This
involves selecting one domain as the target, training the model on the rest of the
domains, and then testing the model’s performance on the selected target domain.
Linear evaluation, a common feature evaluation approach, is utilized to evaluate the
quality of learned representations [7/—70]. For linear evaluation, following [55,57], we
utilize 10% and 30% of the target data to train the linear classifier, and evaluate the

remaining 90% and 70% of the data, respectively.

3.2.8 DBaselines

To evaluate our method, we take a two-pronged approach: (1) We adapt sev-

eral popular SSL approaches to the federated domain generalization task, denoting
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them as FedSimCLR, FedMoCo, FedBYOL, and FedSimSiam. To do so, we first
train each client locally using the respective SSL method. Next, we aggregate the
trained encoders at the server using FedAVG [I]. For BYOL and SimSiam, we fol-
low the procedure in [56] and apply FedAVG on the online encoder and projector.
We also adapt FedEMA [57], which is a commonly used method originally developed
for federated unsupervised learning. FedEMA integrates BYOL as an SSL technique
into its structure. It is important to note that we avoid direct comparisons with
FedDG [5], FedSR [13], FedADG [11], FedIIR [77], and FedDG-GA [53] since unlike
our method, they employ the label information in their solutions. (2) Given the ab-
sence of prior research specifically addressing the problem of federated unsupervised
domain generalization, we also compare FedGaLLA to established centralized unsu-
pervised domain generalization methods on the PACS and DomainNet datasets. We
could not identify unsupervised domain generalization methods for Office-Home and
Terralnc datasets. This comparison includes the following solutions: SimCLR [70],
MoCo [78], BYOL [79], AdCo [30], and DARLING [69]. It is important to note that
these methods are implemented in a non-federated environment and do not incor-
porate any data privacy constraints. All the results for these models are reported

from [69].

3.2.9 Implementation Details

We use SimCLR as the SSL module in FedGalLA due to its performance on domain
generalization problems as previously shown [09]. Following [09], ResNet-18 [71] is
employed as the encoder network architecture for all experiments, which we train

from scratch. Following [71,75], we first learn a representation by FedGaLA and the
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baseline models for 100 communication rounds with 7 local epochs. Next, we freeze
the backbone model and train a liner classier for 100 epochs to perform prediction
on the target domain. For FedEMA, we use the hyperparameters reported in [57].
All experiments were implemented using PyTorch and trained on 8 NVIDIA GeForce
RTX 3090 GPUs. For each experiment, we train the models three times with random
initialization seeds and report the average. Following prior works such as [13], all

clients have the same network architecture and hyperparameters and are trained

under similar settings.

Table 3.1: Results of linear eval. on PACS dataset using 10% of the test domain for
training the linear evaluation head

Model P A C S Ave.
FedEMA 50.00.7)  29.5(1.9)  42.4(2.3)  45.6(0.16) 41.9
FedBYOL 52.1(1.1)  31.8(1.1)  45.4(22)  47.4(1.9) 442
FedMoCo 58.5(2.2)  35.7(9.6) 37.7(12.9) 36.6(8.2)  42.1
FedSimSiam 46.2(1.1)  28.6(1.0)  46.7(0.6)  37.6(13)  39.8
FedSimCLR 64.2(1.2)  41.9(1.5) 58.4(1.3) 70.1(1.2) 586
FedGaLA (ours) 64.7(1.9) 44.2(1.2) 60.5(2.2) 70.5(1.3) 60.0

Table 3.2: Results of linear eval. on PACS dataset using 30% of the test domain for
training the linear evaluation head

Model P A C S Ave.
FedEMA 33.9(2.8) 48.3(2.4) 53.5(0.3) 45.3(2.3) 45.2
FedBYOL 55.1(1.2) 35.3(1.5) 48.3(1.5) 48.9(0.5) 46.9
FedSimSiam 58.5(2.2) 35.7(9.6) 37.7(12.9) 36.6(8.2) 42.1
FedMoCo 47.3(1.6) 30.2(3.4) 47.4(0.7) 34.4(1.7) 39.9
FedSimCLR 69.8(1.1) 46.4(2.1) 63.9(1.6) 73.4(3.0) 63.3
FedGaLA (ours) 71.1(2.0) 46.8(2.1) 65.7(1.6) 74.5(1.1) 64.6
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Table 3.3: Results of linear eval. on DomainNet dataset using 10% of the test domain

for training the linear evaluation head

Model C 1 Q Ave.
FedEMA 38.6(1.1) 13.7(0.5) 45.5(1.6) 324
FedBYOL 38.1(0.5) 14.1(0.4) 53.6(2.9) 318
FedMoCo 30.5(0.6) 10.9(2.1) 46.4(0.8)  27.2
FedSimSiam 44.8(1.5) 12.2(0.3) 40.3(2.4)  36.9
FedSimCLR 45.2(0.4) 13.7(0.3) 59.7(0.7)  39.5
FedGaLA (ours) 47.6(0.9) 14.2(0.5) 61.4(0.3) 41.1

Table 3.4: Results of linear eval. on DomainNet dataset using 30% of the test domain

for training the linear evaluation head

Model C 1 Q Ave.
FedEMA 43.5(0.8)  20.0(1.5) 49.0(2.8) 37.5
FedBYOL 44.6(1.2) 20.5(1.1) 50.4(0.9) 38.5
FedSimSiam 35.7(1.1)  14.9(3.9) 44.6(3.5) 31.8
FedMoCo 51.5(1.8)  18.2(0.1)  59.9(3.6) 43.2
FedSimCLR 51.7(1.0)  16.3(0.2)  66.5(0.9)  44.8
FedGaLA (ours) 52.4(0.7) 16.2(0.6) 68.8(0.6) 45.8

3.3 Results

Performance. We report the accuracy rates of FedGalLA and baseline models

on the four datasets. As shown in Tables 3.1, 3.5, 3.3, and 3.7, FedGaLA consistently

outperforms all baselines across all four datasets, with the exception of ‘Art-painting’

domain in Office-Home, for the 10% data regime. When 30% of the data are used,

our method still generally outperforms the baseline models, although for some of the

domains, the baseline solutions produce slightly better results; this is demonstrated

in the results in Tables 3.2, 3.6, 3.4, and 3.8,. This observation is expected given

that with the introduction of more domain-specific training data, the need for do-

main generalization declines, and thus, methods that are not explicitly designed for

Milad Soltany - Electrical And Computer Engineering



3.3. RESULTS 31

Table 3.5: Results of linear eval. on OfficeHome dataset using 10% of the test domain
for training the linear evaluation head

Model A C P R Ave.
FedEMA 20.8(0.9) 6.7(0.5)  12.5(0.4) 14.1(0.8) 135
FedBYOL 7.4(0.3)  12.9(0.5) 20.9(1.1) 13.8(0.1) 13.8
FedSimSiam 8.5(0.5)  19.8(0.8) 28.2(0.8)  16.2(0.6) 18.9
FedMoCo 10.8(0.4)  9.4(0.3)  12.4(0.9) 10.1(0.7)  10.7
FedSimCLR 8.9(0.4)  24.3(0.3) 35.2(1.2) 20.0(0.2) 22.0

FedGaLA (ours) 8.9(0.4) 25.3(0.6) 36.6(0.3) 21.2(0.5) 23.0

Table 3.6: Results of linear eval. on OfficeHome dataset using 30% of the test domain
for training the linear evaluation head

Model A C P R Ave.
FedEMA 10.0(0.3)  17.3(0.7)  28.2(1.1) 17.8(0.3) 18.2
FedBYOL 10.4(0.3) 17.4(1.2) 29.4(1.3) 17.6(0.6) 18.7
FedSimSiam 12.7(1.1)  24.1(1.9) 36.5(0.7) 21.6(1.1) 23.7
FedMoCo 15.2(0.6)  11.2(0.9) 15.8(0.7)  11.5(1.6) 13.4
FedSimCLR 13.6(1.3) 35.3(0.7) 47.6(0.9) 26.6(1.0) 30.7

FedGaLA (ours) 13.6(0.6) 35.1(0.2) 48.0(1.3) 27.0(0.7) 30.9

domain generalization can produce competitive results. Across the four datasets, we
observe that among the baseline models, FedSimCLR achieves better results com-
pared to FedSimSiam, FedBYOL, and FedMoCo. This finding is consistent with [69]
where it was demonstrated that SImCLR provides a better foundation for domain
generalization versus other SSL methods, albeit in a non-federated setup.

Tables 3.9, and 3.10 compare the performance of FedGalLA with centralized (non-
federated) methods for PACS and DomainNet datasets, respectively. As shown in
this table, FedGaLLA outperforms centralized methods by large margins. This is an
expected observation as prior works have shown that federation can boost domain

generalization [13,81].
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Table 3.7: Results of linear eval. on Terralnc dataset using 10% of the test domain
for training the linear evaluation head

Model L38 L43 L46 L100  Ave.
FedEMA 62.1(0.4)  43.5(3.0) 43.4(0.4)  63.9(0.7)  53.2
FedBYOL 63.4(0.2)  43.3(0.5)  44.3(0.3)  66.3(2.4)  54.3
FedSimSiam 54.0(6.8)  36.0(1.5)  40.9(3.7)  60.8(1.6)  47.9
FedMoCo 50.0(2.4)  33.8(0.3)  29.7(2.3)  60.2(0.1)  45.7
FedSimCLR 62.8(0.2)  45.8(1.1)  42.9(1.8)  68.8(0.3)  55.1
FedGaLA (ours) 63.6(0.1) 47.6(1.4) 43.9(2.9) 71.7(0.9) 56.7

Table 3.8: Results of linear eval. on Terralnc dataset using 30% of the test domain
for training the linear evaluation head

Model L38 L43 L46 L100  Ave.
FedEMA 62.7(0.6)  47.1(0.3)  46.1(0.4)  67.6(2.0)  55.9
FedBYOL 63.6(0.9) 46.7(1.3)  46.1(0.2)  68.8(2.5)  56.3
FedSimSiam 56.8(4.6)  35.7(2.0)  38.9(4.6) 61.4(1.4) 482
FedMoCo 60.7(0.1)  28.3(3.3)  31.7(2.3)  60.0(0.6)  45.2
FedSimCLR 65.8(0.3) 54.5(1.2) 49.0(0.4)  71.0(1.6)  60.1
FedGaLA (ours) 66.2(0.5) 52.4(1.7) 51.7(0.8) 74.6(1.3) 61.3

3.3.1 Ablation Studies

Here we examine the effectiveness of the local and global gradient alignment com-

ponents individually on the final performance of FedGaLA. To this end, we system-

atically remove each of these components. As shown in Table 3.11, each component

plays an important role in the overall performance. It is noteworthy to mention that

FedGaLA essentially becomes the FedSimCLR baseline by removing both global and

local alignments.

Milad Soltany - Electrical And Computer Engineering



3.3. RESULTS 33

Table 3.9: Comparison of linear eval. (10%) results on PACS dataset in centralized
setting

Model ‘ P A C S Ave.
BYOL 270 259 21.0 19.7 234
MoCo 442 259 335 250 321
SimCLR 04.7 3777 46.0 283 41.6
AdCo 46.5 30.2 315 229 328
DARLING 534 399 464 30.2 425
FedGaLA (ours) | 64.7 44.2 60.5 70.5 60.0

Table 3.10: Comparison of linear eval. (10%) results on DomainNet dataset in cen-
tralized setting

Model ‘ C 1 Q Ave.
BYOL 146 87 59 9.7

MoCo 325 185 81 19.7
SimCLR 37.1 199 123 23.1
AdCo 323 179 11.6 20.6
DARLING 35.2 209 157 239
FedGaLA (ours) | 47.6 14.2 61.4 41.1

3.3.2 Gradient Misalignment Due to Domain Shift

In Figure 3.2 we illustrate the amount of measured covariance for different domains

in PACS versus the amount of domain shift between each pair measured through

Table 3.11: Ablation study on PACS (GA: global alignment; LA: local alignment).

Models P A C S Ave.
FedGaLA 64.7(1.9) 44.2(1.2) 60.5(2.2) 70.5(1.3) 60.0
w/o GA 64.7(0.4) 42.6(1.2) 58.1(0.6) 69.9(1.1) 53.8
w/o LA 63.7(1.5)  41.6(1.4)  59.8(1.5) 68.9(1.1) 58.5

w/o GA & LA 64.2(1.2) 41.9(1.5) 584(1.3) 70.1(1.2) 58.6
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Figure 3.3: Impact of different labeled data ratios on linear evaluation

Mutual Information. We observe that, except for a single outlier, the trend follows

our prediction that an increase in domain shift across the clients results in a decrease

in covariance Cov(g;, g;) of the corresponding gradients across respective local models.
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Figure 3.5: the impact of the local threshold for different numbers of local epochs
3.3.3 Ratio of Labeled Data

Figure 3.3 presents the results when evaluated with different ratios of labeled data,
ranging from 10% to 60%. As can be seen, the accuracy increases significantly from
64% to 72% when the labeled ratio rises from 10% to 30%, followed by a steady climb
to 74% as the labeled ratios increase to 60%. Overall, when more labeled data are

used to train the linear classifier, the final performance expectedly improves.
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Figure 3.6: the impact of the communication rounds on performance

Table 3.12: The effect of regularizers on the performance of FedGaLLA on the PACS
dataset.

Model ‘ P A C S Ave.
FedGaLA+L2 (\ = 0.001) 64.8(0.5) 42.8(1.1) 587(1.6) 67.3(0.6) 58.4
FedGaLA+L2 (A = 0.01) 66.5(0.9)  43.4(0.9) 56.9(27)  65.2(0.6) 57.9
FedGaLA+FedProx (1 =0.001) | 62.1(0.2) 41.4(0.7) 58.9(3.1) 68.8(0.1) 57.8

FedGaLA+FedProx (u=0.01) | 63.1(0.2) 41.6(1.2) 58.5(2.0) 68.9(1.9) 58.0
FedGaLA (ours) 64.7(1.9) 44.2(1.2) 60.5(2.2) 70.5(1.3) 60.0

3.3.4 Ratio of Discarded Local Gradients

Figure 3.4 demonstrates the ratio of local gradients discarded due to local gradient
alignment during training versus communication rounds. For this experiment, the
local models are trained for 1 epoch at each communication round. As observed,
the ratio of discarded local gradients decreases from approximately 68% in the early
communication rounds to 37% by round 100. This trend indicates that as the number
of communication rounds increases, the local gradient directions become more aligned
with the global model, suggesting that with increasing the number of communications,

local models learn more domain-invariant features.
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Model ‘ A C P R Ave.
FedGaLA+L2 (A = 0.001) 11.8(0.4) 23.9(0.5) 37.1(0.4) 21.9(0.7) 23.6
FedGaLA+L2 (A =0.01) 11.8(0.2) 21.2(0.1) 34.5(0.3) 22.1(0.2) 224
FedGaLLA+FedProx (u=0.001) | 10.2(0.4) 24.2(0.4)  36.4(1.1) 19.7(0.32) 22.6

FedGaLA+FedProx (1 =0.01) | 9.2(0.3)  23.6(0.7) 37.1(0.6) 20.4(0.4) 22.6
FedGaLA (ours) 8.9(0.4) 25.3(0.6) 36.6(0.3) 21.2(0.5) 23.0

Table 3.13: The effect of regularizers on the performance of FedGaLLA on the Office-
Home dataset.

Model ‘ C 1 Q Ave.
FedGaLA+L2 (\ = 0.001) 46.3(0.8) 16.4(0.9) 62.8(0.2) 41.6
FedGaLA+L2 (A = 0.01) 38.9(1.2)  14.6(0.7) 52.5(0.8) 35.3
FedGaLA+FedProx (1 =0.001) | 44.6(0.2) 134 60.9 39.6

(1.0) (1.1)
FedGaLA+FedProx (u = 0.01) | 44.7(1.2) 13.2(04) 61.7(0.4)  39.9
FedGaLA (ours) 47.6(0.9) 14.2(0.5) 61.4(0.3) 41.1

Table 3.14: The effect of regularizers on the performance of FedGaLLA on the Do-
mainNet dataset.

3.3.5 Local Threshold vs. The Number of Local Epochs

In Figure 3.5 we study the impact of the threshold for the similarity between
gradients and the reference (7) and the number of local epochs E on performance.
In this experiment, we use three different values for 7: —0.1, 0, and 0.1, and three
different values for E: 5, 7 or 9 (local epochs per communication round).

We observe that our method produces the best results when 7 = 0, i.e., when we
keep all gradients with positive cosine similarity with the reference. Expectedly, even
discarding gradients with small amounts of alignment (7 = 0.1) degrades the results,
while keeping gradients that are not aligned with the reference (7 = —0.1) also hurts
performance. Moreover, we see that setting £ = 7 yields the best performance as

increasing the number of epochs beyond 7 does not have a positive impact, and only
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Model | L38 L43 L46 L100  Ave.
FedGaLA+L2 (A = 0.001) 61.6(0.9)  45.8(0.6)  46.6(0.7)  70.8(0.7)  56.2
FedGaLA+L2 (A = 0.01) 61.5(0.7)  38.1(2.9)  44.9(0.1) 57 8(3.3)  50.6
FedGaLA+FedProx (u = 0.001) | 63.8(0.7) 49.3(1.5) 47.2(0.1) 71.5(0.9) 57.9
FedGaLA+FedProx (u=0.01) | 63.2(1.1) 47.8(2.1) 44.8(0.4) 71 4(08) 560
FedGaLA (ours) 63.6(0.1)  47.6(1.4) 43.9(29) 71.7(0.9) 56.7

Table 3.15: The effect of regularizers on the performance of FedGaLLA on the Terralnc
dataset.

increases computational time.

3.3.6 Communication Rounds

We investigate the effect of the communication rounds 7" on the model’s perfor-
mance. Following [50,57] we set F = 1 and vary the number of communication
rounds 7" from 100 to 900. We observe from Figure 3.6 that performance improves

significantly from 1 to 200 communication rounds, with this trend slowing down from

200 to 900.

3.3.7 Effects of Regularizers on FedGaLA

Prior works have demonstrated that adding regularizers can indeed improved gen-
eralization across domains or non-IID data [33,13]. To this end, we test the impact of
regularizers on FedGaLA by applying two types of regularizers based on L2 norm [33]
and FedProx [13]. Please refer to section 3.2.5 for more details regarding these two
techniques. The results in Table 3.12 demonstrate that FedGalLA is highly compati-

ble with regularizers and that the addition of such approaches can further boost the

performance of our method.
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Models P A C S Ave.
FedMoCo 46.2(1.1) 28.6(1.0) 46.7(0.6) 37.6(1.3) 39.8
FedGaLA(MoCo)  46.5(0.3) 28.9(0.4) 47.9(0.3) 39.6(2.4) 40.7
FedBYOL 52.1(1.1) 31.8(1.1) 45.4(2.2) 47.4(1.9) 442
FedGaLA(BYOL)  52.8(0.6) 31.7(0.5) 46.3(3.1) 47.6(1.2) 44.6
FedSimCLR 64.2(1.2)  41.9(1.5) 584(1.3) 70.1(1.2) 586

FedGaLA(SimCLR) 64.7(1.9) 44.2(1.2) 60.5(2.2) 70.5(1.3) 60.0

Table 3.16: The performance of FedGaLLA when employing different SSL methods.

3.3.8 FedGaLA with other SSL and federated techniques

We examine the effectiveness of FedGaLA using other SSL frameworks (MoCo,
BYOL, and SimCLR) and federated techniques (FedAVG and Moon [34]). Our find-
ings demonstrate that FedGalLA improves various SSL baselines and also outperforms
other federated protocols.

Table 3.16 illustrates the performance of FedGaLLA when employing various SSL
models in local training and compares its performance with the baseline. These
findings highlight FedGaLA’s capability to boost the performance of different SSL
techniques when used for federated unsupervised domain generalization.

As demonstrated in Table 3.17, we investigate the effect of other federated tech-

niques and demonstrate that our FedGaLLA method outperforms recent methods like

MOON [31].
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PACS
Model P A C S Ave.
MOON (u=1) | 64.1(1.2) 43.1(0.9) 59.9(0.8) 70.0(0.7) 59.3
MOON (= 0.1) |65.1(0.2) 42.0(1.1) 58.1(14) 69.3(1.0) 58.61
MOON (p = 0.01) | 64.7(0.8) 42.8(15) 58.6(0.2) 69.6(0.6) 58.92
FedGaLA (ours) 64.7(1.9) 44.2(1.2) 60.5(2.2) 70.5(1.3) 60.0

Table 3.17: Comparison of FedGalLA with other federated techniques.
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Figure 3.8: Impact of the number of iterations for global alignment on performance.
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Chapter 4

Federated Supervised Domain Generalization

using Budgeting and Label Smoothing

In this chapter, we focus on an underlying challenge in FL, which is data hetero-
geneity, where the data available to each local client follows different distributions,
making it difficult for the global model to generalize effectively to unseen target do-
mains.

While FDG techniques show promise in tackling data heterogeneity, two challenges
persist as a result of this phenomenon. The first is the overconfidence of the clients on
their local data, as they tend to learn domain-specific features. This overconfidence
limits the effectiveness of these local models when aggregated to form the global
model. Secondly, the distribution of samples in each client is different from that of
other clients, leading to imbalances in model training, i.e., clients with more data
samples could be contributing more to the formation of the global model. This in

turn can result in a biased or sub-optimal performance [33].
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4.1 Approach

In this section, we formulate the problem of FDG with multiple clients, and intro-
duce our novel approach to tackle model overconfidence and unbalanced decentralized

training through FedSB.

4.1.1 Problem Formulation

Let’s assume i € {1,2,---, K}, where K is the total number of clients in the
system. Here, client C; has access to its local dataset D; = {x;,y;} from a specific
distribution p;(z,y), with x € X and y € Y representing the inputs and labels, re-
spectively. The objective of FDG is to learn a global model © by aggregating the
local models 6;, such that the global model can generalize to an unseen target domain
with distribution pr(z,y), where pr(x)#p;(x) for i € [1, K], and Dr is not available

during training.

4.1.2 Label Smoothing

Label smoothing was originally proposed as a regularization technique to improve
the generalization performance of deep neural networks by introducing controlled
uncertainty in the output predictions [82]. It works by adjusting the hard classifica-
tion labels, reducing a model’s tendency to become overconfident in its predictions,
particularly in cases where the data distribution is imbalanced or noisy. In the orig-
inal proposal, it was applied to the inception architecture to reduce overfitting and
improve robustness during training.

This method has since been extensively adopted across various fields, including

image classification [83-85] and speech recognition [26], where the models tend to
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Figure 4.1: Overview of FedSB

overfit to specific domain characteristics. In our approach, label smoothing plays a
crucial role in addressing model overconfidence at the client level, encouraging local
models to learn more domain-invariant features, thus enhancing generalization in

federated settings.
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4.1.3 FedSB

We propose FedSB to address the challenges of data heterogeneity in FDG. As
shown in Fig. 4.1, FedSB operates through two complementary steps. First, it en-
courages local clients to learn domain-invariant representations by reducing their local
overconfidence through label smoothing. Second, it promotes a balanced contribu-
tion from different clients by utilizing a simple yet novel budgeting technique. The

following sections provide a detailed explanation of these approaches.

4.1.4 Learning Domain-Invariant Features

Each local client has access to a relatively small dataset within a distinct domain.
As a result, the trained local models can produce predictions with high confidence
within this domain. However, these models lack generalization and perform poorly
when presented with data from other domains. To alleviate this, we introduce a
level of controlled uncertainty to the model to prevent local clients from overfitting
to domain-specific representations. To achieve this, we employ a label smoothing
technique and replace hard labels with soft labels, by altering ground truth labels as

follows:

l—e+ 5, ife=y
e = " , (4.1)
L ifc#y

where € is the smoothing coefficient, and M is the total number of classes in each

client. This formulation ensures that

M
dy=1. (4.2)
c=1
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Consequently, the cross-entropy loss using the smoothed labels can be derived as:
€ €
L=- ((1 —e+o)log(p) + )4 10g(pc)> . (4.3)
c#y
Here, the collecting terms can be rearranged as:

M

£=(1- (= loalp)) + e~ > - loa(po)) (14)

~
Smooth Loss

In this formulation, the Negative Log-Likelihood (NLL) loss over the target class
encourages correct predictions, whereas the Smooth Loss reduces overconfidence by
leveraging the incorrect classes (all classes other than the correct target class). We
apply € to control the level of smoothness of the labels, where higher € values penalize
the local models more for overconfident predictions.

Label smoothing is particularly beneficial in reducing overconfidence because it
adds controlled uncertainty to the model’s predictions, making the local client less
reliant on domain-specific features. This technique not only prevents overfitting but
also fosters more generalizable feature learning, which is critical in federated set-
tings where the local datasets differ significantly in distribution. Unlike traditional
techniques such as dropout, label smoothing modifies the ground truth data during

training, directly influencing how the model perceives classification boundaries.

4.1.5 Balanced Training

Next, let us assume a local training process at round t+1 in client C;. The model is

initialized with the global parameters of round ¢ denoted by ©f. We can characterize
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the parameters of C; after local training, using gradient descent, as:

2]
0t =0l —n Y VL, (4.5)
j=1
where 7 is the learning rate, B is the batch size, and .cg' is the loss of the j** batch of

the local dataset D;. By aggregating all the local models in the server using a simple

technique such as averaging, the global model is obtained as:

| K S A
Qi+l — - szﬁl) o % Z vl (4.6)
i=1 i=1 j=1
Accordingly, as
& D,
[; VLl = |5 JEVL, (4.7)

where E[VL;] represent the expected update of client ¢, the expected global model

parameters can be described as:
n 5~ Dl
E[0!] =0t — LN | U B[V L. 4,
o =0 - & 3oL IEvE (43)

According to Eq. 4.8, we can deduce that clients with larger datasets, i.e., larger
|D;|, have a greater influence in determining the expected value of the global model’s
update compared to clients with smaller datasets. This can degrade generalization, as
the global model tends to gravitate toward the domain of the more influential clients.
To address this issue, we apply a simple trick to ensure that each client operates under
a fixed training budget regardless of the local dataset size. Specifically, we use a fixed

budget for all clients denoted as S. If |D;| > S, we randomly select S samples from
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Algorithm 2 FedSB algorithm

1: Input: D;, Batch size b, Number of iterations ¢

2: Output: Resampled dataset D;,

3: Step 1: Initialize

4: Compute number of batches: npatches < ["—b’“]

5: Initialize resampled dataset: Dj < ()

6: if npatches > t then

T: Sample ¢ x b indices Zj, C {1,2,...,nx} without replacement
8: Construct resampled dataset: Dj, < {(zi, ¥i) ez,

9: else
10: Sample ¢ x b indices Z, C {1,2,...,n;} with replacement
11: Construct resampled dataset: D) < {(xi, yi) }iez,
12: end if
13: Step 2: Return Resampled Dataset
14: D}, < first ¢t x b samples from D;, (if applicable)
15: return Resampled dataset D),

D;, whereas where |D;| < S§ we oversample D;. By using the under/over-sampled
dataset D; for training each client, the expected global model is derived as:
nS <
Elott+!] — ot — 12 EINV L. 4.

=1

were £ denotes the loss over D;. As demonstrated in this equation, this straightfor-
ward and intuitive solution can effectively ensure equal contribution from all clients
toward the global update and mitigate the impact of data heterogeneity, particularly

with respect to dataset size.

4.2 Experimental Setup

In this section, we provide details on the experimental setup used to test our
FedSB model and provide information regarding the choice of network architecture,

datasets and evaluations methods.
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4.2.1 Datasets

We evaluate our method on four datasets namely PACS [05], OfficeHome [60],
VLCS [27], and Terralnc [67]. The PACS dataset comprises 9,991 images of the
‘Photo’, ‘Art Painting’, ‘Cartoon’, and ‘Sketch’ domains, each containing seven classes.
OfficeHome also has four distinct domains: ‘Art’, ‘Clipart’, ‘Product’, and ‘Real-
world’, comprising over 15,500 images belonging to 65 classes. Furthermore, Terra
Incognita includes 24,788 pictures of animals from four distinct locations. Finally,
VLCS comprises 10,729 images from four distinct object classification datasets: VOC,
LabelMe, Caltech101, and SUNO09 with five shared classes.

4.2.2 Image Augmentation

We follow the same augmentation strategy provided in [38] for all our baselines,
which has been the standard in the literature. We resize the images to 224 x 224 and
apply CenterCrop, RandomHorizontalFlip, ColorJitter, and RandomGrayscale. We
normalize our inputs to have the same mean and standard deviation as those of the

ImageNet dataset.

4.2.3 Network Architecture

We utilize backbones pre-trained on the ImageNet dataset and replace the final
classification layer (classification head) with a MLP containing M output nodes,

where M is the number of classes in each dataset.
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4.2.4 Implementation Details

Following prior works, we use ResNet-18 for the PACS and VLCS datasets as the
feature extractor, while for OfficeHome and Terralncognita, we utilize ResNet-50. In
addition to ResNet-based backbones used by prior works, we also report our results
on PACS and OfficeHome using Vision Transformers (ViTs) [89]. Given that ViTs
have not been used by the baselines, we re-implement the commonly used FedAVG
baseline using two variants of ViTs, namely ViT-b/16 and ViT-b/32. Finally, to
compare against CCST [15], we also evaluate our method on PACS with the ResNet-
50 backbone. All models are trained with Adam and a learning rate of le-4, using a
batch size of 64. We conduct the training for 100 global communication rounds for
PACS and 50 rounds for all other datasets. Mixstyle [90] is also applied within each
client for each experiment based on CNN backbones. We implement and train our

method and baselines using the PyTorch framework on an Nvidia RTX 3090 GPU.

Table 4.1: Comparison of image recognition accuracy on the PACS dataset. The
single-letter columns represent the unseen (test) domain in the PACS dataset: P
(Photo), A (Art), C (Cartoon), and S (Sketch). FedSB outperforms all other baselines

by great margins on the PACS dataset

P A C S Ave.
FedAvg [!] 91.67 79.25 70.46 75.98 79.34
FedADG [11] 93.64 81.39 75.39 78.56 82.25
FedProx [33]  91.60  79.16 7145 7551  79.45
FedSR [13] 93.00 78.37 72.22 77.53 80.27
FedIIR [77] 94.56 80.06 75.20 79.63 82.36

FedSB (ours) 94.19 81.80 75.28 83.52 83.81
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Table 4.2: Comparison of image recognition accuracy on the OfficeHome dataset. The
single-letter columns represent the unseen (test) domain in the OfficeHome dataset:
P (Product), A (Art), C (Clipart), and R (Real World). FedSB outperforms all other
baselines by great margins on the OfficeHome dataset

P A C R Ave.
FedAvg [!] 78.30 64.16 54.88 79.08 69.10
FedADG [11] 74.87 60.27 56.09 76.48 66.93
FedProx [33] 77.45 64.33 55.02 79.53 68.14
FedSR. [13] 73.50 58.46 50.83 73.93 64.18
FedIIR [77] 75.68 63.57 54.53 78.16 68.08

FedSB (ours) 78.33 65.88 60.05 79.42 70.92

4.2.5 FEvaluation

Following [35], we utilize the leave-one-domain-out setting. Each time, we select
one domain D; as a target and train the model on the rest of the domains. We
repeat this for all domains and average the performance. The reason for choosing
this method of evaluation is the lack of test data for each domain and the nature of

FDG.

4.2.6 Baselines

We compare FedSB with FedAVG [1], FedADG [!1], FedProx [33], FedSR [13],
and FedlIIR [77]. We re-run all the baselines and report the average performance
over three different runs, except FedADG [11], where we report the results from the

original paper.
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4.3 Results

Tables 4.1, 4.2, 4.3, 4.4 reports the performance of FedSB in comparison to the
baselines on PACS, OfficeHome, TerraINC, and VLCS datasets, respectively. As
demonstrated, FedSB achieves state-of-the-art results on three out of four datasets.
Our FedSB method improves the baseline results on PACS by 4.47%, additionally
improving the accuracy on the OfficeHome dataset by 1.82%. Furthermore, we im-
prove the image recognition accuracy on the Terralncognita dataset by 1.73%. The
only dataset, in which FedSB does not beat state-of-the-art is VLCS, where it gets
second best performance.

Additionally, as shown in Fig. 4.2, our method shows better separability of classes
compared to that of the FedAVG baseline, which makes it easier for a classifier to clas-
sify different classes. Similarly, comparisons against CCST in Table 4.5 demonstrate

the superiority of our approach, without explicitly sharing information like style.

Table 4.3: Comparison of image recognition accuracy on the Terralncognita dataset.
The single-letter columns represent the unseen (test) domain in the Terralncognita
dataset: L36, L43, 148, and L100 represent different geographical locations.

L36 L43 L48 L100 Ave.

FedAvg [1] 4137 4334 3990  56.02  45.16
FedProx [33]  43.13  45.79  40.64  55.18  46.19
FedSR [13] 2433 3343 3097  56.80  36.38
FedIIR [77] 4110 4779 3947  47.63  44.01

FedSB (ours) 38.37 44.56 43.60 61.02 46.89
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Table 4.4: Comparison of image recognition accuracy on the VLCS dataset. The
single-letter columns represent the unseen (test) domain in the VLCS dataset: V
(VOC2007), L (LabelMe), C (Caltech), and S (SUN).

\Y L C S Ave.
FedAvg [1] 72.27 60.25 96.35 70.37 74.81
FedADG [11] 73.20 61.20 95.78 74.95 76.28
FedProx [33] 73.16 60.39 97.03 72.62 75.80
FedSR. [13] 68.83 29.63 95.83 71.63 73.98
FedIIR [77] 76.42 61.84 96.79 74.69  77.44
FedSB (ours)  74.28  62.78 97.35 7217  76.64

a) FedAVG

b) FedSB

Figure 4.2: TSNE plot for S domain on PACS. The points are color-coded to represent
different classes. FedSB better separates data points belonging to different classes,

facilitating classification.

4.3.1 Ablation Studies

Table 4.6 presents the result of our ablation study where we systematically remove

different components of FedSB and report the results on PACS. Table 4.6 presents the

results of our ablation study, where we systematically remove different components
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Table 4.5: Accuracy on PACS using a ResNet-50 backbone. FedSB achieves state-
of-the-art performance even when compared to CCST, that explicitly shares data
information among the clients.

Method P A C S Ave.
FedAvg [!] 95.51 82.23 78.20 73.56 82.37
FedDG [7] 96.23 83.94 79.27 73.30 83.19
CCST [15] 96.65 88.33 78.20 82.90 86.52

FebSB (ours) 9597  87.46  80.86 85.22  87.33

of FedSB and report the outcomes on the PACS dataset. While utilizing both com-
ponents of FedSB achieves state-of-the-art accuracy on the PACS dataset (83.31%),
removing the smoothing component results in a 2.3% drop in performance (second
row of Table 4.6). Additionally, utilizing the budgeting technique results in a 2.17%
gain in performance compared to the baseline. We observe that performance de-
clines with the removal of each component, demonstrating the effectiveness of each

component in our method.

Table 4.6: FedSB with ablations results on on PACS. Removal of each component in
FedSB results in a drop in performance in the image recognition task

Smoothing Budget‘ P A C S Ave.

- 91.67 79.25 7046 7598 79.34
- v 93.93 80.25 76.63 77.22 81.51
v - 93.51 82.83 75.14 82777 83.31
v v 94.19 8180 75.28 83.52 83.81
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4.3.2 Sensitivity Analysis

We also report the effect of varying €, and S on the overall performance in Tables
4.7, and Table 4.8. Changing the value of € from 0.1 to 0.3 results in minimal perfor-
mance variations on the PACS dataset, with the maximum drop being 0.33% after an
average of three runs. It can be understood that as long as any level of uncertainly is
injected during training with the use of epsilon, the performance experiences marked
improvements.

We conduct the same experiment with different values for S, setting it to 30,
45, and 60 batches on the PACS dataset. Table 4.8 demonstrates the robustness of
using different budget values. It can be seen that our method does not exhibit high

sensitivity to either hyper-parameter.

Table 4.7: Impact of varying € on FedSB accuracy.

€ P A C S Ave.

e=01 93.51 82.83 7514 82.77 83.31
e=03 9341 818 75.73 8239 83.35
e=02 9307 80.76 7544  82.63 82.98

Table 4.8: Impact of varying S on FedSB accuracy.

S P A C S Ave.

S§=30B 91.34 80.25 76.63 77.22 81.51
S=45B 92.40 81.12 72.08 7548  80.27
S§=60B 91.87 80.61 73.70 78.02 81.05
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4.3.3 Performance Using Transformer-Based Backbones

We also evaluate FedSB while using transformer-based backbones. The evalua-
tions using ViT-b/16 and Vit-b/32 [89] backbones are presented in Table 4.9 for PACS
and Table 4.10 for OfficeHome, where we observe that FedSB continues to outper-
form the baseline on both backbones and datasets. For example, using the ViT-b/16
backbone, FedSB achieves an average accuracy of 88.56%, compared to 87.24% for
FedAvg. Similarly, with the ViT-b/32 backbone, FedSB achieves an average accu-
racy of 85.97%, outperforming FedAvg’s 84.47%. A similar pattern is observed on
the OfficeHome dataset. Using the ViT-b/16 backbone, FedSB achieves an average
accuracy of 75.73%, slightly outperforming FedAvg’s 75.27%. With the ViT-b/32
backbone, FedSB continues to outperform FedAvg, achieving an average accuracy of
69.36%, compared to 68.64% for FedAvg. These results highlight the adaptability
and robustness of the FedSB framework when using transformer-based architectures,
further demonstrating its efficacy across diverse neural network backbones. As Vision
Transformers continue to gain traction in the machine learning community, incorpo-
rating these backbones into federated learning setups like FedSB can lead to enhanced
generalization performance, especially in scenarios involving complex, heterogeneous
datasets. The number of global communication rounds while using transformer-based

backbones for the PACS and OfficeHome datasets is 20, and 10, respectively.
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Table 4.9: Accuracy of FedAvg and FedSB on the PACS dataset using ViT backbones.

PACS
Backbone Method P A C S Ave.
ViT-b/16 FedAvg [I] 98.88 90.65 76.56 82.80 87.24
FebSB (Ours) 08.84 91.49 80.43 83.48 88.56
ViTh/zo  FedAve [1] 96.66 84.57 77.46 79.01 84.47
FebSB (ours) 96.96 87.89 78.07 78.43 85.97

Table 4.10: Accuracy of FedAvg and FedSB on the OfficeHome dataset using ViT

backbones.
OfficeHome
P A C R Ave.
ViT-h/16 FedAvg [!] 81.92 74.63 60.76 R83.76 75.27
FebSB (ours) 82.46 75.17 60.80 84.52 75.73
ViT-h/32 FedAvg [] 74.93 64.82 5747 77.33 68.64
FebSB (ours) 74.57 65.65 58.87 78.36 69.36
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Chapter 5

Conclusion

5.1 Summary

In this thesis, we proposed two novel approaches for Federated Domain General-
ization (FDG), addressing both unsupervised and supervised learning settings. We
evaluated our methods on various datasets and showed the effectiveness of our pro-
posed methods through extensive experiments. Specifically, this work focuses on two
main problems, gradient misalignment due to domain shift in unsupervised federated
settings and the overconfidence of local clients, as well as the imbalanced training
contribution of local clients throughout training in the supervised setup.

In Chapter 3, we first introduced Federated Unsupervised Domain Generalization
using Global and Local Alignment of Gradients to handle domain shifts in federated
learning without labeled data. By aligning gradients both locally at the client level
and globally at the server level, FedGalLA enables the learning of domain-invariant
features, leading to improved generalization across unseen domains. Extensive exper-
iments on four commonly used multi-domain datasets showed that FedGaLLA outper-

formed existing baselines, confirming its effectiveness. Ablation studies and sensitivity
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analyses highlighted the importance of both local and global alignment components.

In Chapter 4, we proposed Federated Domain Generalization with Label Smooth-
ing and Balanced Decentralized Training to address data heterogeneity in super-
vised federated learning. FedSB leverages label smoothing to prevent overfitting to
domain-specific features and introduces a decentralized budgeting mechanism to en-
sure balanced training contributions from clients. Experiments across four datasets
demonstrated that FedSB achieved state-of-the-art performance on three out of four
datasets, validating its robustness in handling data heterogeneity.

Both approaches offer solutions to critical challenges in federated learning, improv-
ing generalization across diverse and unseen domains while preserving data privacy.
The methods contribute to the advancement of the field by addressing key limita-
tions in existing approaches, positioning them as state-of-the-art solutions in both

unsupervised and supervised federated domain generalization.

5.2 Future Work

There are several directions for future research stemming from this work. For
FedGaLLA, one potential avenue is to improve the communication efficiency of the
framework. Currently, the alignment of gradients at both the client and server levels
involves some communication overhead, which could be optimized. Additionally,
the application of FedGaL A in other federated learning scenarios involving different
types of data and tasks, such as time-series data or more complex hierarchical models,
can be explored. Additionally, this method can be extended to supervised and semi-
supervised domain generalization and adaptation where there is available information

about the target domain.
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For FedSB, future work can focus on extending the approach to more complex and
diverse federated learning settings. This includes integrating FedSB with advanced
techniques such as differential privacy and model compression to make the approach
even more scalable and robust. By incorporating privacy-preserving methods, the
continued protection of client data can be ensured while maintaining high levels of
model performance. Another avenue for improvement involves exploring more so-
phisticated mechanisms for balancing training contributions from clients with highly
imbalanced datasets. Similarly, this work could be adapted to domain adaptation

tasks.
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