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Abstract

Recent advances in deep learning show that model performance consistently im-
proves with larger and more diverse datasets. However, in many practical scenarios,
a single data holder lacks sufficient data to benefit from such scaling. Collaborative
learning, in which multiple parties jointly train a model using their combined data
resources, offers a promising solution, yet direct data sharing is often infeasible due
to privacy and confidentiality constraints. Federated learning provides a privacy-
preserving framework by enabling model training across distributed data without
exchanging raw data. Despite its potential, collaboration remains fundamentally
challenged by data heterogeneity, including differences in underlying data distribu-
tions across parties and inconsistencies in observable features or label availability,
whether or not the data are centrally shared.

This thesis conducts a systematic study of data heterogeneity in collaborative
learning, focusing on supervised learning across multiple parties under two primary
forms of heterogeneity: (1) distribution heterogeneity, arising from differences in
underlying data distributions (e.g., covariate and label shift) , and (2) observation
heterogeneity, stemming from discrepancies in observable features or label availabil-
ity. The thesis develops practical algorithms to enable effective collaboration despite
these discrepancies.

First, we propose a personalized federated learning method designed for scenarios
with heterogeneous label distributions. By introducing a multi-branch architecture
that jointly captures global shared patterns and party-specific behaviors, the method
achieves robust performance under diverse label-shift conditions. Second, we inves-
tigate federated learning under feature-space heterogeneity, where parties possess
only partially overlapping features. We develop a neural architecture that sepa-
rates common and party-specific representations, allowing each party to exploit its
unique features while benefiting from collaboration through shared features. Third,
we address a federated adaptation scenario where all parties hold unlabeled data
from distinct domains and only a pretrained source model is available. We intro-
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duce a domain-aware aggregation framework that leverages pseudo-label refinement
and similarity computed solely from shared model parameters, ensuring privacy-
preserving and domain-sensitive model updates. Finally, we explore a two-party
(source and target) domain adaptation setting with centrally aggregated but highly
heterogeneous data, combining extreme label-shift conditions, mismatched feature
spaces, and lack of labels. A novel algorithm is developed to integrate heterogeneous
domain adaptation with positive-unlabeled learning, enabling effective cross-domain
knowledge transfer in realistic applications such as cross-industry potential customer
prediction.

Through comprehensive analysis and the development of algorithms tailored to
diverse practical constraints, this thesis expands the possibilities for organizational
data collaboration, enabling robust learning across realistically heterogeneous envi-
ronments.
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Chapter 1

Introduction

1.1 Background and Motivation

Recent progress in deep learning has enabled high-performance models across various
domains such as computer vision [8, 9], natural language processing [10, 11], audio
and speech processing [12, 13], and tabular data [14, 15]. These advances have
been driven largely by the availability of large-scale, high-quality training data, and
numerous empirical studies have demonstrated that the performance of deep neural
networks continues to improve as the size of training data increases, a phenomenon
known as the scaling law [16, 17]. However, in many practical scenarios, a single
data owner typically does not possess sufficient data diversity or quantity to fully
exploit such scaling behavior.

One solution to this limitation is to aggregate data from multiple data owners
(hereafter referred to as parties1) and collaboratively train a model that leverages
their collective knowledge. Indeed, the idea of exploiting data from a source do-
main to improve performance in a target domain with limited data has been widely
studied under domain adaptation (DA) [18], which has proved effective across many
applications [19–22]. Yet, in many real-world settings, data held by each party can-
not be freely shared due to privacy regulations, confidentiality requirements, and
institutional policies. To address these concerns, federated learning (FL) [23] has
emerged as a privacy-preserving alternative. FL enables multiple parties (clients) to
jointly train a machine learning model without exchanging their raw data. Instead,
each party performs local training on its own data and shares only model parameters

1Party is used in a general sense to denote independent data-holding entities such as organiza-
tions, institutions, devices, and clients in federated learning.
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or gradients, which are then aggregated to update a global model in a central server.
This paradigm maintains data locality while enabling multi-party collaboration, and
it has already been deployed in applications such as mobile keyboard prediction [24],
healthcare analytics [25, 26], and credit card fraud detection [27].

A fundamental challenge in such collaborative learning2 is data heterogeneity.
In practice, the data held by each party often differ in two key ways: (1) their
underlying data-generating distributions may not be identical, and (2) some features
or labels may be unobserved for some parties. We refer to the former as distribution
heterogeneity and the latter as observation heterogeneity. These discrepancies can
hinder naive collaborative approaches, sometimes even degrading performance due
to distribution mismatch, or making it algorithmically difficult to construct a unified
model when feature spaces or label availability differ. Although several studies have
addressed specific aspects of heterogeneity, these efforts remain fragmented, and
a systematic investigation of data heterogeneity in collaborative learning is still
lacking.

The main goal of this thesis is to provide such a systematic investigation and to
develop methods that enable effective collaboration under diverse types of hetero-
geneity. Although FL and DA are often studied as separate research areas, both can
be viewed under a unified perspective of collaborative learning, where multiple data
sources collectively contribute to model training. This unified viewpoint provides a
common foundation for the methods developed in this thesis.

1.2 Data Heterogeneity

Throughout this thesis, we focus on collaborative supervised learning, where each
party possesses input-label pairs. When multiple parties collaborate, the data they
collect may differ in several important ways. We categorize heterogeneity into two
primary types: distribution heterogeneity and observation heterogeneity, illustrated
in Figure 1.1. We provide a brief overview below and defer their formal definitions
to Chapter 2.

2We use collaborative learning in a broad sense to refer to any setting where multiple parties
jointly train a model, including both data-sharing approaches and federated learning.
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Figure 1.1: An overview of data heterogeneity across two parties. Distribution hetero-
geneity refers to differences in the underlying data distributions, such as covariate shift or
label shift, while observation heterogeneity arises from discrepancies in observable infor-
mation, including feature-space heterogeneity and label-availability heterogeneity.
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1.2.1 Distribution Heterogeneity

Distribution heterogeneity refers to differences in the statistical properties of data
collected by different parties. Such differences may arise due to variations in de-
mographics, environments, sensor characteristics, or data-collection processes. Two
well-studied forms of distribution heterogeneity include:

• Covariate Shift: When the distributions of input features are different
while the underlying relationship between inputs and labels remains consistent
across parties, the discrepancy is known as covariate shift [28]. Covariate shift
commonly appears when parties operate in different sensing environments or
target different subpopulations.

• Label Shift: Conversely, parties may share similar class-conditional distri-
butions but differ in the prevalence of each label. This type of mismatch is
referred to as label shift [29]. Label shift often arises in applications with vary-
ing class frequencies across institutions, such as medical diagnosis or fraud
detection.

Such differences in underlying distributions can degrade performance in FL,
where model parameters are aggregated across parties [30].

1.2.2 Observation Heterogeneity

Observation heterogeneity arises when parties differ in what information they can
observe. This affects the structure of the inputs or the availability of labels:

• Feature-Space Heterogeneity: Parties may record different sets of input
features due to hardware differences, domain-specific sensor availability, or
data collection policies. Some features may be available to all parties (common
features), while others may be unique to each party (party-specific features).

• Label-availability heterogeneity: Parties may also vary in the availability
of labeled data. Some may have fully labeled datasets; others may have only
partially labeled data or exclusively unlabeled data due to annotation costs or
limited domain expertise.

These forms of heterogeneity complicate data collaboration including FL and
DA because the observable information space differs across parties.
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1.3 Related Works

Research related to this thesis spans several areas of collaborative learning, includ-
ing FL under distribution heterogeneity, FL with heterogeneous features, FL with
unlabeled data, and heterogeneous DA. Below, we summarize these research threads
to clarify how the contributions of this thesis relate to existing work.

1.3.1 Federated Learning under Distribution Heterogeneity

FL was introduced as the Federated Averaging (FedAvg) algorithm [31], which aver-
ages locally trained models to obtain a single global model. However, FedAvg suffers
from significant degradation under distribution heterogeneity [23, 30, 32].

To address this issue, two broad research directions have emerged. One focuses
on improving the robustness of a shared global model through modifications to op-
timization or aggregation [5, 33, 34]. The other line of work develops personalized
federated learning (PFL), which aims to produce party-specific models that adapt to
local distributions using local adaptation, regularization, or clustering-based strate-
gies [6, 7, 35–41]. Despite these advances, existing approaches still struggle to bal-
ance global sharing and local specialization under complex label-shift conditions.

Chapter 3 addresses this challenge by proposing a simple yet effective multi-
branch architecture that explicitly captures both shared and party-specific patterns.

1.3.2 Federated Learning with Heterogeneous Features

Most early FL studies assume a shared input feature space across all parties. Vertical
federated learning (VFL) and federated transfer learning (FTL) relax this assump-
tion by supporting disjoint features with aligned sample IDs or correlated features
[42–48]. However, these assumptions rarely hold in practical scenarios where orga-
nizations observe different features without shared samples or strong correlations.

Recent approaches attempt to extend standard FL to heterogeneous feature
spaces by mapping data from each party into a shared latent representation before
federated training [49–51]. Such methods, however, depend heavily on the existence
of a meaningful latent space and may suffer from negative transfer when private
features are highly diverse.

Chapter 4 tackles these limitations by explicitly separating common and party-
specific feature components within a unified architecture, enabling effective collab-
oration without requiring feature alignment or feature similarity across parties.
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1.3.3 Federated Learning with Unlabeled Data

FL with limited labeled data has been studied in the contexts of semi-supervised
FL [52–58] and unsupervised FL focusing on representation learning or clustering
[59–63]. These works typically assume at least partial supervision or similar data
distributions across parties.

A more challenging scenario arises when all parties hold only unlabeled data
from different domains (covariate shift), and a pretrained source model is available.
The only prior work in this setting focuses on semantic segmentation and requires
sharing feature-derived representations, raising privacy concerns [1].

Chapter 5 introduces the first federated framework for classification in this
regime, enabling domain-aware and privacy-preserving collaboration by estimating
party similarity solely from model parameters rather than data-derived features.

1.3.4 Heterogeneous Unsupervised Domain Adaptation

Conventional DA assumes matched feature spaces between source and target do-
mains. Heterogeneous unsupervised domain adaptation (HUDA) relaxes this as-
sumption by allowing distinct feature spaces and mainly addresses observation het-
erogeneity via feature-space mismatch and limited label availability [64–70]. How-
ever, most HUDA studies implicitly assume negligible distribution shift, which rarely
holds in practice.

Chapter 6 considers a more realistic setting where severe label shift coexists with
observation heterogeneity: the source domain has only positive examples, the target
is fully unlabeled, and their feature spaces partially overlap. By integrating HUDA
with positive-unlabeled learning [71], this chapter enables collaboration under both
observation heterogeneity and significant label shift.

1.4 Contributions and Organization

This thesis investigates heterogeneous collaborative learning across multiple parties
under a variety of practical constraints. Before addressing the different forms of
heterogeneity, Chapter 2 introduces the unified problem setting and notation used
throughout the thesis, providing a common foundation for the subsequent chapters.
The four main research chapters then tackle different forms of data heterogeneity
from complementary perspectives. Table 1.1 summarizes the learning frameworks
and heterogeneity types considered in each chapter.
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Table 1.1: Overview of learning frameworks and types of data heterogeneity addressed
in each chapter.

Chapter Learning Data Heterogeneity
Framework Distribution Observation

Chapter 3 federated learning label shift -
Chapter 4 federated learning - feature space
Chapter 5 federated learning covariate shift label availability
Chapter 6 domain adaptation label shift feature space, label availability

Chapters 3–5 focus on FL under different heterogeneous conditions: Chapter 3
studies distribution heterogeneity in the form of label shift; Chapter 4 examines
observation heterogeneity arising from heterogeneous feature spaces; and Chapter 5
considers a challenging combination of covariate shift and the absence of labels
when a pretrained source model is available. While Chapters 3–5 focus on FL set-
tings where collaboration is constrained by privacy and decentralization, Chapter 6
deliberately steps outside the federated paradigm to examine collaborative learning
under extreme heterogeneity. In this chapter, data can be centrally aggregated,
enabling an explicit analysis of scenarios where multiple forms of heterogeneity co-
exist simultaneously, including extreme label shift and heterogeneity in both label
availability and feature space.

Together, these chapters provide a unified and systematic perspective on collabo-
rative learning under heterogeneous data conditions and develop practical algorithms
that enable effective collaboration.

The concrete contributions of this thesis are summarized as follows:

• Chapter 3: We propose a FL method tailored to label-shift scenarios, en-
abling parties with different label distributions to collaboratively train per-
sonalized models. A simple multi-branch architecture is introduced to balance
shared global structure with party-specific specialization, providing robustness
under realistic label-shift scenarios.

• Chapter 4: We address FL under observation heterogeneity, where parties
observe different subsets of features. We propose a neural architecture that
explicitly separates common and party-specific feature components, allowing
each party to benefit from collaboration without requiring feature alignment
or feature-similarity assumptions.

• Chapter 5: We study a fully unlabeled federated setting under covariate shift
with a pretrained source model. A privacy-preserving method is developed
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that refines pseudo-labels locally and computes domain similarity solely from
shared model parameters and local unlabeled data, enabling domain-aware
aggregation without exchanging data-derived representations.

• Chapter 6: We consider a two-party DA setting characterized by extreme
heterogeneity, where the source domain contains only positive-labeled data,
the target domain is entirely unlabeled, and the two domains have partially
overlapping features. This setting is motivated by real-world applications, such
as cross-industry potential customer prediction. We develop an algorithm that
integrates HUDA with positive-unlabeled learning, enabling effective collabo-
ration despite partial label availability and feature heterogeneity.
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Chapter 2

Preliminaries

This chapter introduces the formal mathematical framework and optimization al-
gorithms used throughout this thesis, including the general collaborative-learning
formulation and the Federated Averaging (FedAvg) [31] algorithm.

2.1 Problem Setting

In this thesis, we focus on collaborative supervised learning. Before discussing het-
erogeneous scenarios, we introduce a heterogeneity-agnostic general problem setting
that defines the fundamental components common to all learning tasks addressed
in this thesis.

2.1.1 General Formulation

We consider K parties indexed by k ∈ {1, . . . , K} (or k ∈ {s, t} in a two-party
DA setting). Each party owns a local dataset Dk = {(xk,i, yk,i)}Nk

i=1 of Nk samples
drawn from its local distribution Pk(x, y). Let N be the total number of data sam-
ples across clients. Each sample consists of an input feature vector xk,i ∈ Xk and
an associated label yk,i ∈ Y , where Xk denotes a party-specific feature space and Y
denotes a shared label space. Throughout this thesis, we consider M -class classifica-
tion problem. Each party trains a predictive model (neural network) hθk : Xk → Y ,
parametrized by θk ∈ Θ. The local supervised loss for party k is defined as

Lk(θk) = E(x,y)∼Pk
[`
(
hθk(x), y

)
], (2.1)
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where `
(
·, ·) is a task-specific loss such as the cross-entropy loss. In practice, the

empirical loss on dataset Dk is used:

L̂(Dk; θk) =
1

Nk

Nk∑
i=1

`
(
hθk(xk,i), yk,i

)
. (2.2)

Collaborative learning commonly considers two objectives.
Learning a Single Global Model: A single model shared by all parties is obtained
by solving

min
θ

K∑
k=1

Lk(θ). (2.3)

Standard FL approaches such as FedAvg [31] optimize this objective by exchanging
model parameters while keeping all raw data local. We introduce the detailed algo-
rithm of FedAvg in Section 2.2. In DA settings where data from source and target
domains can be centrally collected (Chapter 6), the same objective is optimized to
learn a target-effective model, possibly with additional domain regularization.
Learning Multiple Personalized Models: When parties exhibit substantial dif-
ferences in data characteristics, it may be preferable to learn models specialized to
each party while still leveraging shared information:

min
θ1,...,θK

K∑
k=1

Lk(θk). (2.4)

This objective captures a variety of personalized FL approaches addressed in most
chapters in this thesis (Chapter 3,4,5).

We next formalize the types of heterogeneity that later chapters build upon.

2.1.2 Data Heterogeneity

We consider two primary forms of heterogeneity: distribution heterogeneity and
observation heterogeneity.

2.1.2.1 Distribution Heterogeneity

Distribution heterogeneity occurs when parties have different data distributions:

Pk(x, y) 6= Pk′(x, y). (2.5)
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Decomposing the joint distribution as

Pk(x, y) = Pk(x)Pk(y|x) = Pk(y)Pk(x|y) (2.6)

allows us to characterize two types of distributional discrepancies.

Covariate Shift (Chapters 5): Parties share the same conditional distribution
Pk(y|x) but differ in the marginal Pk(x).

Label Shift (Chapters 3, 6): Parties share the same class-conditional distribution
Pk(x|y) but differ in the marginal Pk(y).

The degree of distribution heterogeneity can be quantified by the Kullback–
Leibler (KL) divergence DKL(·‖·) between party-wise distributions Pk. Chapters 3
and 6 focus on label-shift scenarios in which the supports of Pk(y) differ across
clients, resulting in DKL(Pk‖Pk′) = ∞. Chapter 3 further considers a milder
Dirichlet-based label-shift setting with DKL(Pk|Pk′) < ∞. In contrast, Chapter 5
addresses covariate shift, where analytical computation of DKL(·‖·) is generally in-
tractable for high-dimensional image data, and instead examines heterogeneous vi-
sual domains such as art paintings and photos.

2.1.2.2 Observation Heterogeneity

Observation heterogeneity concerns differences in the information available to each
party.

Feature-Space Heterogeneity (Chapters 4, 6): Parties observe different fea-
ture spaces Xk 6= Xk′ . A common formulation decomposes each feature space as

Xk = X c ×X u
k ,

where X c represents features shared across all parties and X u
k represents party-

specific (unique) features.

Label-Availability Heterogeneity (Chapters 5, 6): Parties may differ in the
amount of supervision: some have labeled datasets Dk = {(xk,i, yk,i)}Nk

i=1, while
others have only unlabeled data Dk′ = {xk,i}

Nk′
i=1 due to annotation costs or lack of

expertise.

31



2.2 Federated Averaging (FedAvg)

FL is typically organized in a server-client architecture, where each party acts as
a client performing local optimization, and a central server coordinates the overall
training process. FedAvg [31] is the most standard method for iteratively optimizing
the global objective in such a distributed setting while keeping all data local. The
detailed algorithm is shown in Algorithm 1.

At communication round r, the central server sends the current global model
parameters θr to all participated clients. Each client k performs E local epochs to
update θr and obtain its local model θrk by minimizing the empirical loss L̂(Dk; θk)

via gradient descent:
θrk ← θrk − η∇L̂(Dk; θ

r
k), (2.7)

where η is the learning rate. After completing the local updates, client k returns θrk
to the server, which averages the local models to update the global parameters:

θr+1 ←
K∑
k=1

Nk

N
θrk. (2.8)

This procedure is iterated for R iterations, and the final global model θR is then
used for inference. However, such a single global model does not necessarily optimize
performance for the heterogeneous data distributions of individual clients.

The generalization behavior of FedAvg has been theoretically studied. Recent
stability-based analyses show that the generalization bound of FedAvg scales as
O
(

1
N

)
with the total number of samples across clients [72]. This result suggests that

increasing the number of participating clients can reduce the generalization error,
providing theoretical justification for the benefits of data collaboration discussed in
Chapter 1.

32



Algorithm 1: FedAvg: Federated Averaging [31]
Input: K clients with local datasets Dk = {(xk,i, yk,i)}Nk

i=1, initial
parameters θ0, number of communication rounds R, number of
local epochs E, learning rate η, size of sampled clients S

Output: Trained parameters θR

1 Server executes:
2 for r = 0 to R− 1 do
3 Sample a subset of clients Sr of size S
4 for each k ∈ Sr in parallel do
5 Send θr to client k
6 θrk ← ClientLocalLearning(k, θr)
7 θr+1 ←

∑K
k=1

Nk

N
θrk

8 return θR

9 ClientLocalLearning(k, θr):
10 θrk ← θr

11 for e = 1 to E do
12 θrk ← θrk − η∇L̂(Dk; θ

r
k)

13 return θrk

33





Chapter 3

Personalized Federated Learning
with Multi-branch Architecture

3.1 Introduction

As discussed in Chapters 1, 2, federated learning (FL) enables multiple clients to
collaborate without sharing data, but its effectiveness is significantly affected by
distribution heterogeneity. In particular, label shift, a key form of distribution het-
erogeneity defined in Chapter 2, makes a single global model suboptimal, thereby
motivating the need for personalized federated learning (PFL), which aims to learn
client-specific models that better capture local data characteristics.

Existing PFL methods can be broadly categorized into two groups based on how
personalization is achieved: local-customization methods and similarity-based meth-
ods [6]. Local-customization methods train a global model and locally customize it
to build a personalized model. Local fine-tuning is a representative example [35].
However, these methods usually construct the global model with equal contributions
from all clients, even when some clients’ data distributions differ substantially. This
can lead to suboptimal or even invalid global updates.

To mitigate this issue, similarity-based PFL methods have been proposed. Early
approaches in this category rely on client clustering [7, 40, 73, 74], training a shared
model for each cluster of similar clients. Such methods are only applicable when
clients are clearly partitioned according to their distributions and not suitable for
more complex data distributions. More recent methods, such as FedAMP [6] and
FedFomo [41], compute pairwise client similarities and update each client’s model
as a weighted combination of other clients’ models with the similarities. Although

35



these methods outperform local-customization approaches in simple label-shift set-
tings, e.g., when each client has a small subset of classes or clients are grouped in
advance by their data distributions, our experiments show that FedAMP, FedFomo,
and clustering-based methods perform poorly in more complex label-shift scenar-
ios. This is because directly estimating inter-client similarities is difficult due to the
complexity of data distribution.

In this chapter, we aim to overcome this limitation of similarity-based methods
by extending the core idea behind clustering-based methods. Specifically, clustering-
based approaches restrict each client to a single cluster model, but in complex label-
shift settings where clear clustering does not exist, clients should ideally leverage
weighted combinations of multiple models. Motivated by this insight, we propose
a new PFL method called personalized Federated learning with Multi-Branch ar-
chitecture (pFedMB). pFedMB decomposes each neural network layer into multiple
branches and assigns a set of client-specific coefficients to these branches. Each
client obtains a personalized model by learning optimized client-specific coefficients
and combining all the branches via a convex weighting to form its effective layer.
Furthermore, pFedMB introduces a novel aggregation mechanism that updates each
branch through weighted averaging, using the client-specific coefficients associated
with that branch. This design enables clients with similar data distributions to im-
plicitly share more information without explicitly computing similarity measures as
in FedAMP or FedFomo since similar clients naturally learn similar client-specific
coefficients. As a consequence, the method enhances both communication efficiency
and model performance.

Our empirical results demonstrate that pFedMB consistently outperforms state-
of-the-art PFL methods across a range of benchmarks in label shift settings and
exhibits strong robustness to both simple and highly complex label-shift settings,
making it a well-balanced and widely applicable PFL solution.

3.2 Related Works

3.2.1 Multi-branch Neural Networks

Our research is inspired by multi-branch convolutional networks such as condition-
ally parameterized convolutions (CondConv) [75], which enables us to increase the
size and capacity of a network, while maintaining efficient inference. In a Cond-
Conv layer, a convolutional kernel for each example is computed as a weighted
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linear combination of multiple branches by example-dependent coefficients. We ex-
tend this architecture to the FL setting, where the coefficients associated to each
branch depend on clients’ data distributions, rather than examples.

Other type of multi-branch neural networks has also been proposed [76, 77].
BranchyNet [76] inserts early exit branches, that is, side branches in the middle of
the neural network and achieves fast inference by allowing test samples to exit the
network early via these branches when samples can already be inferred with high
confidence.

3.2.2 Federated Learning Based on Multi-branch Neural Net-
works

Several studies have incorporated multi-branch neural network architectures into
FL [78–82]. Broadly, these methods use branching to adapt model capacity or
structure across clients, and are often motivated by practical heterogeneity in client
resources or operating conditions. In particular, a common use case is heterogeneous
FL with varying computation capacities, where the model is structured so that
different clients can train and/or deploy different portions of the network [78–81].
Another line of work considers dynamic environments, where specialized branches
help accommodate changing data conditions over time [82].

Our method differs from these approaches in two important aspects. First, the
proposed multi-branch architecture is structurally distinct. Our method splits each
layer into multiple branches and computes their weighted linear combination, similar
in spirit to CondConv [75]. In contrast, existing works [78–81] adopt a multi-exit
architecture inspired by BranchyNet [76], which does not allow branch superposition.
FedTEM [82] is closely related to our method but branches only at the final layer
and does not support branch superposition. Second, unlike all the above methods,
our approach is explicitly designed for PFL. To the best of our knowledge, this is
the first method to employ a multi-branch neural network architecture specifically
for personalization in FL.

3.3 Problem Formulation

We consider a FL setting in which K clients each hold private labeled datasets drawn
from different label distributions (see Section 2.1.1). Our goal is to learn personalized
models {θ1, . . . , θK} by the PFL objective (2.4) without assuming grouping structure
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or prior knowledge of similarities among clients, which is precisely the challenge
addressed by the proposed pFedMB method.

In this chapter, we denote learning model parameters of neural networks as
θ = (W1, . . . ,WL), where each Wl represents the weight matrix of the l-th layer.
Bias vectors are omitted for simplicity.

3.4 Proposed Method

In this section, we provide details of our proposed method, personalized Federated
learning with Multi-Branch architecture (pFedMB).

3.4.1 Architecture

We first introduce the architecture of pFedMB. Our method splits each linear layer
of a neural network into B branches, similar to CondConv [75]. Specifically, Wl is
represented as

Wl = α1,lW1,l + · · ·+ αB,lWB,l, (3.1)

where Wb,l is the weight matrix of the b-th branch, and αb,l is its non-negative
coefficient satisfying

∑B
b=1 αb,l = 1. In the multi-branch layer, each branch receives

the same input x and outputs Wb,l ∗ x, and then the outputs of all the branches
are linearly combined, weighted by αb,l. This is mathematically equivalent to the
operation to multiply x by Wl:

Wl ∗ x = α1,l(W1,l ∗ x) + · · ·+ αB,l(WB,l ∗ x). (3.2)

Therefore, expressing Wl as above shows that the multi-branch layer is as computa-
tionally efficient as a standard layer during inference. The multi-branch architecture
is illustrated in Fig. 3.1.

In pFedMB, all clients use the same multi-branch architecture. While Cond-
Conv determines branch coefficients as functions of the input x, we adapt this idea
to the PFL setting by making the branch coefficients client-dependent, reflecting
each client’s data distribution, rather than input-dependent. To obtain personal-
ized models, the coefficients {αb,l}b,l are decoupled from globally shared parameters
as in FedPer [83], allowing each client to optimize its own coefficients locally and ob-
tain a model personalized to their data distribution. Unlike FedPer, which decouples
the parameters of entire layers, pFedMB shares knowledge across clients through the
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Figure 3.2: Architecture of pFedMB.

branch parameters and personalizes only the branch coefficients, thereby reducing
overfitting on client-specific data. The pFedMB architecture is shown in Fig. 3.2.

3.4.2 Algorithm

We review the algorithm of pFedMB in detail. Algorithm 2 shows its complete
procedure. We denote the model parameters of each client k by θk = (W k, αk) =

({W k
l,b}l,b, {αk

l,b}l,b). The algorithm follows the general structure of standard FL
methods such as FedAvg [31]: the server updates the global model at each com-
munication round, while clients perform local training between rounds. However,
pFedMB introduces distinct server and client-side modifications, which we outline
below.

At each communication round r, the server distributes the global parameters
W r = {W r

l,b} to all clients. The local update phase consists of two steps: updating
α and updating W . First, each client k updates their client-specific coefficients αr,k

for E local epochs via gradient descent while keeping W r fixed:

αr,k ← αr,k − ηα∇αr,kL̂(Dk;W
r, αr,k), (3.3)
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Algorithm 2: pFedMB: Personalized Federated Learning with Multi-
Branch Architecture

Input: K clients with local datasets Dk = {(xk,i, yk,i)}Nk
i=1, initial model

parameters W 0 and {α0,k}k, number of communication rounds R;
number of local epochs E, learning rates ηα and ηW ; size of sampled
clients S, number of layers L and number of branches B

Output: N personalized models θRk = (WR, αR,k)

1 Server executes:
2 for r = 0 to R− 1 do
3 Send W r to all clients
4 Sample a subset of clients Sr with size S
5 for each k ∈ Sr in parallel do
6 (W r,k, αr,k)← ClientLocalLearning(k, r,W r)

7 for l = 1 to L do
8 for b = 1 to B do

9 W r+1
l,b ←

∑K
k=1Nkα

r,k
l,bW

r,k
l,b∑K

k′=1Nk′α
r,k′

l,b

10 return WR

11 ClientLocalLearning(k, r, W r):
12 W r,k ← W r

13 Update αr,k for E epochs via Eq. (3.3)
14 Update W r,k for E epochs via Eq. (3.4)
15 αr+1,k ← αr,k

16 return W r,k, αr,k

where L̂ is the empirical loss function defined by Eq. (2.2). This step enables each
client to adjust the branch-wise coefficients to better match their local data distri-
bution. Next, client k fixes αr,k and updates W r for E local epochs to obtain the
local version W r,k:

W r,k ← W r,k − ηW∇W r,kL̂(Dk;W
r,k, αr,k). (3.4)

After local training, each client sends (αr,k,W r,k) to the server. The server then
aggregates the weights to form the next global model via an α-weighted aggregation
scheme:

W r+1
l,b =

∑K
k=1Nkα

r,k
l,bW

r,k
l,b∑K

k′=1Nk′α
r,k′

l,b

. (3.5)

This aggregation weights each branch not only by the number of data points Nk
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but also by the corresponding client-specific coefficient αr,i
l,b, allowing clients that

rely more on branch b of layer l to have a stronger contribution to W r+1
l,b . Conse-

quently, clients with similar α values collaborate more closely, as in FedFomo [41]
and FedAmp [6]. Unlike these methods, however, pFedMB induces such collabora-
tion automatically because each client optimizes only its branch-wise coefficients,
without explicitly computing pairwise similarities.

3.5 Experiments

In this section, we evaluate the performance of pFedMB in label-shift settings. First,
we observe how pFedMB achieves personalization in a simple setting. Next, we
compare the performance of pFedMB with the state-of-the-art PFL methods in
more complex settings.

3.5.1 Experimental Setup

Datasets In this chapter, we numerically evaluate the performance of pFedMB
using CIFAR10 and CIFAR100 [84]. CIFAR10/CIFAR100 dataset has 50,000 train-
ing images and 10,000 test images with 10/100 classes. We split the training images
into 40,000 training images and 10,000 validation images used to tune the hyper-
parameters for each method (e.g. learning rate ηα, ηW and number of branches for
pFedMB). Each type of data (i.e., training, validation, and test) is distributed across
clients in the same way.

Data heterogeneity For CIFAR10, we consider two label-shift settings. The first
is a commonly used scenario where each client is randomly assigned 2 classes with
the same data size. Since the label supports differ across clients, the KL divergence
between client-wise label distributions is infinite, i.e., DKL(Pk‖Pk′) =∞. However,
this setting is overly simplistic and does not reflect realistic data distributions. To
model a milder and more realistic label shift, we also adopt a Dirichlet-based parti-
tion with concentration parameter β = 0.4 [34, 85, 86], where all clients share the
same label support and the KL divergence is finite. Specifically, when M -class la-
bel proportions are independently sampled from a symmetric Dirichlet distribution,
the expected KL divergence between two clients is E[DKL(Pk‖Pk′)] =

M−1
Mβ

, whose
derivation is provided in the Appendix 3.8.

For CIFAR100, applying a Dirichlet partition would result in too few samples
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branch 1 branch 2 branch 3 branch 4 branch 5

client 1

client 2

client 3

client 4

client 5

client 6

client 7

client 8

client 9

client 10

0.354 0.164 0.155 0.157 0.171

0.354 0.164 0.155 0.157 0.171

0.170 0.209 0.238 0.176 0.206

0.170 0.209 0.239 0.177 0.206

0.153 0.189 0.272 0.187 0.200

0.152 0.189 0.272 0.186 0.200

0.191 0.209 0.186 0.251 0.163

0.191 0.209 0.186 0.251 0.163

0.218 0.181 0.147 0.219 0.234

0.219 0.181 0.147 0.218 0.234

r = 3

branch 1 branch 2 branch 3 branch 4 branch 5

client 1

client 2

client 3

client 4

client 5

client 6

client 7

client 8

client 9

client 10

0.572 0.111 0.104 0.103 0.110

0.572 0.111 0.104 0.103 0.111

0.130 0.239 0.285 0.140 0.206

0.130 0.238 0.286 0.140 0.206

0.093 0.130 0.491 0.136 0.150

0.093 0.130 0.492 0.136 0.149

0.138 0.188 0.128 0.445 0.101

0.138 0.188 0.128 0.444 0.101

0.176 0.136 0.094 0.231 0.363

0.176 0.135 0.094 0.230 0.364

r = 5

branch 1 branch 2 branch 3 branch 4 branch 5

client 1

client 2

client 3

client 4

client 5

client 6

client 7

client 8

client 9

client 10

0.626 0.095 0.094 0.089 0.097

0.628 0.093 0.094 0.088 0.096

0.069 0.571 0.150 0.075 0.134

0.069 0.568 0.159 0.074 0.130

0.061 0.081 0.671 0.090 0.097

0.061 0.083 0.672 0.089 0.095

0.097 0.136 0.088 0.609 0.070

0.096 0.139 0.088 0.606 0.071

0.111 0.084 0.056 0.153 0.596

0.110 0.083 0.056 0.149 0.602

r = 16

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

(a) pFedMB with α-weighted averaging.

branch 1 branch 2 branch 3 branch 4 branch 5

client 1

client 2

client 3

client 4

client 5

client 6

client 7

client 8

client 9

client 10

0.253 0.184 0.165 0.191 0.207

0.253 0.185 0.165 0.191 0.207

0.180 0.237 0.196 0.215 0.171

0.181 0.237 0.196 0.215 0.171

0.180 0.174 0.240 0.192 0.213

0.180 0.173 0.241 0.192 0.213

0.191 0.206 0.196 0.212 0.195

0.192 0.205 0.196 0.212 0.196

0.234 0.205 0.194 0.172 0.195

0.235 0.205 0.194 0.172 0.195

r = 3

branch 1 branch 2 branch 3 branch 4 branch 5

client 1

client 2

client 3

client 4

client 5

client 6

client 7

client 8

client 9

client 10

0.377 0.144 0.119 0.161 0.199

0.378 0.144 0.119 0.161 0.198

0.140 0.329 0.178 0.222 0.131

0.141 0.327 0.178 0.222 0.131

0.144 0.136 0.329 0.168 0.223

0.143 0.135 0.332 0.168 0.223

0.177 0.204 0.187 0.236 0.195

0.177 0.203 0.187 0.237 0.196

0.305 0.204 0.175 0.135 0.181

0.305 0.204 0.175 0.136 0.181

r = 5

branch 1 branch 2 branch 3 branch 4 branch 5

client 1

client 2

client 3

client 4

client 5

client 6

client 7

client 8

client 9

client 10

0.770 0.040 0.036 0.066 0.088

0.771 0.040 0.036 0.066 0.087

0.055 0.706 0.081 0.106 0.052

0.055 0.707 0.081 0.105 0.052

0.060 0.057 0.686 0.075 0.121

0.062 0.058 0.680 0.077 0.123

0.093 0.107 0.100 0.536 0.163

0.093 0.107 0.101 0.535 0.164

0.505 0.206 0.125 0.061 0.102

0.508 0.204 0.125 0.061 0.102

r = 16

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

(b) pFedMB without α-weighted averaging.

Figure 3.3: Visualization of α at communication round r with/without α-weighted av-
eraging usine CIFAR10.

per class. We therefore follow [37, 87], where data is heterogeneous in terms of not
only classes but also data size. First, we randomly assign 20 classes for each client,
yielding DKL(Pk(y)‖Pk′(y)) = ∞. Next, for each client k and chosen class c, we
sample uk,c ∈ U(0.3, 0.7) (uniform distribution between 0.3 and 0.7) and allocate

uk,c∑
k′ uk′,c

of the samples for class c to client k.

Implementation details The performance of all the methods is evaluated by
mean test accuracy among clients. Moreover, the experiments were conducted three
times and the average of the test accuracies from the three experiments are reported.
In each method, we train the models until the convergence. The number of clients
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is set to 15 and 50 in the main results and the client participation rate at each
communication round is 100% and 20%, respectively. In all the experiments, we
use a CNN network, which has two 5x5 convolution layers followed by 2x2 max
pooling (the first with 6 channels and the second with 16 channels) and two fully
connected layers with ReLU activation (the first with 120 units and the second with
84 units). pFedMB extends each linear layer to a multi-branch layer. The initial
coefficients α for each client are set to the same value for all branches. Throughout
the experiments, the number of local epochs and batch size are set to 5 and 64,
respectively. All methods are implemented in PyTorch.

Compared methods We compare pFedMB with other various methods classified
into two categories. The first category is the improved FL approach to train a
single global model that performs well under label shift. In this category, we use
FedAvg [31] and FedProx [5]. The second category is PFL to train multiple models
personalized to each client’s data distribution. We compare our method with non-
federated local learning, FedPer [83], pFedMe [37], IFCA [7], FedFomo [41], and
FedAMP [6]. In all the methods, we perform local fine-tuning for local epochs.
Therefore, in our experiments, FedAvg and FedProx also eventually produce multiple
models.

3.5.2 Process of Personalization

Before moving on to the main result, we will see how our method works in a simple
setting. We use CIFAR10 and consider 10 clients grouped into 5 pairs, each with
the same two classes for simplicity (e.g. clients 1, 2 have class 0 and 1). Further-
more, we suppose client-specific coefficients α are common for all the layers. In
this experiment, the number of branches is set to 5. We compare pFedMB with
local learning and FedAvg as baselines. Moreover, in order to see the effect of an
aggregation method using weighted averaging by α (3.5) in global model updating
phase, we implement pFedMB that updates global models by a standard averaging
as in FedAvg:

W r+1
l,b =

∑K
k=1NkW

r,k
l,b∑N

k′=1Nk′
. (3.6)

Table 3.1 shows the mean test accuracy for each method. First, from Table 3.1, we
can see that pFedMB improves FedAvg and α-weighted averaging is effective in the
perspective of accuracy.
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Table 3.1: The mean test accuracy (%) among 10 clients grouped into 5 pairs using
CIFAR10. Each method includes local fine-tuning for local epochs E.

Local FedAvg pFedMB pFedMB(w/o α-weighted avg.)
87.26 87.99 89.08 89.49
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Figure 3.4: The mean test accuracy among 10 clients grouped into 5 pairs at each
communication round using CIFAR10. Each method will be followed by local fine-tuning.

Next, the process of getting the optimal α for each client is visualized in Fig. 3.3a,
3.3b, each of which is the result of pFedMB with/without α-weighted averaging, re-
spectively. Fig. 3.3a shows that every pair of clients who have the same classes gets
almost the same α and different pairs of clients focus on different branches. From
this result, we can see that pFedMB with α-weighted averaging achieves personal-
ization by facilitating similar clients to collaborate more. In contrast, in pFedMB
without α-weighted averaging, the clients are clustered slowly, which results in dif-
ferent pairs of clients concentrating on the same branch. This leads to inefficient
collaborating. Fig. 3.4 shows that α-weighted averaging is also effective in terms of
communication efficiency. Fig. 3.4 presents the test accuracy at each communica-
tion round. pFedMB with α-weighted averaging is clearly faster to convergence than
pFedMB without α-weighted averaging as well as FedAvg, that is, reduces commu-
nication cost. Therefore, it is revealed that α-weighted averaging (3.5) is effective
to promote collaboration among similar clients, which leads to good performance
for each client and fast convergence.
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Table 3.2: The mean test accuracy (%) among 15 clients and 50 clients in random 2
classes and Dirichlet distribution settings using CIFAR10. Client participation rate at
each communication round is 100% and 20%, respectively. Each method includes local
fine-tuning for local epochs E. “Local” is a non-federated local learning.

Methods

CIFAR10 CIFAR100

Random 2 classes Dirichlet Random 20 classes
with different size

15 clients 50 clients 15 clients 50 clients 15 clients 50 clients
Local 90.01 83.79 67.54 61.27 39.10 29.42
FedAvg [31] 89.69 85.68 73.52 70.32 43.49 38.53
FedProx [5] 90.51 86.07 73.38 70.98 44.81 36.07
FedPer [83] 89.73 84.56 71.97 67.57 41.52 29.67
pFedMe [37] 90.04 83.09 72.92 71.00 45.57 39.04
IFCA [7] 90.17 85.68 72.42 69.84 41.46 35.01
FedFomo [41] 90.12 85.01 67.55 62.62 38.19 28.18
FedAmp [6] 90.73 85.90 72.91 65.98 41.27 29.53
pFedMB (ours) 90.69 86.73 73.53 72.14 44.73 39.78

3.5.3 Performance Comparison

Table 3.2 shows the performance comparison of pFedMB and the other PFL methods
in six settings. We can see that pFedMB is the best in almost all the settings. Even in
15 clients with random 2 classes setting using CIFAR10 and 15 clients setting using
CIFAR100, pFedMB is comparable to the best methods FedAMP and pFedMe,
respectively. We note that FedAvg and FedProx, originally not personalized FL
methods also perform well especially in random 2 classes distribution setting using
CIFAR10. It is because in our experiments, all the methods include local fine-tuning.
That is, local fine-tuning has enough personalization power especially in a simple
setting where each client has only 2 classes, which is a fact not often pointed out in
the previous studies. It is also worth noting that the state-of-the-art methods such as
FedAMP and FedFomo do not perform well except in random 2 classes distribution
setting using CIFAR10. As mentioned in the introduction, this is probably because
the similarity calculation between clients does not work well when each client’s data
is sampled from a complex distribution such as Dirichlet distribution and random 20
classes with different size. In contrast, pFedMB, which does not directly calculate
the similarity, shows good performance in both distribution settings. In other words,
pFedMB is the most balanced method that is effective in every setting.
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Table 3.3: Tuned number of branches of pFedMB in each experimental setting.

Settings # of branches

CIFAR10
Random 2 classes 15 clients 6

50 clients 10

Dirichlet 15 clients 7
50 clients 6

CIFAR100 Random 20 classes 15 clients 3
with different size 50 clients 3

2 4 6 8 10 12 14 16 18 20
Number of branches
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Figure 3.5: Variation of the mean test accuracy among 50 clients in the random 2 classes
distribution setting using CIFAR10 with respect to the number of branches.

3.5.4 Effects of Number of Branches

We next investigate the effects of number of branches on the performance of pFedMB.
Table 3.3 shows tuned number of branches of pFedMB in each experimental setting.
From Table 3.3, we can see that the required number of branches is at most 10.
Unlike CIFAR10, CIFAR100 has a larger number of classes, and therefore the num-
ber of classes shared among clients when using CIFAR100 is larger, which results
in fewer branches. Therefore, in the random 2 classes and 50 clients setting us-
ing CIFAR10, where the required branches is large, we see the effect of number of
branches. In Fig. 3.5, the number of branches of pFedMB is changed from 2 to 20.
The test accuracy increases with the number of branches, reaching a peak at 10 and
then decreasing with the number of branches. Therefore, when using pFedMB, it is
necessary to find the peak number of branches by fine-tuning.
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3.6 Discussion

We first discuss the communication and computation costs of pFedMB. The com-
munication and computation overheads are determined by the number of branches
B. Let P be the number of model parameters used in the traditional FL meth-
ods, e.g., FedAvg. If pFedMB splits every layer into B branches, the number of
model parameters increases to B × P . Therefore, the communication and compu-
tation costs of pFedMB are B times those of FedAvg. Those costs can be reduced
by limiting the number of layers to be branched or by stopping both training and
communicating the branches that are assigned small client-specific coefficients per
client (because these branches are not important to the corresponding client). As
mentioned in Section 3.4.1, the computation cost of pFedMB during inference is the
same as FedAvg.

Given the communication and computation bottlenecks of pFedMB, the question
arises how many branches are needed. The obvious upper limit is the number
of clients. This is because if the number of branches is greater than the number
of clients, there is no point in collaboration among clients, and local learning is
sufficient. If the clients are clustered into some groups, as in the experiment of
Section 3.5.2, then B should be set to the number of groups. Also, if the data
distribution of each client is a mixture of several distributions, B should be set to
the number of underlying distributions. If the exact number cannot be specified in
advance, B must be treated as a hyperparameter. In our experiments, the number
of branches did not exceed 10 as a result of tuning in any setting.

We finally discuss the privacy issues for each client. Unlike FedFomo and FedAMP,
pFedMB shares the clients’ local models only with the central server, not with other
clients or cloud server introduced in FedAMP. This is the benefit of pFedMB. How-
ever, as in clustering-based methods, there might be somewhat privacy concern for
pfedMB when sending client-spcific coefficients αk to the server because αk contains
the information about data distribution for client k. Note that αk does not con-
tain the information about raw data. In real-world systems, we suggest using tools
such as secure multiparty computation when conducting α-weighted aggregation if
needed.
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3.7 Summary

We proposed a personalized federated learning (PFL) method, pFedMB, that achieves
personalization by splitting each neural network layer into multiple branches and
assigning client-specific coefficients to them. We also introduced an efficient aggre-
gation scheme that accelerates convergence and improves model performance. Nu-
merical experiments show that pFedMB outperforms state-of-the-art PFL methods
across both simple and complex data distributions, demonstrating its effectiveness
and balanced performance.

3.8 Appendix

Expected KL divergence between two symmetric Dirichlet samples The
Dirichlet distribution is a distribution over probability vectors on the (M−1)-simplex.
In this chapter, we use the symmetric Dirichlet distribution Dir(β1M), parameter-
ized by a single concentration parameter β > 0, where 1M ∈ RM denotes the
M -dimensional all-ones vector.

Let P = (P1, . . . , PM) and Q = (Q1, . . . , QM) be independent samples from
Dir(β1M):

P ∼ Dir(β1M), Q ∼ Dir(β1M).

We derive a closed form for the expected Kullback–Leibler divergence E[DKL(P‖Q)].
Taking expectations and using the independence of P and Q, we obtain

E[DKL(P‖Q)] =
M∑

m=1

E[Pm logPm]−
M∑

m=1

E[Pm logQm]

=
M∑

m=1

E[Pm logPm]−
M∑

m=1

E[Pm] E[logQm]. (3.7)

Since P and Q are identically distributed, E[logQm] = E[logPm]. The required
moments are given in terms of the digamma function ψ(·):

E[Pm] =
1

M
,

E[logPm] = ψ(β)− ψ(Mβ),

E[Pm logPm] =
1

M

(
ψ(β + 1)− ψ(Mβ + 1)

)
.
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Substituting these expressions into Eq. (3.7) yields

E[DKL(P‖Q)] =M

(
1

M

(
ψ(β + 1)− ψ(Mβ + 1)

)
− 1

M

(
ψ(β)− ψ(Mβ)

))
=

(
ψ(β + 1)− ψ(β)

)
−

(
ψ(Mβ + 1)− ψ(Mβ)

)
. (3.8)

Using the digamma recurrence relation ψ(x + 1)− ψ(x) = 1/x for x > 0, Eq. (3.8)
simplifies to

E[DKL(P‖Q)] =
1

β
− 1

Mβ
=
M − 1

Mβ
. (3.9)
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Chapter 4

Federated Learning Enhanced by
Continual Learning for Common
and Uncommon Features

4.1 Introduction

Federated learning (FL) traditionally operates in a setting known as horizontal fed-
erated learning (HFL), where clients hold data with the same feature space but dif-
ferent samples. This allows clients to collaboratively train a model by sharing model
updates rather than raw data. However, as discussed in Chapter 1, many real-world
applications exhibit observation heterogeneity, and in particular, clients often share
only a subset of their features. For example, hospitals, nursing homes, and physical
examination centers may share common patient features (e.g., age, blood pressure)
but also maintain institution-specific features such as prescription or dietary infor-
mation [49]. In such cases, applying standard HFL effectively reduces the feature
space to the intersection of all clients’ features, discarding valuable client-specific
information.

Several FL frameworks have attempted to move beyond this limitation. Verti-
cal FL (VFL) and federated transfer learning (FTL) utilize all client features but
typically rely on overlapping samples or explicit feature correspondences, which are
often unavailable and may introduce privacy risks [88]. More recent approach, het-
erogeneous federated transfer learning (HFTL) [49], assumes feature co-occurrence
and reconstructs missing features using feature-mapping models before applying
HFL on the complete feature set. HFTL, however, make strong assumptions about
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feature correlations, are limited to logistic regression, or become impractical for
neural networks because exchanging feature-mapping models requires multi-party
computation [89].

To address these challenges, this chapter introduces Federated Learning En-
hanced by Continual learning for common and uncommon features (FLEC), a neural-
network-based approach designed specifically for heterogeneous feature spaces with-
out requiring overlapping samples or strong alignment assumptions. FLEC sepa-
rates each client’s features into common and unique subsets, trains a global model
on common features through standard HFL, and simultaneously trains client-specific
networks on unique features. Using a continual learning (CL) [90] strategy inspired
by progressive neural networks (PNNs) [91], FLEC integrates global and local rep-
resentations in a way that facilitates knowledge transfer while avoiding interference
with global training. This design enables local inference using each client’s full
feature set without reconstructing missing features or sharing sensitive information.

Experiments on five real-world datasets show that FLEC outperforms four base-
lines: HFL using only common features, local learning, and HFL in which other
clients’ unique features are imputed with zeros or mean values.

4.2 Related Work

4.2.1 Horizontal Federated Learning under Feature-Space
Heterogeneity

Several works extend HFL to heterogeneous feature spaces. Gao et al. [49] assume
the existence of common features and propose a method in which clients mutu-
ally complement missing features to align their feature spaces before performing
standard HFL. However, their method is applicable only to logistic regression and
implicitly assumes sufficient correlation between the common and unique features
across clients.

Gao et al. [50] also propose a method in which each client’s data with heteroge-
neous feature spaces is mapped into a common feature space in the early layers of
the model, after which standard HFL is applied in the later layers. Rakotomamonjy
et al. [51] similarly map each client’s data into a common feature space and then
apply personalized FL. However, these methods assume that clients possess suffi-
ciently similar data such as images or EEG recordings that can be mapped into a
shared feature space, and they focus on discussing the transferability in such set-
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tings. Therefore, in general cases, negative transfer can occur and degrade accuracy.
In contrast, our study aims to improve performance by allowing each client to

individually leverage its own unique (and not mutually similar) features.

4.2.2 Continual Learning (CL)

CL addresses the challenge of catastrophic forgetting [92] when a model is trained on
a sequence of tasks. Methods are typically grouped into replay-based approaches,
regularization-based approaches, and parameter-isolation approaches [90]. Progres-
sive Neural Networks (PNNs) [91], a parameter-isolation method, instantiate a new
neural network column for each task and use lateral connections to transfer knowl-
edge without overwriting parameters.

CL has been combined with FL in several contexts [93–97], often to address task
sequences at clients or to mitigate client-drift issues due to distribution heterogene-
ity. In contrast, our use of CL has a distinct purpose: integrating common-feature
and unique-feature representations while avoiding interference between global and
local training.

4.3 Preliminaries

Throughout this chapter, we denote model parameters of a neural network as θ :=

(W1, · · · ,WL, b1, · · · , bL), where Wl and bl denote the weight matrix and the bias
vector of the l-th layer.

4.3.1 Progressive Neural Network (PNN)

We briefly review Progressive Neural Networks (PNN) [91], a CL method based
on parameter isolation. PNN learns a sequence of tasks s ∈ {1, . . . , S} by allocat-
ing a new neural network (column) to each task while keeping previously learned
parameters fixed. All tasks are assumed to share the same input feature space.

For task s, let θs denote the parameters of its column and zsl ∈ Rnl the output
of layer l. When learning a new task, lateral connections transfer representations
from earlier columns. For S = 2, the intermediate output of the second column is
computed as

z2l+1 = a
(
W 2

l+1z
2
l + b2l+1 + Ul+1z

1
l

)
, (4.1)

where Ul+1 denotes the lateral connection matrix and a is the activation function.
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parameters to be updated

fixed parameters

Figure 4.1: Description of a progressive neural network with three layers in the case of
two tasks.

sample space

feature space

Client 

Client 

common features

Figure 4.2: View of dataset structure in the two client scenario.

This design enables knowledge transfer from earlier tasks without catastrophic for-
getting. Figure 4.1 illustrates the PNN architecture for two tasks.

4.3.2 Problem Formulation

We consider K clients in the personalized FL framework of Chapter 2. Each client
k holds a private labeled dataset Dk = {(xk,i, yk,i)}Nk

i=1. Clients have heterogeneous
feature spaces with a non-empty set of common features. Following Chapter 2,
we denote each input as xk,i = (xck,i, x

u
k,i) ∈ Xk = X c × X u

k , where xck,i represents
the common features and xuk,i represents the client-specific (unique) features. No
assumptions are made about overlap of sample IDs or any cross-client sample align-
ment. Figure 4.2 illustrates this dataset structure for two clients.

Standard HFL operates only on X c, ignoring all X u
k . The goal of this chapter is to

design a FL method that leverages both X c and X u
k while producing a personalized

model for each client, capable of performing local inference using its full feature set
and requiring no shared sample IDs.
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4.4 Proposed Approach

We introduce the proposed approach FLEC to address the feature-space heterogene-
ity problem defined in Section 4.3.2.

4.4.1 Idea

The data owned by each client differ in their feature spaces; therefore, a vanilla
HFL method cannot utilize all available features. To address this limitation, we
split each client’s neural network into two columns: a unique column and a common
column, which take unique and common features as inputs, respectively. We aim to
jointly train the parameters of the common column via HFL while locally training
the parameters of the unique column without interfering with the learning of the
common column. This setting can be viewed as learning a unique task (inference
using unique features) without forgetting the knowledge required for a common task
(inference using common features).

Motivated by this perspective, we adopt a CL approach, specifically the PNN
architecture [91]. The PNN architecture enables collaborative construction of the
common column without being affected by client-specific unique features, while al-
lowing the unique column to leverage federated knowledge from the common column
through lateral connections. As a result, FLEC can exploit both common and unique
featurs. In the following, we present the detailed model architecture and algorithm
of FLEC.

4.4.2 Model Architecture

Fig. 4.3 shows the architecture of FLEC. FLEC has three components for each
client k: common column with parameters θc, unique column with parameters θuk ,
and lateral connection matrices Uk := {Uk,l}Ll=2, where L is the number of layers
in both columns. The unique column and lateral connection matrices are updated
locally. We denote the full set of parameters for client k as Θk := (θc, θuk , Uk). The
outputs of the l-th layer of the common and unique columns for input (xc, xu) are
denoted by zcl and zul , respectively.

Let zcl and zul denote the outputs of the l-th layer of the common and unique
columns for input (xc, xu), respectively. Following the PNN formulation (see Sec-
tion 4.3.1), the lateral connection matrices connect intermediate outputs from the
common column to those from the unique column. Accordingly, the output zul+1 of
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Figure 4.3: Architecture of FLEC for the case of K = 2 and L = 3. zck,l and zuk,l denote
the outputs of l-th layer of common and unique columns for client k’s input, respectively.

client k is computed in the same way as in Eq. (4.1):

zul+1 = a
(
W u

k,l+1z
u
l + buk,l+1 + Uk,l+1z

c
l

)
. (4.2)

Unlike PNN, the two columns in FLEC take different feature inputs. Since both
columns aim to solve the same prediction task, their final outputs are aggregated to
improve performance. Therefore, for an input (xc, xu), the final output of the full
network Θk is given by

hΘk
(xc, xu) = σ (zcL + zuL) , (4.3)

where σ denotes the softmax function.

4.4.3 Algorithm

We now describe the FLEC training algorithm. FLEC is built on FedAvg and
involves both collaborative and local updates. Each client k collaboratively trains
the common column θc using (xck,i, yk,i) in accordance with Algorithm 1. In parallel,
each client locally trains their unique column θuk and lateral connection matrices Uk

using all (xck,i, xuk,i, yk,i). Algorithm 3 summarizes this procedure.
Specifically, at communication round r, the server first sends the current param-
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Algorithm 3: FLEC: Continual horizontal federated learning
Input: K clients with local datasets Dk = {(xck,i, xuk,i, yk,i)}

Nk
i=1, parameters

of common column θc,0, parameters of unique columns {θuk}Kk=1,
lateral connection matrices {Uk}Kk=1, number of communication
rounds R, number of local epochs E, learning rate η

Output: Trained parameters θc,R and {θuk}Kk=1, trained matrices {UR
k }Kk=1

1 Server executes:
2 for r = 0 to R− 1 do
3 for k = 1 to K in parallel do
4 Send θc,r to client k
5 θc,rk ← ClientLocalLearning(k, θc,r)
6 θc,r+1 ← 1

K

∑K
k=1 θ

c,r
k

7 return θc,R

8 ClientLocalLearning(k, θrc):
9 θc,rk ← θc,r

10 for e = 1 to E do
11 for each batch (xc, xu, y) of Dk do
12 θc,rk ← θc,rk − η∇L̂

(
xc, y; θc,rk

)
13 θuk ← θuk − η∇θuk

L̂
(
xc, xu, y; Θr

k

)
14 Uk ← Uk − η∇Uk

L̂
(
xc, xu, y; Θr

k

)
15 return θc,rk

eters of common-column parameters θc,r to all clients. Each client k then performs
local training using mini-batches (xc, xu, y) of Dk. For each mini-batch, the client
first updates the common column to obtain θc,rk by minimizing the empirical loss
L̂(xc, y; θc,rk ) defined by Eq. (2.2). Subsequently, the client freezes θc,rk and updates
θuk and Uk by minimizing the loss L̂(xc, xu, y; Θr

k), where Θr
k := (θc,rk , θuk , Uk) and the

output hΘr
k
(xc, xu) is computed according to Eq. (4.3). The server then receives θc,rk

from all clients and aggregates them to obtain θc,r+1. After R iterations, each client
uses hΘR

k
for their inference model, leveraging both common and unique features.

To control the influence of lateral connections, we introduce a parameter 0 ≤
µ ≤ 1 that adjusts the strength of the interaction between the common and unique
columns. When the common features and unique features are weakly correlated,
strong lateral connections may hinder training of the unique column. To mitigate
this effect, we replace the lateral matrices Uk with µUk, where µ is a fixed hyperpa-
rameter rather than a learnable one. When µ = 0, the common and unique columns
interact only through the final-output aggregation in Eq. (4.3).
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Table 4.1: Types of datasets

Dataset Sample Num. Feature Num. Class Num.
covertype 15,121 54 7
sensorless 58,509 48 11

aloi 108,000 128 1000
helena 65,196 27 100
jannis 83,733 54 4

4.5 Experiments

In this section, we evaluate the empirical performance of our FLEC in five datasets
and show that it outperforms two baseline methods: a vanilla HFL using only
common features and a local learning using both the common features and unique
features. We first introduce experimental settings including datasets, compared
methods, and implementation information.

4.5.1 Experimental Settings

4.5.1.1 Datasets

We conducted experiments on five public datasets: (i) forest covertype dataset [98],
(ii) sensorless drive diagnosis dataset [99], (iii) aloi [100], (iv) helena [101], and (v)
jannis [101]. We use the training dataset of covertype from Kaggle as a whole dataset
so that the number of data samples for each class is the same. Detailed information
of these datasets is shown in Table 6.2.

4.5.1.2 Compared Methods

We compare FLEC with following four baseline methods:

• Common: A vanilla HFL method over common features among different clients
is used. We use FedAvg as a vanilla HFL.

• Local: Each client locally trains a neural network using all of their own fea-
tures, i.e., both common features and unique features.

• ZeroImp: Each client replaces the private features owned by other clients (i.e.,
features it does not possess) with zeros and then conducts FedAvg using the
complete feature set, including the imputed values.
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• MeanImp: The procedure is the same as in ZeroImp, except that the missing
features are imputed with the corresponding mean values. Before training,
each client computes the mean of its own private features and shares these
mean statistics with all other clients.

In all methods including FLEC, we use simple fully-connected neural networks com-
posed of three hidden layers with 512, 256, and 128 neurons, respectively. In FLEC,
we use the same architecture with the above mentioned size for the common column
and unique column.

4.5.1.3 Implementations

All datasets are split randomly with 60%, 20%, and 20% for training, validation,
and testing, respectively. We split and distribute training and validation datasets
evenly to each client. Each client tunes hyperparameters such as learning rate and
µ of FLEC using their own validation dataset. We evaluate the performance of each
method by average testing accuracy of all clients. In all experiments, we randomly
split features into common features and others. The ratio of the common features
is set to 30% unless explicitly specified. The remaining features are divided into
the number of clients, and each part is used as unique features of the corresponding
client. We conduct experiments three times changing the way that features are split
randomly and compute their average accuracy. Moreover, for each splitting, five
experiments are performed and averaged. Throughout the experiments, the number
of clients, the number of local epochs, and batch size are set to 5, 5, and 64 by default,
respectively . We use Adam as the optimizer. All experiments are conducted using
the PyTorch 1.8 framework on a Tesla V100 GPU with 32-GB memory.

4.5.2 Experimental Results

4.5.2.1 Main results

Table 4.2 shows the average test accuracy of five clients with standard deviations
on five datasets. The highest average test accuracy is marked in bold. In FLEC,
we compare two cases, µ = 0 and µ > 0 to investigate the effectiveness of lateral
connections between two columns. In the case of µ > 0, we use µ to demonstrate
the best performance on validation dataset. From Table 4.2, we can see that FLEC
outperforms the four baselines for every dataset. From the fact that its perfor-
mance substantially surpasses both Common and Local, we can see that the effects
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Table 4.2: Mean and standard deviation (%) of accuracy for the baselines and FLEC
across the five datasets.

Dataset Baseline FLEC
Common Local ZeroImp MeanImp µ = 0 µ > 0

covertype 62.18 ± 10.86 64.07 ± 5.94 65.27 ± 7.56 65.76 ± 7.20 67.44 ± 7.31 68.43 ± 6.61
sensorless 97.62 ± 0.24 95.26 ± 0.46 96.54 ± 0.83 96.34 ± 1.01 98.55 ± 0.17 98.63 ± 0.20

aloi 73.52 ± 3.66 70.93 ± 1.65 75.79 ± 2.12 75.81 ± 2.30 79.27 ± 1.96 79.54 ± 1.97
helena 26.04 ± 1.47 27.32 ± 1.00 28.44 ± 0.96 28.61 ± 0.94 28.68 ± 0.86 29.02 ± 0.88
jannis 64.49 ± 1.84 63.41 ± 0.90 64.79 ± 1.21 64.77 ± 1.18 65.51 ± 1.28 65.72 ± 1.11
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Figure 4.4: Variation of average test accuracy for covertype with respect to the ratio of
the common features.

of each client’s private features and the benefits of federated learning on the shared
features are both being realized. Furthermore, because FLEC improves the perfor-
mance of ZeroImp and MeanImp, it is evident that in ZeroImp and MeanImp the
clients’ private features actually degrade the overall performance of federated learn-
ing. Moreover, it is shown that non-zero µ improves FLEC, which means lateral
connections effectively transfer the knowledge of the common column to the unique
column. However, we can also see that even the case without lateral connections
(i.e., the case of µ = 0) sufficiently improves baseline methods.

4.5.2.2 Ratio of common features

The effect of the ratio of common features on test accuracy for covertype is shown in
Fig. 4.4. In Fig. 4.4, the ratio is changed from 10% to 50%. We can see that FLEC
in the case of µ > 0 is always the best, but approaches baselines when the ratio
of common features is small or large. This is because when the ratio of common
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Table 4.3: Mean and standard deviation (%) of accuracy for the baselines and FLEC
with different numbers of clients on the covertype dataset.

Number of Baseline FLEC
clients Common Local ZeroImp MeanImp µ = 0 µ > 0

2 64.20 ± 10.98 76.49 ± 1.44 75.70 ± 1.66 75.66 ± 1.60 74.75 ± 3.56 77.48 ± 2.24
5 62.18 ± 10.86 64.07 ± 5.94 65.27 ± 7.56 65.76 ± 7.20 67.44 ± 7.31 68.43 ± 6.61
10 60.14 ± 11.12 56.28 ± 8.54 60.91 ± 9.94 60.79 ± 10.05 62.90 ± 9.21 62.91 ± 9.14

Table 4.4: Mean and standard deviation (%) of accuracy for the baselines and FLEC
under different correlation strengths on the helena dataset.

Correlation Baseline FLEC
strength Common Local ZeroImp MeanImp µ = 0 µ > 0

Maximum 27.17 ± 0.62 28.11 ± 0.34 28.49 ± 0.18 28.47 ± 0.23 28.67 ± 0.47 29.16 ± 0.39
Median 27.97 ± 1.68 29.26 ± 0.80 31.09 ± 0.30 31.07 ± 0.19 29.99 ± 1.04 30.49 ± 0.91

Minimum 17.93 ± 1.33 24.76 ± 0.19 26.25 ± 0.32 26.36 ± 0.34 26.95 ± 0.16 27.10 ± 0.13

features is small, the effect of HFL is small, and when the ratio of common features
is large, the effect of using unique features is small. In fact, the test accuracy of
Common is greatly improved as the ratio of common features increases. We can also
see that as the ratio of the common features increases, the difference in performance
between FLEC (µ = 0) and FLEC (µ > 0) becomes smaller, i.e., the effect of lateral
connections becomes smaller.

4.5.2.3 Number of clients

We investigated the effect of the number of clients. The results in the case of 2, 5, 10
clients for covertype are shown in Table 4.3. The ratio of common features is fixed
to 30%. The results show that the difference of FLEC and baselines is small in the
case of two clients and ten clients. The reason for this is similar to the experiment
in Fig. 4.4: when there are many clients (few unique features), the effect of using
unique features is small, and when there are few clients, the effect of HFL is small.

4.5.2.4 Strength of correlation

As mentioned in Section 4.4.3, the strength of the correlation between the common
features and unique features is considered to be related to the performance of FLEC.
To confirm this intuition, we calculated the correlation coefficients between the
common features and unique features using helena. First, we split features into
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common features and others. Then, we calculate the correlation coefficients between
any column of the common features and any column of the remaining features and
sum up them. This summation of the correlation coefficients was computed in every
way of feature splitting. We conducted experiments in the three ways of feature
splitting where the summation of the correlation coefficients is maximum, minimum,
and median, respectively. The results are shown in Table 4.4. Comparing FLEC
(µ = 0) and FLEC (µ > 0), we can see that there is little difference between them
in the case of Minimum. Therefore, when the correlation between common features
and unique features is weak, a simple method FLEC without lateral connections is
enough.

4.5.2.5 Comparison to another simple method

In addition to the simple method, FLEC without lateral connections, we compared
FLEC with lateral connections to another simple method. We consider the following
method. As with FLEC, clients collaboratively train a common neural network using
common features by applying FedAvg. In parallel to that, each client trains a unique
neural network that takes the concatenation of the unique features and the output
of the common network as input. Thus, this method can also utilize all features.
We evaluated the performance of this simple method for covertype and jannis in the
same setting as Table 4.2, which resulted in the test accuracy of 66.37 ± 7.09 and
65.28 ± 1.11 , respectively. Comparing with Table 4.2, we find that this method is
less effective than even FLEC without lateral connections. Hence, we can see that
our lateral connections and output aggregation are effective.

4.6 Summary

We proposed FLEC, a continual learning approach to address the heterogeneous
data problem in HFL. FLEC prepares two neural networks corresponding to common
features and unique features, respectively and laterally connect them while training
the common network with HFL and locally training the unique network. Through
the experiments on various datasets, FLEC was shown to improve vanilla HFL
method that only uses common features and outperform local learning that uses all
features of the corresponding client.
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Chapter 5

Federated Source-free Domain
Adaptation for Classification:
Weighted Cluster Aggregation for
Unlabeled Data

5.1 Introduction

Most federated learning (FL) methods assume that labeled data are available at
each client. As discussed in Chapter 1, this may not be the case for vision tasks
which often necessitate cumbersome manual data annotation requiring domain ex-
pertise. For instance, in applying FL to multi-location surveillance cameras, it is
burdensome for administrators to manually annotate each image. While a server,
typically hosted by organizations, is more likely to access labeled data, the included
biometric information such as faces, makes direct use of this data in FL problematic
due to privacy concerns. This scenario combines two types of heterogeneity intro-
duced in Chapter 2: label-availability heterogeneity, since clients hold only unlabeled
data, and distribution heterogeneity in the form of covariate shift, because camera
environments (e.g., lighting, background) differ across locations.

Building on the preceding example, this chapter explores the practical yet less-
investigated FL setting of Federated source-Free Domain Adaptation (FFREEDA)
[1], specifically for classification tasks (Fig. 5.1). In FFREEDA, a server possesses a
model pre-trained on labeled data from a source domain, but this data is not usable
in later FL stages due to privacy issues or immediate deletion after pre-training.
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Figure 5.1: Overview of our problem setting: FFREEDA [1]. A pre-trained
model on a labeled source domain dataset exists on the server, which becomes inaccessible
following pre-training (source-free). Clients possess unlabeled datasets from specific target
domains, which may or may not be identical. We aim to train personalized models tailored
to each client’s domain.

In addition, each client holds limited unlabeled data in a target domain, which
may greatly differ from the source domain and the domains of other clients, thus
creating an unsupervised multi-target setting. FFREEDA aims for each client to
train a classification model tailored to its domain, leveraging the source model and
the knowledge from other clients.

We tackle two main challenges of FFREEDA: (1) fully unsupervised FL after
pre-training and (2) domain shifts (covariate shifts) among clients. We propose a
novel FFREEDA method for classification, Federated Learning with Weighted Clus-
ter Aggregation (FedWCA). This overcomes issues in the prior FFREEDA method
[1] for semantic segmentation, including privacy issues connected to image style fea-
ture sharing during client clustering and limited performance (Section 5.5) due to
a cluster-restricted model aggregation and a simple pseudo-labeling. Specifically,
FedWCA comprises three key components. Firstly, to avert performance degrada-
tion from domain shift (2), we cluster clients based on the initial layer parameters of
each client’s locally adapted feature extractor, which contains domain information.
This process relies only on model parameters, eliminating the need for additional
information sharing and hyperparameters. To further boost performance, we intro-
duce the Weighted Cluster Aggregation (WCA) module, enabling clients to combine
models from each cluster (domain) using personal weights. A novel metric is de-
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Table 5.1: Related problem settings. Our study focuses on classification tasks,
tackling three distinct problem types: ”No Labels,” ”Domain Shift,” and ”Personalization.”
4 denotes specific characteristics depending on FL paradigms: while most Personalized
FL research concentrates on label shifts, certain studies like [3, 4] also tackle domain shifts.
Semi-Supervised FL literature typically involves unlabeled data, presuming the presence
of labeled data either on the server or within a subset of clients, a scenario also observed
in some FDA studies.

FL paradigm No labels Domain shift Personalization Task
Personalized FL [3, 4, 6, 41] 4 X Classification
Semi-supervised FL [52–57] 4 Classification
Unsupervised FL [59–63] X RepL/Clustering

FDA [102–106] 4 X Classification
[107, 108] 4 X X Classification

FFREEDA LADD [1] X X X Semantic segmentation
Ours X X X Classification

fined for computing cluster weights based solely on unlabeled data, considering the
benefits for both individual clients and the overall group. Finally, handling un-
labeled target data (1) is achieved through prototype-based pseudo-labeling [109].
We improve it to retain global knowledge and produce more reliable pseudo-labels.
Empirical validation confirms the efficacy of these components, with the complete
method outperforming all baselines, as detailed in Section 5.5.

This work primarily contributes as follows:

• We introduce a novel FFREEDA method for classification, named FedWCA,
with three main components: (1) a private, parameter-free client clustering
module, (2) a weighted cluster aggregation module for domain knowledge inte-
gration, and (3) a local adaptation module using an improved pseudo-labeling
strategy.

• Empirical results show that FedWCA significantly enhances performance over
all baselines, including the prior method [1], across three multi-domain bench-
mark datasets: Digit-Five, PACS, and Office-Home.

5.2 Related Work

5.2.1 Source-free Domain Adaptation

This chapter extends Source-free domain adaptation (SFDA), a type of unsuper-
vised domain adaptation approach, to the FL setting. SFDA involves adapting
a pre-trained source model to an unlabeled target domain without accessing the
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source data. A fundamental SFDA method is pseudo-labeling for unlabeled target
data [109–114]. A prototype-based pseudo-labelling method introduced by Source
HypOthesis Transfer (SHOT) [109], is commonly employed to derive pseudo-labels,
minimizing label noise induced by domain shifts [110–112].

5.2.2 Federated Domain Adaptation

FADA [102] is the pioneering work addressing Federated Domain Adaptation (FDA)
for a single target domain. Subsequent studies [103–106] have also focused on a
multi-source-single-target setting. DualAdapt [107] explores a single-source-multi-
target scenario, similar to this chapter, where each client gets one target domain
and the server holds a source domain. FRuDA [108] considers sequentially adding
new target domains to the federated system. Unlike our source-free setting, these
studies typically assume access to source data during FL (Table 5.1).

5.2.3 Federated Source-free Domain Adaptation

Our model is inspired by Learning Across Domains and Devices (LADD) [1], the sole
study addressing FFREEDA, which focuses on semantic segmentation. In contrast,
our model is designed for classification tasks, decreases the number of hyperparam-
eters, alleviates privacy concerns by eliminating the need to transmit image style
features from clients to servers for client clustering (Section 5.4.1), integrates all
domain information with client-specific weights (Sec. 5.4.2), generates more reliable
pseudo-labels (Section 5.4.3), and thus improves accuracy (Sec. 5.5).

5.3 Problem Formulation

We now formalize the FFREEDA setting in the notation of Chapter 2. A server
and K clients cooperate on an M -class classification problem. Each client k holds
an unlabeled dataset Dk = {xi}Nk

i=1 drawn from its own target-domain distribution
Pk(X ) (client side in Fig. 5.1), and these distributions may differ across clients due
to covariate shift. Some clients may share the same domain, but no domain labels
or domain groupings are assumed.

The server has a source model hS : X → RM pre-trained on a labeled dataset
from the source domain whose data distribution differs from any client’s distribution
Pk (server side in Fig. 5.1). The labeled source dataset is discarded or retained
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privately, preventing further access. The model hS has two modules: hS = gS ◦ fS,
where fS : X → Rq is a feature extractor, gS : Rq → RM is a classifier, and ◦
denotes the composition operation. The feature extractor fS converts a sample x
into a q-dimensional feature vector fS(x), while the classifier gS assigns class scores
to fS(x), with (gS(fS(x)))m denoting the score for class m. The final linear layer
of a neural network, typically viewed as the classifier gS, has the weight matrix
W = [w1, . . . , wM ] ∈ Rq×M , where wm is the classifier vector for class m.

The aim of FFREEDA is to evolve from the source model hS to learn multiple
personalized classification models hk = gk ◦ fk, each tailored to the respective client
distributions Pk(X ), while encouraging collaboration among clients.

See Table 5.7 in Appendix 5.7.1 for a full list of notation.

5.4 Method

FedWCA comprises three main components: (1) private and parameter-free client
clustering, (2) weighted cluster aggregation, and (3) local adaptation via pseudo-
labeling. In line with prevalent SFDA practices [109, 111, 112], we fix the classifier
during FL, anticipating that the source model’s classifier has developed a domain-
independent capability for the task. See Appendix 5.7.2.1 for the pseudo-code of
FedWCA.

5.4.1 Private and Parameter-free Client Clustering

To manage domain shifts among clients, our method clusters clients privately and
without parameters as a first step, based on locally learned feature extractor pa-
rameters fk by each client. This approach removes the need for server access to raw
client data and requires only a one-time initial clustering operation.

Unlike traditional clustered FL methods that require hyperparameters such as
the number of clusters, our strategy employs a parameter-free clustering: First
Integer Neighbor indices producing a Clustering Hierarchy (FINCH) [115]. We use
cosine similarity between clients’ model parameters to identify the nearest neighbor
κk for each client k. The adjacency matrix is defined as A(k, l) = 1 if l = κk, k = κl,
κk = κl, and A(k, l) = 0 otherwise. Clients linked by this matrix are grouped into
the same cluster.

Given the typically large number of parameters in a feature extractor, using all
parameters for distance evaluation can lead to a single cluster due to the curse of
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Figure 5.2: Weighted cluster aggregation (WCA). Our WCA consists of server-
side (left) and client-side (right) operations. The client-side operations are represented
by client 1 in cluster 1. Firstly, the server forms cluster models by averaging the local
models within each cluster and develops soft cluster models by integrating models from
other clusters. Next, the client merges these soft cluster models utilizing cluster weights
determined by how each feature extractor aligns each sample with the respective classifier
vector. Additionally, the client combines the merged model with the corresponding cluster
model using Soft Neighborhood Density (SND) weights [2].

dimensionality (see Section 5.5.2.2). To mitigate this, we focus on the shallow layers
where domain knowledge is stored [116]. Specifically, we only use the first-layer
parameters as this layer, the furthest from the common classifier among clients, best
represents domain-specific information (Section 5.5.2.2). Consequently, the server
can derive C clusters (indexed by c) and generate cluster models fc by averaging the
local models in each cluster. In the next section, we construct each client’s initial
model for the next round using the cluster models.

5.4.2 Weighted Cluster Aggregation

The core of our FedWCA method is the weighted cluster aggregation, depicted in
Fig. 5.2. In conventional clustered FL methods, the server distributes the cluster
model fck to client k, where ck is the cluster index assigned to client k, for use
as the initial model for the next round. This approach limits clients to knowl-
edge solely from their assigned cluster, challenging clients in clusters with few data
points or whose domains are significantly different from the source domain. To
overcome this, our strategy enables clients to blend all cluster models fc using spe-
cific cluster weights vk = (vk,1, . . . , vk,C) (summing to 1), to form an initial model
f init
k =

∑
c vk,cfc in each round r1 aligns with the source feature extractor fS, and

ginit
k remains fixed to the source classifier gS across all rounds. This blended model

not only leverages cross-cluster knowledge but also corrects possible cluster assign-
1In the initial round, f init

k
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ment errors. At the end of the training, each client uses its cluster’s model for the
performance evaluation. The specific cluster weights calculation method is described
below.

Local calculation of cluster weights. Firstly, we explore a method for clients
to compute cluster weights locally, vital for model personalization. The underlying
principle is to assign higher weights to those cluster models that are most beneficial
for a client’s domain.

Considering that an effective feature extractor converges samples towards a cor-
responding class-specific classifier vector defined in Section 5.3, which effectively acts
as a prototype in the feature space, we introduce new metrics αk = (αk,1, . . . , αk,C)

to represent the cluster weights vk for each client k. First, client k evaluates the co-
sine similarity cos(fc(xi), wm(i)) between the feature extractor output fc(xi) and the
corresponding class’ classifier vector wm(i), where m(i) = arg maxm cos(fc(xi), wm)

represents the class whose classifier vector is closest to fc(xi). The similarity scores
across all samples are averaged to compute Ik,c =

∑Nk

i=1 cos(fc(xi), wm(i))/Nk for
each cluster c and αk are derived using a temperature parameter Ta as follows:

(αk,1, . . . , αk,C) = softmax(Ik,1/Ta, . . . , Ik,C/Ta), (5.1)

where ‘softmax’ is the softmax function.

However, this metric focuses solely on the benefits to the individual client, with-
out considering the overall advantages across the clients. Such a client-centric ap-
proach may not necessarily contribute positively to the other clients.

Global and local calculation of cluster weights. We calculate the cluster
weights, focusing on both individual client benefits and collective advantages. This
involves using both cluster models fc and ‘soft cluster models’ f̃c, which integrate
benefits from other clusters.

For creating soft cluster models, we define a benefit metricAc′→c, with
∑

c′ Ac′→c =

1, indicating the relative advantage of cluster c for clients in cluster c′. This metric
formulates new cluster models by weighting fc′ as

∑
c′ Ac′→cfc′ . To prevent loss of

knowledge from the original cluster models, we introduce coefficients Bc,0 and Bc,1,
summing to 1, for each cluster. These coefficients balance the emphasis between
the original cluster model fc and the newly combined model

∑
c′ Ac′→cfc′ . The soft
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cluster models are thus given by

f̃c = Bc,0fc +Bc,1

∑
c′

Ac′→cfc′ . (5.2)

Ac′→c and Bi,c are estimated later in this subsection.
Upon receiving the original cluster model fck and all soft cluster models f̃c from

the server, each client k locally calculates cluster weights αk for the soft cluster
models, leading to a composite model f̄k =

∑
c αk,cf̃c. To adequately incorporate

the original cluster model fck , client k employs pseudo-performance weights βk =

(βk,0, βk,1) (summing to 1) to balance between fck and f̄k. These weights are derived
using Soft Neighborhood Density (SND) [2], a method that assesses the overall
model efficacy on unlabeled data by analyzing the entropy of similarity distributions
between outputs:

(βk,0, βk,1) = softmax(S(hck)/Tb, S(h̄k)/Tb), (5.3)

where Tb is the temperature parameter, S is the function to measure SND (detailed
in Appendix 5.7.2.2), hck = gS ◦ fck , and h̄k = gS ◦ f̄k. The initial model for client
k is therefore computed as f init

k = βk,0fck + βk,1
∑

c αk,cf̃c. Expanding this equation
with respect to the cluster model fc yields the final cluster weights vk, shown in
Appendix 5.7.2.3

On the server side, the global coefficients Ac→c′ and Bc,i can be estimated by
averaging the local weights αk,c′ and βk,i from the previous round within each cluster
c because each cluster comprises clients from similar domains. This ensures the
cluster weights in f init

k reflect both local preferences and global trends, aligning
individual client needs.

Further discussion on privacy concerns and additional costs in distributing all soft
cluster models to each client is found in Appendix 5.7.4. It also provides a proposal
for reducing communication, computation, and storage costs of our approach by
shifting client-side computations to the server.

5.4.3 Local Adaptation with Pseudo-Labeling

To adapt the initial model f init
k constructed in the previous section to each client k

from only unlabeled data, our local adaptation module adopts the pseudo-labeling
method for its simplicity and effectiveness (Fig. 5.3), while any existing SFDA
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Figure 5.3: Pseudo-labeling strategy. The operation is signified by client 1 in cluster
1. Our strategy involves two phases: prototype-based pseudo-labeling with initial and
cluster models, and mixup to generate samples with more reliable pseudo-labels. The
first phase selects pseudo-labels closer to prototypes, while the second mixes samples with
mismatched and matched pseudo-labels.

method could be applicable for local adaptation. This choice is particularly per-
tinent given the limited computational resources and memory capacities of individ-
ual clients, compared with other SFDA methods [117–122]. We further alter an
existing feature prototype-based pseudo-labeling strategy [109–112] to lessen over-
fitting to sparse client data and forgetting global knowledge, and acquire more re-
liable pseudo-labels. Overfitting is mitigated by using round-fixed pseudo-labels
while reliable pseudo-labels are obtained by using both initial and cluster models
for pseudo-labeling, followed by mixup.

Pseudo-labeling strategy. First, we describe the existing prototype-based
pseudo-labeling via a model h = g ◦f . The procedure involves calculating class-wise
feature prototypes pm for each class m and subsequently determining pseudo-labels
ŷ for data points x using the cosine similarity:

pm =

∑
x∈Dk

(h(x))mf(x)∑
x∈Dk

(h(x))m
, ŷ = arg max

m
dm, (5.4)

where dm := cos(f(x), pm) and cos(·, ·) represents the cosine similarity. Clients
then recompute the prototypes using these one-hot pseudo-labels instead of h(x) in
Eq. (5.4) and obtains the final pseudo-labels using these prototypes.

In our setting, each client obtains f init
k and fck in each round, allowing every data

point x to have two pseudo-labels generated by these models. We select the pseudo-
label with the larger similarity dŷ = cos(f(x), pŷ). However, as this similarity is cal-
culated on the feature space constructed by each feature extractor, a similarity nor-
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Table 5.2: Results (Digit-Five, PACS, and Office-Home). Each row represents the
selected source domain denoted by the initial two letters for each dataset, and the numbers
are the mean values ± standard deviations of averaged accuracy (%) across all clients and
all target domains. Thees figures are computed from 15 trials. The best numbers in each
row are denoted in bold and the second best are underlined.

Datasets Methods
Source Only Local FedAvg LADD FedPCL+PL FedWCA (ours)

Digit-Five

MN 41.81 ± 0.46 50.59 ± 1.25 55.88 ± 2.59 49.00 ± 0.82 47.84 ± 0.79 72.74 ± 3.57
SV 57.40 ± 1.39 83.00 ± 0.99 83.76 ± 1.97 78.40 ± 0.64 77.73 ± 0.56 90.13 ± 2.08

MN-M 59.87 ± 1.71 69.44 ± 0.97 80.14 ± 0.46 72.93 ± 1.25 70.06 ± 1.94 82.93 ± 0.79
US 46.93 ± 0.54 56.76 ± 1.13 53.23 ± 0.73 56.93 ± 1.59 56.41 ± 0.62 58.56 ± 4.26
SY 68.69 ± 0.27 81.48 ± 0.32 80.81 ± 0.98 83.79 ± 0.66 81.51 ± 0.33 84.94 ± 1.15

Avg. 54.94 ± 9.92 68.25 ± 13.07 70.76 ± 13.49 67.67 ± 13.25 66.71 ± 12.88 77.86 ± 11.56

PACS

Ar 65.87 ± 1.19 73.01 ± 1.40 76.57 ± 1.38 74.20 ± 1.48 73.83 ± 2.84 80.63 ± 2.44
Ca 68.66 ± 1.02 77.27 ± 1.23 76.15 ± 0.72 77.37 ± 1.12 79.18 ± 1.51 83.18 ± 0.86
Ph 54.20 ± 1.77 63.85 ± 1.38 60.94 ± 0.96 64.77 ± 1.80 65.27 ± 1.07 65.50 ± 1.24
Sk 50.07 ± 3.21 75.56 ± 6.05 80.42 ± 6.63 61.82 ± 4.88 59.41 ± 6.22 84.22 ± 6.60

Avg. 59.70 ± 8.18 72.42 ± 6.10 73.52 ± 8.23 69.54 ± 7.02 69.42 ± 8.42 78.38 ± 8.38

Office-Home

Ar 54.03 ± 0.30 62.50 ± 0.78 63.81 ± 0.85 57.33 ± 0.72 58.20 ± 0.73 66.06 ± 0.50
Cl 58.36 ± 1.29 64.57 ± 0.70 68.73 ± 0.75 61.72 ± 0.61 62.39 ± 0.98 68.32 ± 0.42
Pr 55.36 ± 0.72 59.17 ± 0.40 60.15 ± 0.48 57.22 ± 0.76 58.85 ± 0.46 61.46 ± 0.88
Re 62.28 ± 0.35 65.38 ± 1.15 65.93 ± 0.34 64.23 ± 0.44 65.75 ± 0.80 68.06 ± 0.46

Avg. 57.51 ± 3.33 62.90 ± 2.54 64.65 ± 3.22 60.25 ± 2.96 61.30 ± 3.14 65.97 ± 2.83

malized by the mean similarity between prototypes
∑

m6=m′ cos(pm, pm′)/M(M − 1)

is used to select the correct pseudo-label. This results in a pseudo-labelled dataset
D̂k = {xi, ŷi}Nk

i=1 for each client. Contrary to common practices in SFDA, where
pseudo-labels are updated in each epoch, our method keep these pseudo-labels con-
stant throughout each round, ensuring the preservation of the global knowledge in
f init
k and fck .

If f init
k and fck produce identical pseudo-labels, these are deemed more reliable;

distinct pseudo-labels indicate reduced reliability. Therefore, we divide D̂k into
D̂mat

k and D̂mis
k , having matched and mismatched pseudo-labels between f init

k and
fck , respectively. For each instance (x, ŷ) ∈ D̂mis

k , we mix x with the randomly
sampled data point (x′, ŷ) ∈ D̂mat

k , resulting in xmix = (1 − µ)x + µx′ with the
more reliable pseudo-label ŷ. Here, µ is a balancing parameter fixed to 0.55 in our
experiments. We thus generate a pseudo-labeled dataset D̂k = D̂mat

k ∪ D̂mix
k , where

D̂mix
k is a dataset derived from the mixup operation.

Loss function. We adopt the same loss function as SHOT [109] because of its
simplicity. The total empirical loss function L̂k = L̂IM + λL̂CE for client k with
a balancing parameter λ comprises the cross-entropy loss for the pseudo-labeled
dataset D̂k: L̂CE and an Information Maximization (IM) loss [109, 123] for the
unlabeled dataset Dk: L̂IM (detailed in Appendix 5.7.2.4). The IM loss promotes
confident model outputs and discourages trivial score distributions.
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5.5 Experiment

Datasets. Our method was evaluated on three classification datasets, each with di-
verse domains. The Digit-Five dataset encompasses 5 benchmarks for handwritten-
digit classification across 10 categories. It includes MNIST[124], MNIST-M[19],
SVHN[125], SYNTH[19], and USPS. The PACS [126] dataset consists of 4 domains
with 7 categories each, including Art Painting, Cartoon, Photo, and Sketch. The
Office-Home [127] dataset is designed for object recognition, comprising 4 domains
with 65 categories each and includes Art, Clipart, Product, and Real-World. For
each dataset, one domain was selected as the source, and the remaining domains
served as target domains. Data samples from each target domain were distributed
to 8 clients for Digit-Five and 3 clients for PACS and Office-Home per domain, all
in an i.i.d. manner. This resulted in a total of 32 clients for Digit-Five and 9 for
PACS and Office-Home.

Models. Our model architecture reflects common structures used in SFDA
research like SHOT [109], incorporating a feature extractor, a dimension-reducing
bottleneck layer, and a classifier. The feature extractor differs across datasets. Fol-
lowing prior domain adaptation and FL studies, we use a randomly initialized LeNet
[124] with two convolution layers for Digit-Five. For PACS and Office-Home, we use
ResNet-18 and ResNet-50 [9] respectively, both pre-trained on ImageNet. The clas-
sifier is the last linear layer and the bottleneck layer consists of a fully connected
layer equipped with batch normalization [128] and dropout [129] for all datasets.

Baselines. For comparative analysis, we benchmark our method FedWCA
against several baseline models. Source Only uses only pre-trained source mod-
els. In terms of SFDA approaches, Local and FedAvg apply SFDA methods to
client-side learning. While ‘Local’ represents a non-federated approach, ‘FedAvg’ in-
corporates model aggregation by FedAvg[31] at the server. As a foundational SFDA
method, SHOT [109] is used in these approaches, with round-fixed pseudo-labels
for FedAvg, akin to our method. We also assess against LADD [1], an existing
FFREEDA method. To examine if existing FL approaches for non-i.d.d. data
are applicable to FFREEDA by adding a pseudo-labeling step, we compare our
method with FedPCL+PL. This method integrates FedPCL [4] with prototype-
based pseudo-labeling. FedPCL aligns with our setting as it adapts pre-trained
models to clients. See Appendix 5.7.5.3 for comparisons with other FL methods
extended to FFREEDA.

Evaluation. We trained five source models using standard cross-entropy loss
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Figure 5.4: Comparison of average accuracy over clients within each target
domain. The source domain is MNIST for Digit-Five (top) and Art Painting for PACS
(bottom). The target domains are the others. FedWCA considerably enhances the ac-
curacy of clients in specific target domains such as SVHN for Digit-Five and Sketch for
PACS, while maintaining the performance of other domains.

without incorporating any target data information to ensure a fair comparison. We
then conducted three trials for each method per source model, totaling fifteen trials.
The evaluation metric is the average accuracy across all clients, assessed by the final
personalized models using client-specific test data. The results provide the mean
values of this average accuracy over all trials.

See Appendix 5.7.3 for more detailed experimental settings.

5.5.1 Comparison with Baselines

The comparison across the three datasets (Table 5.2) reveals varied performances.
The ‘Source Only’ approach demonstrates limited effectiveness, while the ‘Local’
approach, applying SFDA to local learning, significantly enhances performance.
‘FedAvg’ further improves upon ‘Local’, showcasing the benefits of FL. However,
‘FedAvg’ experiences performance drops in some cases due to domain shift, such
as a decrease from 56.76% to 53.23% on USPS for Digit-Five. ‘LADD’ and ‘Fed-
PCL+PL’ mitigate domain shift issues somewhat and improve accuracy in some
source domains, but are inferior to ‘FedAvg’ in many domains. This is because
LADD’s primary focus is not classification tasks and therefore it uses a simple
pseudo-labelling strategy, and furthermore it does not fully utilize knowledge from
all domains. On the other hand, FedPCL originally employs true labels at every
step and substituting them all with pseudo-labels could compromise performance.

Our FedWCA outperforms the best compared methods by notable margins on
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Table 5.3: Ablation on cluster weights calculation. The FedWCA’s cluster
weights calculation is replaced by various methods such as one-hot weights (One-hot),
equal weights (Equal), a hybrid of them (One-Equal), an adaptive version of One-Equal
(One-Equal-A), and a local calculation-only FedWCA variant described in Section 5.4.2
(FedWCA-L). The original FedWCA surpasses all other methods across all PACS source
domains.

Methods PACS
Ar Ca Ph Sk Avg.

One-hot 73.22 77.34 64.45 80.40 73.85
Equal 76.91 76.03 61.16 79.55 73.41

One-Equal 77.89 79.69 64.76 83.13 76.37
One-Equal-A 77.80 79.17 63.64 83.29 75.98

FedWCA-L 77.12 81.94 62.25 82.31 75.91
FedWCA 80.63 83.18 65.50 84.22 78.38

almost all source domains (7.10% for Digit-Five, 4.86% for PACS, 1.32% for Office-
Home on average). The results also confirm that FedWCA statistically outperforms
the others in a majority of source domains. The improvement on Office-Home is more
modest, likely due to the smaller domain gap in this dataset, which can be judged
from the fact that the improvement for ‘Source Only’ by ‘Local’ is considerably
smaller (5.39%) than for the other datasets (13.31% for Digit-Five and 12.72% for
PACS).

In Fig. 5.4, we analyze the changes in average accuracy of clients in each target
domain, using specific source domains, such as MNIST for Digit-Five (top) and
Art Painting for PACS (bottom). Unlike ‘FedAvg’, FedWCA significantly improves
accuracy in almost all target domains without compromising accuracy in specific
target domains such as USPS for Digit-Five and Photo for PACS.

5.5.2 Ablation Studies

5.5.2.1 Cluster Weight Calculation

To validate the effectiveness of our cluster weight calculation method, we conducted
an ablation study comparing our method with simpler cluster weight computation
methods including: (1) One-hot: Assigns a weight of 1 to each client’s own cluster
and 0 to others. (2) Equal: Allocates an equal weight to all clusters, resembling
FedAvg. (3) One-Equal: A hybrid approach that assigns a weight of p (set to 0.8)
to each client’s cluster and distributes the remaining weight equally among other
clusters. (4) One-Equal-A: An adaptive method that combines models created by
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Table 5.4: Ablation on layers used for clustering. Art Painting of PACS is used
as the source domain, and ResNet-18 is employed. Clients C,C ′, C ′′ belong to Cartoon,
P, P ′, P ′′ to Photo, and S, S′, S′′ to Sketch. The table below reports the cluster IDs
(denoted by ©, 4, and �) assigned to each client. Ideally, each client group (C,C ′, C ′′),
(P, P ′, P ′′), and (S, S′, S′′) should be grouped together, as is achieved by the first and
second layers.

Clients
Layer C C ′ C ′′ P P ′ P ′′ S S′ S′′

1st © © © 4 4 4 � � �
2nd © © © 4 4 4 � � �
3rd © © © © © © © © ©
4th © © © © © © 4 4 4

17th © © © © © © © © ©
All © © © © © © © © ©

One-hot and Equal using SND, as in FedWCA. (5) FedWCA-L: A variant of Fed-
WCA wherein cluster weights are computed solely locally, described in Section 5.4.2.

The performance comparison of these methods on PACS is shown in Table 5.3.
The hybrid approaches, One-Equal and its adaptive variant, and FedWCA-L, in-
crease accuracy compared to simpler methods like One-hot and Equal. FedWCA,
however, outperforms them across all source domains. The superior performance
illustrates the benefits of our method that integrates global and local insights in
cluster weight calculation. See Appendix 5.7.5.1 for examples of specific cluster
weights in our methods.

5.5.2.2 Client Clustering Method

Table 5.4 evaluates the clustering performance using different layers’ parameters in
ResNet-18, showing that using only the first or second layer is the best practice (see
Appendix 5.7.5.2 for full results). The results indicate that clustering performance
diminishes as a deeper layer rather than the first layer (e.g., 17th) is used. Using
all layers leads to a single cluster (indexed by © in Table 5.4) due to the curse of
dimensionality.

Despite successful clustering in PACS and Office-Home, some errors were ob-
served in Digit-Five (see Appendix 5.7.5.2). Nonetheless, our method improves per-
formance even with incorrect cluster assignments by effectively combining cluster
models with individualized weights (Appendix 5.7.5.2).
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Table 5.5: Ablation on pseudo-labeling strategy. Key components of FedWCA
are PP: prototype-based pseudo-labeling, FP: fixed pseudo-labels in each round, TM:
two-models-based pseudo-labeling using initial and cluster models, and MU: mixup. All
components prove effective in most PACS source domains.

PP FP TM MU PACS
Ar Ca Ph Sk Avg.

X 72.98 76.44 61.78 68.73 70.29
X 77.63 75.66 65.48 81.31 74.39
X X 78.37 81.54 65.23 83.56 77.17
X X X 78.82 81.72 66.27 83.92 77.68
X X X X 80.63 83.18 65.50 84.22 78.38

5.5.2.3 Pseudo-labeling Strategy

We examine the contribution of each key component of our pseudo-labeling strategy.
The pseudo-labeling strategy of FedWCA consists of four key components (see Sec-
tion 5.4.3): prototype-based pseudo-labeling (PP), fixed pseudo-labels (FP) in each
round, two-models-based pseudo-labeling (TM), which utilizes both the initial and
original cluster models, and mixup (MU) between the samples with the matched
and mismatched pseudo-labels.

To assess the effectiveness of each component, we incrementally activated them
in FedWCA and observed their impact on performance in the PACS dataset. The
results, presented in Table 5.5, reveal that the full integration of all components leads
to the highest performance across all source domains. This finding underscores the
significance of each element, with every component contributing meaningfully to the
overall efficacy of the method.

The above results demonstrate that PP and FP independently enhance accuracy
and may also be incorporated into LADD. Similarly, the IM loss adopted by our
method could contribute to LADD’s expansion, tailoring it more towards the classi-
fication task, akin to the local adaptation module with ‘FedAvg’ in our experiments.
Table 5.6 compares the performance of the extended LADD with our FedWCA.
A comparison between Table 5.2 and Table 5.6 reveals a significant performance
boost in the extended LADD over the original. However, FedWCA outperforms this
improved LADD, further supporting our method’s efficiency.

5.6 Summary

This chapter introduces FedWCA, a novel method for FFREEDA classification,
addressing two problems: lack of labeled data post-pre-training and domain shift
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Table 5.6: Comparison with extended LADD. The prior FFREEDA method LADD
is extended by incorporating PP: prototype-based pseudo-labeling, FP: fixed pseudo-
labels in each round, and IM: IM loss. Nevertheless, FedWCA outperforms it.

Datasets
Methods

LADD+PP+FP+IM FedWCA

Digit-Five

MN 60.45 ± 2.14 72.74 ± 3.57
SV 90.06 ± 2.41 90.13 ± 2.08

MN-M 72.11 ± 3.06 82.93 ± 0.79
US 56.96 ± 1.67 58.56 ± 4.26
SY 87.12 ± 0.65 84.94 ± 1.15

Avg. 73.34 ± 13.71 77.86 ± 11.56

PACS

Ar 73.19 ± 1.73 80.63 ± 2.44
Ca 75.98 ± 2.49 83.18 ± 0.86
Ph 65.15 ± 1.27 65.50 ± 1.24
Sk 79.24 ± 6.76 84.22 ± 6.60

Avg. 73.39 ± 6.41 78.38 ± 8.38

Office-Home

Ar 65.04 ± 0.82 66.06 ± 0.50
Cl 67.88 ± 0.67 68.32 ± 0.42
Pr 61.06 ± 0.53 61.46 ± 0.88
Re 67.58 ± 0.80 68.06 ± 0.46

Avg. 65.39 ± 3.14 65.97 ± 2.83

among clients. Experimental results show FedWCA’s superior performance over sev-
eral baselines, validating its effectiveness in FFREEDA. We discuss the limitations
in Appendix 5.7.4.

5.7 Appendix

5.7.1 Notations

The notations used in this chapter are listed in Table 5.7.

5.7.2 Details of Method

5.7.2.1 Algorithm

Algorithm 4 outlines the comprehensive training procedure for our suggested Fed-
WCA, while Algorithm 5 details the local adaptation process.

5.7.2.2 Soft Neighborhood Density

We review Soft Neighborhood Density (SND) [2] used to assess the overall model
efficacy in our FedWCA (see Eq. (5.3)). SND is originally proposed as a method for
evaluating models in an unsupervised manner by analyzing how densely data points
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Table 5.7: Notation.

Symbol/Notation Definition
Problem
X feature space
Y label space
M number of classes indexed by m
K number of clients indexd by k
R number of communication rounds indexed by r
E number of local epochs for each client
Dk = {xi}Nk

i=1 unlabeled dataset of client k with Nk samples
Pk(X ) data distribution of client k
f : X → Rq feature extractor
g : Rq → RM classifier
h = g ◦ f classification model
hS = gS ◦ fS source model
W = [w1, . . . , wM ] ∈ Rq×M classifier weight for gS
hk = gk ◦ fk locally trained model by client k

Method
A(k, l) adjacency matrix for client clustering
κk nearest neighbor client for client k
C number of clusters indexed by c
ck cluster index assigned to client k
fc cluster model for cluster c

f̃c soft cluster model for cluster c: f̃c = Bc,0fc +Bc,1
∑

c′ Ac′→cfc′

f̄k locally combined model by client k using soft cluster models: f̄k =
∑

c αk,cf̃c
f init
k initial model of client k for each round: f init

k = βk,0fck + βk,1
∑

c αk,cf̃c
m(i) class whose classifier weight vector is closest to fc(xi): m(i) = arg maxm cos(fc(xi), wm)
vk = (vk,1, . . . , vk,C) cluster weights for cluster models: f init

k =
∑

c vk,cfc
αk = (αk,1, . . . , αk,C) locally calculated cluster weights for soft cluster models
βk = (βk,0, βk,1) pseudo-performance weights for fck and f̄k
Ac′→c benefit metric indicating the relative advantage of cluster c for clients in cluster c′

Bc,0, Bc,1 coefficients balancing the emphasis between fc and
∑

c′ Ac′→cfc′

Ta, Tb temperature parameters controlling αk and βk, respectively
λ, µ balancing parameters for the loss function and mixup, respectively
D̂k = {xi, ŷi}Nk

i=1 pseudo-labeled dataset of client k obtained by a prototype-based pseudo-labeling and mixup

cluster together using the overall models’ outputs. It defines ‘soft neighborhoods’
of a data point by the distribution of its similarity to other points, and measures
density as the entropy of this distribution.

Let h = g ◦ f and D = {xi}Ni=1 be an evaluated model and an unlabeled
dataset, respectively. SND first computes the similarity between samples. Let
Qi,j = cos(h(xi), h(xj)) be the (i, j) element of the similarity matrix, where cos(·, ·)
is the cosine similarity. The diagonal elements of Q are ignored to compute the
distance to neighbors for each sample. Q is then converted into a probabilistic dis-
tribution P using the scaling temperature parameter T and the softmax function:

Pi,j =
exp(Qi,j/T )∑
j′ exp(Qi,j′/T )

. (5.5)

The temperature is set to 0.05 in the original paper and we use it. We finally obtain
the SND value of h by computing the entropy for each row of P (i.e., each sample)
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and taking the average of all samples:

S(h) = − 1

N

N∑
i=1

N∑
j=1

Pi,j logPi,j. (5.6)

See the original paper for detailed explanation.

5.7.2.3 Cluster Weights

We provide the final specific cluster weights vk = (vk,1, . . . , vk,C) in the initial model
f init
k =

∑
c vk,cfc. According to Section 5.4.2, the initial model for client k is com-

puted as follows:

f init
k = βk,0fck + βk,1

∑
c

αk,cf̃c (5.7)

= βk,0fck + βk,1
∑
c

αk,c{Bc,0fc +Bc,1

∑
c′

Ac′→cfc′}

=
∑
c

{1(c = ck)βk,0 + βk,1αk,cBc,0 + βk,1
∑
c′

Bc′,1αk,c′Ac→c′}fc,

where 1 is the indicator function. The third equation can be obtained by replacing
the subscripts c and c′. We thus obtain the cluster weights vk as:

vk,c = 1(c = ck)βk,0 + βk,1αk,cBc,0 + βk,1
∑
c′

Bc′,1αk,c′Ac→c′ . (5.8)

5.7.2.4 Loss Function of SHOT

We review the loss function of SHOT [109], adopted as a loss function of our method
because of its simplicity. The loss function comprises the cross-entropy loss for the
pseudo-labeled dataset and an Information Maximization (IM) loss [123] for the
unlabeled dataset. The IM loss promotes confident model outputs and counteracts
a bias towards any single class by discouraging trivial score distributions. The total
empirical loss function L̂(D;h) for the model h on D weights these two loss functions
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Table 5.8: Dataset information including number of samples, classes, and clients for
three datasets.

Datasets Number of samples Classes ClientsPer domain Total

Digit-Five MNIST: 34,000, MNIST-M: 34,000 145,298 10 32SVHN: 34,000, SYNTH: 34,000, USPS: 9298

PACS Art Painting: 2,048, Cartoon: 2,344 9,991 7 9Photo: 1,670, Sketch: 3,929

Office-Home Art: 2,424, Clipart: 4,365 15,579 65 9Product: 4,437, Real-World: 4,353

with a balancing parameter λ:

L̂(D;h) = L̂IM(D;h) + λL̂CE(D̂;h); (5.9)

L̂CE(D̂;h) = − 1

N

∑
(x,ŷ)∈D̂

log (h(x))ŷ,

L̂IM(D;h) =
M∑

m=1

ôm log ôm −
1

N

M∑
m=1

∑
x∈D

(h(x))m log (h(x))m,

where N is the dataset size and L̂CE(D̂;h) represents the cross-entropy loss calcu-
lated over the pseudo-labeled dataset D̂, which encourages the model h to align with
the pseudo-labels. The IM loss L̂IM(D;h), on the other hand, comprises two terms:
(1) the negative entropy of the mean output score ô =

∑
x∈D h(x)/N and (2) the

entropy of the model’s output scores for each data point in the unlabeled dataset
D.

5.7.3 Detailed Experimental Settings

5.7.3.1 Datasets

Table 5.8 summarizes the details of datasets used in our experiments. For Digit-
Five, we used the entire dataset for USPS and 34,000 randomly selected samples for
the other domains. For each dataset, one domain was selected as the source, and
the remaining domains served as target domains. Data samples from each target
domain were distributed to 8 clients for Digit-Five and 3 clients for PACS and Office-
Home per domain, all in an i.i.d. manner. Each client’s data were divided into three
subsets: 20% for testing, 64% for training, and 16% for validation.
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Table 5.9: Hyperparameters for our FedWCA including the learning rate (lr),
balancing parameter for cross-entropy loss λ, balancing parameter for mixup µ, and tem-
perature parameters Ta, Tb. Only for SYNTH of Digit-Five and Clipart of Office-Home
source domains, Ta is set to 0.001 and 0.1, respectively.

Datasets Hyperparameters
lr λ µ Ta Tb

Digit-Five 0.001 0.1 0.55 0.01 0.05
PACS 0.0001 0.3 0.55 0.1 0.05

Office-Home 0.0001 0.3 0.55 0.01 0.05

5.7.3.2 Implementation Details

For the implementation, we set the local epoch to E = 5 and total communication
rounds to R = 100 for Digit-Five and PACS, and R = 50 for Office-Home, ensuring
convergence of each method’s learning. In the case of FedPCL+PL, we limited R

to 20, due to overfitting observed in this method on the PACS and Office-Home
datasets. The stochastic gradient descent (SGD) was used with the best learning
rate of 10−3 for Digit-Five and 10−4 for PACS and Office-Home in all methods,
which are selected from {10−i|i ∈ {1, 2, 3, 4, 5}}. For source model training, we set
the learning rate to 0.001 in all datasets. Additionally, we adopted a weight decay of
0.001 and a momentum of 0.9, in line with standard SFDA studies [109]. In LADD’s
implementation, we randomly selected 100 samples from each client’s target data
for computing style features, focusing on the central 5% region of the frequency
spectrum. Other hyperparameters for LADD were also appropriately tuned. The
temperature parameters of FedPCL were set to 70 as a result of tuning. For our
methods, the temperature parameters were set to Tb = 0.05 for all datasets (aligned
with SND [2]) and Ta = 0.01 for Digit-Five and Office-Home, except for SYNTH
(Ta = 0.001) and Clipart (Ta = 0.1) source domains, while Ta = 0.1 for PACS.
The balancing parameter λ was assigned the same value as in the original SHOT
paper[109]. In particular, Table 5.9 summarizes the hyperparameters for FedWCA.

5.7.3.3 Hyperparameter Tuning

For LADD, we searched the regularization parameters and starting rounds from
{10−i|i ∈ {−2,−1, 0, 1, 2, 3, 4, 5}} and {5, 10, 30, 50, 80, 100}, respectively. For Fed-
PCL, the best temperature parameter was selected from {7×10−i|i ∈ {−2,−1, 0, 1, 2, 3}}
as par the original paper. For our FedWCA, we searched the temperature parame-
ters Ta and Tb from {0.001, 0.005, 0.01, 0.05, 0.1}.
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Figure 5.5: Visualization of cluster weights for FedWCA-L and FedWCA when the
communication round r is 2 and 50. Art Painting in PACS dataset is used for the source
dataset. Clients C,C ′, C ′′ belong to Cartoon, P, P ′, P ′′ to Photo, and S, S′, S′′ to Sketch.
See the first row of Table 5.4 for the cluster IDs (denoted by ©, 4, and �) assigned to
each client. The number represents the weight for the corresponding cluster.

5.7.4 Limitations and Discussions

Complexity of FedWCA. We mention that the derivation of cluster weights in
our method, while not computationally intensive, involves a complex procedure. Al-
though Section 5.5.2 demonstrates that simpler weight calculations do not provide
sufficient performance, identifying simpler yet effective methods for calculating clus-
ter weights that match FedWCA’s performance remains a task for future research.
However, our method can be slightly modified to reduce computational costs, as
discussed below.

Concerns about distributing all cluster models. Our method requires each
client to receive all soft cluster models, which may raise some concerns: (1) privacy
concerns and (2) additional communication and storage costs.

(1) Distributing cluster models poses minimal privacy risks due to several factors.
Initially, we note that the server distributes all ”soft cluster models” to each client,
along with the original cluster model of the respective client. Soft cluster models,
produced by merging all cluster models, roughly incorporate all clients’ local models
and thus, privacy risks remain similar to typical FL methods such as FedAvg. Fur-
ther, distributing the single original cluster model to clients is a standard practice
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Table 5.10: Results for FedWCA modification reducing costs. The numbers are
the mean values ± standard deviations of the averaged accuracy (%) across all clients and
all target domains. In the latter U − 1 rounds of every U round, the initial model of the
FedWCA can be computed server-side as opposed to client-side, thereby cutting commu-
nication, storage, and computational costs. This revised FedWCA boasts an equivalent
performance to its original counterpart when U = 5.

Datasets
Methods

Revised FedWCA FedWCA
U = 5

Digit-Five

MN 73.37 ± 3.65 72.74 ± 3.57
SV 89.88 ± 2.24 90.13 ± 2.08

MN-M 83.16 ± 0.56 82.93 ± 0.79
US 57.33 ± 3.00 58.56 ± 4.26
SY 85.70 ± 1.05 84.06 ± 1.38

Avg. 77.89 ± 11.93 77.69 ± 11.47

PACS

Ar 80.89 ± 2.54 80.63 ± 2.44
Ca 83.23 ± 0.91 83.18 ± 0.86
Ph 65.32 ± 1.06 65.50 ± 1.24
Sk 84.28 ± 6.40 84.22 ± 6.60

Avg. 78.43 ± 8.45 78.38 ± 8.38

Office-Home

Ar 66.13 ± 0.67 66.06 ± 0.50
Cl 68.33 ± 0.61 68.32 ± 0.42
Pr 61.30 ± 0.60 61.46 ± 0.88
Re 67.63 ± 0.29 68.06 ± 0.46

Avg. 65.85 ± 2.86 65.97 ± 2.83

in current clustered FL studies and carries minimal privacy risk. This is due to our
algorithm’s design, where clients are only privy to their specific cluster IDs with no
insight into other cluster details such as cluster size or client membership, even if it
is composed of only two clients.

(2) Our weighted cluster aggregation (WCA) costs C + 1 times higher than
FedAvg (C: number of clusters) due to the requirement of each client receiving and
storing C soft cluster models and the original cluster model. However, we can save
those costs by altering the computation of the client’s initial models in WCA as
follows. In the first round of every U rounds, clients compute their initial models
as the original method does. In the following U − 1 rounds, the initial models
are computed server-side, utilizing identical cluster weights sent by clients in the
first round. This modification allows the server to only distribute two models to
each client: the computed initial model and the original cluster model, reducing the
communication and storage costs by a factor of 2/(C+1) in (U−1)/U of all rounds.
This can also lessen the client’s computational cost for initial model calculations.
As demonstrated in Table 5.10, further tests on Digit-Five, PACS, and Office-Home
with U = 5 showed that the revised FedWCA maintains similar average accuracy as
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the original. Notably, in some source domains like SYNTH, the revised technique
improves accuracy. This enhancement is because the use of identical cluster weights
reduces overfitting.

Different enhancement according to dataset. As illustrated in Section 5.5.1,
the accuracy enhancement achieved by our method varies with the dataset. Specifi-
cally, for datasets exhibiting minor domain gaps, FedAvg may suffice to some extent,
as the impact of domain shifts on accuracy is minimal. For instance, in the Office-
Home dataset, although our method surpasses FedAvg, the superiority margin is
less significant than in Digit-Five and PACS.

Extension to other tasks. While our approach is primarily tailored for classi-
fication tasks, its underlying principles could theoretically extend to other complex
vision tasks, like object detection. However, direct extrapolation may encounter
challenges, such as convergence of feature vectors towards classifier vectors in clus-
ter weight calculations. Adapting and assessing our method in these diverse contexts
constitutes an avenue for future research.

5.7.5 Supplementary Experimental Results

5.7.5.1 Visualization of Cluster Weights

Fig. 5.5 visualizes the cluster weights for our proposed methods FedWCA and
FedWCA-L, a variant of FedWCA wherein cluster weights are computed solely
locally (see Section 5.4.2). This shows that clients within the same domain ob-
tain similar weights, indicating the efficacy of our cluster weight calculation based
on Eq. (5.1). FedWCA, in particular, promotes inter-domain collaboration early
in learning (r = 2), notably between Cartoon and Sketch domains. Specifically,
Cartoon domain clients (C,C ′, C ′′) have significantly higher weights for cluster �

(Sketch) in FedWCA compared to FedWCA-L. This is the result of the Cartoon
domain clients considering the benefits for the clients in cluster �. As learning
progresses (r = 50), FedWCA clients increasingly concentrate on their respective
clusters, highlighting the method’s balance between overall and individual advan-
tages. As a result, this approach leads to notable accuracy improvements for both
Cartoon and Sketch clients, as depicted in Fig. 5.4 (b).
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Table 5.11: Full results for layer dependence of clustering. Art Painting of
PACS is used as the source domain, and ResNet-18 is employed. Clients C,C ′, C ′′ belong
to Cartoon, P, P ′, P ′′ to Photo, and S, S′, S′′ to Sketch. The table below reports the
cluster IDs (denoted by ©, 4, and �) assigned to each client. Ideally, each client group
(C,C ′, C ′′), (P, P ′, P ′′), and (S, S′, S′′) should be grouped together, as is achieved by the
first and second layers.

Clients
Layer C C ′ C ′′ P P ′ P ′′ S S′ S′′

1st © © © 4 4 4 � � �
2nd © © © 4 4 4 � � �
3rd © © © © © © © © ©
4th © © © © © © 4 4 4
5th © © © © © © © © ©
6th © © © 4 4 4 � � �
7th © © © © © © © © ©
8th © © © © © © © © ©
9th © © © © © © © © ©

10th © © © © © © 4 4 4
11th © © © © © © © © ©
12th © © © © © © © 4 4
13th © © © © © © © © ©
14th © © © 4 4 4 � � �
15th © © © © © © © © ©
16th © © © © © © 4 4 4
17th © © © © © © © © ©

All © © © © © © © © ©

5.7.5.2 Results of Client Clustering

Table 5.11 shows the full results for the layer dependence of client clustering in our
method with the PACS dataset.

Additionally, Table 5.12 presents the clustering results for Digit-Five across var-
ious source domains using our FINCH method. Fig. 5.6 shows the specific images
possessed by clients in each cluster particularly when using USPS as the source do-
main. The results from Table 5.12 indicate that, unlike PACS and Office-Home, the
clustering for Digit-Five contains some errors, except for the SVHN source domain.
To this end, we compare our standard FINCH algorithm, against two alternatives on
Digit-Five: (1) LADD clustering based on the shared style features and (2) a hypo-
thetical ‘true’ clustering based on actual domain information. It must be emphasized
that LADD requires a specified number of iterations and a search range for clusters,
whereas FINCH necessitates no hyperparameters. Table 5.13 shows the accuracy
of FedWCA when applying each clustering algorithm. Notably, FINCH performs
comparably to both the true clustering and LADD, with no need for sharing prior
information on the clusters or any information other than the model parameters.
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Figure 5.6: Images possessed by clients in each cluster. USPS of Digit-Five serves
as the source domain. Our FedWCA clusters clients according to their local models, almost
matching their data domains.

This highlights our method’s strength in enhancing client performance, even when
assigned to incorrect clusters, by effectively combining all cluster models using in-
dividualized cluster weights.

5.7.5.3 Comparison with Other Federated Learning Methods

In addition to FedAvg and FedPCL, we extended other FL methods using ground-
truth labels to FFREEDA by incorporating a prototype-based pseudo-labeling, fixed
pseudo-labels per round, and IM loss, and compared them to our method. We
adopted three additional FL methods: (1) FedProx [5], (2) FedAMP [6], and (3)
IFCA [7]. FedProx modifies FedAvg by adding the proximal term to address data
heterogeneity. FedAMP personalizes FL by creating a client-specific cloud model
weighted on the similarity of each client’s model parameters, with clients subse-
quently training personalized models based on this cloud model. IFCA, a clustered
FL method that requires setting the number of clusters, has each client calculate
the loss for all cluster models and train the model with the lowest loss per round.

The performance comparison is shown in Table 5.14. Our FedWCA outper-
forms all other methods n all source domains for Digit-Five and PACS, highlighting
that merely extending existing FL methods to FFREEDA is insufficient and con-
firming our method’s effectiveness. FedProx uses basic averaging for aggregation,
FedAMP’s parameter similarity weighting is unsuitable for our unlabeled adapta-
tion, and IFCA’s cluster model selection is unstable due to the loss calculation based
on pseudo-labels.
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Table 5.12: Results of client clustering in Digit-Five for each source domain. The
clustering algorithm FINCH is applied to Lenet. Each row represents client IDs. Clients
1 to 8, 9 to 16, 17 to 24 and 25 to 32 each belong to the same domain. The table below
reports the cluster IDs (denoted by, e.g., ©, 4, �, and ♦) assigned to each client. Ide-
ally, each client group (1,2,3,4,5,6,7,8), (9,10,11,12,13,14,15,16), (17,18,19,20,21,22,23,24),
and (25,26,27,28,29,30,31,32) should be grouped together, as is achieved by SVHN source
domain.

Client ID Source domains
MN SV MN-M US SY

1 © © © © ©
2 © © © © ©
3 © © © © ©
4 © © © © ©
5 © © © © ©
6 © © © © ©
7 4 © © © ©
8 4 © © © ©
9 � 4 4 4 4
10 � 4 4 4 4
11 � 4 4 4 4
12 � 4 4 4 4
13 ♦ 4 4 4 4
14 ♦ 4 4 4 4
15 ♥ 4 4 4 4
16 ♥ 4 4 4 4
17 F � � � �
18 F � � � �
19 F � � � �
20 F � � � �
21 F � � � ♦
22 F � ♦ ♦ ♦
23 ♣ � ♦ ♦ ♦
24 ♣ � ♦ ♦ ♦
25 ♠ ♦ ♥ ♥ 4
26 ♠ ♦ ♥ ♥ 4
27 ♠ ♦ ♥ ♥ 4
28 ♠ ♦ ♥ ♥ 4
29 ♠ ♦ ♥ ♥ 4
30 ♠ ♦ ♥ ♥ 4
31 ♠ ♦ ♥ ♥ 4
32 ♠ ♦ ♥ ♥ 4
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Table 5.13: Ablation on clustering algorithm. Three clustering algorithms are
applied to FedWCA. ‘True’ uses the hypothetical true clusters based on the domain labels.
Even without specific cluster information, FedWCA offers similar performance to ‘True’.

Clustering Digit-Five
MN SV MN-M US SY Avg.

FINCH 72.74 90.13 83.93 58.56 84.94 77.86
LADD 72.33 89.89 81.99 58.72 85.58 77.70

True 72.93 90.07 83.43 56.95 85.69 77.81

Table 5.14: Performance comparison with extended FL methods (Digit-Five
and PACS). The existing FL methods, FedProx [5], FedAMP [6], and IFCA [7] are
extended to FFREEDA by incorporating PP: prototype-based pseudo-labeling, FP: fixed
pseudo-labels in each round, and IM: IM loss. FedWCA outperforms them in all source
domains.

Datasets
Methods (+PP+FP+IM)

FedProx FedAMP IFCA FedWCA (ours)

Digit-Five

MN 56.01 ± 2.46 51.48 ± 0.44 58.68 ± 2.21 72.74 ± 3.57
SV 83.27 ± 1.80 83.00 ± 0.81 83.39 ± 1.60 90.13 ± 2.08

MN-M 81.27 ± 0.29 72.94 ± 2.09 79.82 ± 0.40 82.93 ± 0.79
US 52.78 ± 0.74 53.81 ± 1.54 55.62 ± 2.99 58.56 ± 4.26
SY 82.21 ± 0.54 82.22 ± 0.32 81.71 ± 0.75 84.94 ± 1.15

Avg. 71.11 ± 13.86 68.69 ± 13.73 71.81 ± 12.30 77.86 ± 11.56

PACS

Ar 76.50 ± 1.24 73.54 ± 1.30 75.82 ± 3.11 80.63 ± 2.44
Ca 76.16 ± 0.87 77.55 ± 1.21 79.13 ± 2.57 83.18 ± 0.86
Ph 60.88 ± 0.74 63.70 ± 0.79 64.61 ± 1.57 65.50 ± 1.24
Sk 80.29 ± 7.02 75.84 ± 5.87 80.93 ± 6.59 84.22 ± 6.60

Avg. 73.46 ± 8.29 72.66 ± 6.19 75.13 ± 7.46 78.38 ± 8.38
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Algorithm 4: FedWCA (Federated learning with weighted cluster aggre-
gation)

Input: K clients, k-th client’s local unlabeled data Dk = {xi}Nk
i=1, k-th

client’s initial local model hinit
k = ginit

k ◦ f init
k , source model

hS = gS ◦ fS, local epochs E, total communication round R,
temperature parameters Ta, Tb, balancing parameters λ, µ

Output: K personalized models hk = gS ◦ fck
1 for r = 0, . . . R− 1 do
2 if r = 0 then
3 Client:
4 Initialize the local model: hinit

k = ginit
k ◦ f init

k ← hS = gS ◦ fS
5 fk = ClientLocalAdaptation(r, Dk, f init

k , ginit
k , E, λ)

6 Send fk to the server
7 Server:
8 Cluster K clients into C clusters based on the first layers’

parameters of fk by using FINCH: k 7→ ck
9 Create cluster models fc by averaging the local models fk in each

cluster c ∈ {1, . . . , C}
10 Initialize soft cluster models f̃c = fc
11 else
12 Client:
13 Calculate αk for f̃c and βk for fck and f̄c =

∑
c αk,cf̃c by Eq. (5.1)

and Eq. (5.3)
14 Set an initial model: f init

k = βk,0fck + βk,1
∑

c αk,cf̃c
15 fk = ClientLocalAdaptation(r, Dk, f init

k , fck , ginit
k , E, Ta, Tb, λ,

µ)
16 Send fk, αk, and βk to the server
17 Server:
18 Update cluster models fc by averaging the local models fk in each

cluster c ∈ {1, . . . , C}
19 Calculate Ac→c′ and Bc,i by averaging αk,c′ and βk,i across clients

within each cluster c
20 Update soft cluster models: f̃c = Bc,0fc +Bc,1

∑
c′∈C Ac′→cfc′

21 Server: Send fck and f̃c for every c to the client k
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Algorithm 5: ClientLocalAdaptation
Input: Current round r, unlabeled data D = {xi}Ni=1, initial model f init,

cluster model fc, classifier g, local epochs E, temperature
parameters Ta, Tb, balancing parameters λ, µ.

Output: Trained model f
1 if r = 0 then
2 Compute class-wise prototypes pm for each class m by g ◦ f init and

assign each sample x ∈ D pseudo-labels ŷ via Eq. (5.4), and generate a
pseudo-labeled dataset D̂ = {xi, ŷi}Ni=1

3 else
4 Compute class-wise prototypes pm and qm for each class m by g ◦ f init

and g ◦ fc, and assign each sample x ∈ D pseudo-label ŷinit and ŷc via
Eq. (5.4), respectively

5 Compute normalization factors p, q:

p =
∑
m 6=m′

cos(pm, pm′)

M(M − 1)
, q =

∑
m 6=m′

cos(qm, qm′)

M(M − 1)

6 Assign each sample x ∈ D pseudo-label ŷ = ŷinit if
cos(f init(x), pŷinit)/p ≥ cos(fc(x), qŷc)/q, and ŷ = ŷc otherwise

7 Generate pseudo-labeled datasets D̂mat and D̂mis:

D̂mat = {(x, ŷ)|x ∈ D s.t. ŷinit = ŷc)}, D̂mis = {(x, ŷ)|x ∈ D s.t. ŷinit 6= ŷc)}

8 Generate a mixed dataset D̂mix and a pseudo-labeled dataset
D̂ = D̂mat ∪ D̂mix:

D̂mix = {((1−µ)x+µx′, ŷ)|(x, ŷ) ∈ D̂mis, (x′, ŷ) ∼ D̂mat for each (x, ŷ)}

9 Initialize a model: f = f init

10 for e = 0, . . . , E − 1 do
11 Update f with SGD by minimizing the loss function

L̂(D; g ◦ f) = L̂IM(D; g ◦ f) + λL̂CE(D̂; g ◦ f) defined in Eq. (5.9) while
fixing g

12 return f
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Chapter 6

Heterogeneous Domain
Adaptation with Positive and
Unlabeled Data

6.1 Introduction

Applying machine learning models trained with a domain to different domains may
lead to performance degradation [130]. This motivates researchers to study unsuper-
vised domain adaptation (UDA) [18, 131], which transfers knowledge from a known
domain (source) where a sufficiently large number of labeled samples are available
to an unknown domain (target) where only unlabeled samples are available. Con-
ventional UDA typically assumes covariate shift and a shared feature space between
the two domains. In practice, however, the observable feature space itself may dif-
fer across domains (e.g., different attributes are collected), which corresponds to
observation heterogeneity as categorized in Chapter 2. Heterogeneous unsupervised
domain adaptation (HUDA) [132] relaxes the shared-feature assumption by allowing
different feature spaces across domains. Existing HUDA studies [64–66, 69, 70, 133]
only consider situations where both positive and negative examples in a binary clas-
sification task are available in the source domain, as illustrated in Figure 6.1 (a).
However, in some real-world applications, such as the example below, the source
domain may have access to only positive examples (extreme label shift).

Estimation of potential customers in different industries. Consider a
business alliance of a bank and a jewelry store. The goal of them is to find potential
customers for the jewelry store among the bank’s large customer base. This task can
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Figure 6.1: View of the data structure in two HUDA settings, (a) conventional one and
(b) new one where the source domain has only positive data. Here, both of them assume
that the two domains share some features.

be considered a simple classification problem of predicting whether a given customer
in the bank’s database will purchase jewelry or not. To address this task, they use
their own customer data represented by the following features. First, they both
might possess basic demographics such as age and gender. On the other hand,
each industry has their own features. The bank has detailed economic conditions
represented by deposit balances, and the jewelry store has past purchase histories.
Hence, this task can be considered a HUDA task with the jewelry store as the source
and the bank as the target (see Figure 6.1). However, while the bank (target) do not
have information on purchases of jewelry, i.e., only has unlabeled customers, unlike
a conventional HUDA setting, the jewelry store (source) has only customers who
have already purchased or visited the jewelry store, i.e., positive labeled customers.

Motivated by the above application, this chapter addresses a new challenging
HUDA task called positive and unlabeled heterogeneous unsupervised domain adap-
tation (PU-HUDA), which consists of a source domain with positive data and a
target domain with unlabeled data in the different feature spaces as described in
Figure 6.1 (b). PU-HUDA can be viewed as a hybrid setup of positive unlabeled
(PU) learning [71], which trains binary classifiers from positive and unlabeled data
only, and HUDA. It appears that simply combining existing HUDA and PU learning
methods can properly solve PU-HUDA, but it does not work well, as we demonstrate
later in our experiments. This is because applying existing HUDA methods directly
to PU-HUDA minimizes the divergence between the distributions of the whole source
data with positive labels only and the whole target data with positive and negative
labels on the transformed feature space, resulting in a less label-discriminative fea-
ture space on the target domain as shown in Figure 6.2 (top). To solve PU-HUDA
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Figure 6.2: Comparison of adaptation mechanisms in existing HUDA methods (top) and
our proposed PU-HUDA method (bottom).

properly, we need to minimize the distribution divergence between the whole source
data and the target data with only positive labels on the transformed feature space
as described in Figure 6.2 (bottom).

To address the above issue, we regard PU-HUDA as a task to identify likely pos-
itive examples from target data and reduce the distribution divergence between the
whole source examples and the target examples likely to be positive. To solve this
task, we propose a new method using adversarial training as in Generative Neural
Network (GAN) [134]. Our proposed method mainly consists of three models, (1) a
feature transformer to transform the target feature space to that of the source, (2)
a classifier to predict likely positive examples from the unlabeled target data trans-
formed by the feature transformer, and (3) a discriminator to determine whether
the likely positive examples transformed by the feature transformer are from the
target or source domain. The classifier is trained to identify the likely positive
examples indistinguishable from the source examples by the discriminator. The fea-
ture transformer is trained to transform the target examples predicted as positive
by the classifier into the indistinguishable examples from the source examples by
the discriminator. To achieve these training, we adopt an objective function based
on Kullback-Leibler (KL) divergence inspired by Predictive Adversarial Networks
(PAN) [135], a recently proposed PU learning method. We call this approach pre-
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Table 6.1: Setting comparison of this chapter with existing HUDA methods.

Method Some common samples Some common features Source negative examples
are necessary? are necessary? are necessary?

KCCA [64] Yes No Yes
HHTL [65] Yes No Yes
DSFT [66] No Yes Yes

OT-based [133] No Yes Yes
SFER [70] No No Yes
GLG [69] No No Yes

PADA(this chapter) No Yes No

dictive adversarial domain adaptation (PADA). PADA can make the positive target
and the whole source data closer while keeping the negative target and the whole
source data away, as shown in Figure 6.2 (bottom). As a result, PADA obtains a
classifier that provides good classification accuracy on the feature space transformed
by a feature transformer.

Our contributions can be summarized as follows:

• We define a new domain adaptation task, positive and unlabeled heterogeneous
unsupervised domain adaptation (PU-HUDA). To the best of our knowledge,
this study is the first to address PU-HUDA.

• We propose a novel method using adversarial training, positive-adversarial
domain adaptation (PADA). The PADA’s objective is based on KL divergence
inspired by PAN [135].

• We experimentally show that PADA outperforms several baseline methods to
solve PU-HUDA.

6.2 Related Works

We review previous studies related to the topic of this chapter and discuss how
different our work is from them.

6.2.1 Heterogeneous Unsupervised Domain Adaptation

The common idea of existing HUDA techniques is to learn feature transformers to
transform the source and target data into a homogeneous feature space to minimize
the distribution distance of the two domains on that feature space. Due to this
difficulty of dealing with two heterogeneous feature spaces, most HUDA techniques
require some supplementary information to bridge the two domains. For example,
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KCCA [64] and HHTL [65] require paired (common) samples between the two do-
mains, which are often difficult to obtain in real cases. DSFT [66] and OT(optimal
transport)-based method [133] require common features between the two domains
as in this chapter. CL-SCL [67] and FSR [68] require semantically equivalent word
pairs and meta-features, respectively. There are some studies that do not explicitly
require supplementary information, such as GLG [69] and SFER [70] although they
implicitly assume that the two domains have sufficiently similar features. All of the
methods listed here require both positive and negative examples in the source do-
main. A comparison of this chapter with these methods is summarized in Table 6.1.

6.2.2 PU Learning

PU learning trains a binary classification from positive and unlabeled examples with-
out labeled negative examples [71]. Early PU learning methods adopt the two-step
technique that first identifies reliable negative examples and then conducts super-
vised learning [136, 137]. Some studies propose PU learning methods by considering
unlabeled data as negative data having label noise [138, 139]. Another promising
branch of PU learning employs the framework of cost-sensitive learning, such as
uPU [140] and nnPU [141]. Recently, Hu et al. [135] proposed the state-of-the-art
PU learning method, Predictive Adversarial Networks (PAN) based on the revised
architecture of GAN. Besides performance, PAN has the advantage of not requiring
class prior probability.

6.2.3 Domain Adaptation in PU Learning Setting

As in our study, there are several recent studies that address domain adaptation
in the context of PU learning. For example, Sonntag et al. [142] considers the do-
main adaptation scenario where the source domain has labeled data of all classes,
and the target domain has unlabeled data and a few positive labeled data in the
homogeneous feature space. The setting differs from ours which is more difficult, in
that the target domain has positive labeled data and the source domain has both
positive and negative data, and in the homogeneity of the feature space. The sce-
nario where both target and source domains have unlabeled and positive labeled
data is also treated for a link prediction task in the homogeneous setting [143] and
heterogeneous setting [144], respectively. Their settings are also different from ours
where the source domain has only positive labeled data and the target domain has
only unlabeled data. In addition, there are studies that address open set domain
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adaptation (OSDA) by considering it as PU learning [145, 146]. OSDA performs
domain adaptation while also rejects target classes that are not present in the source
domain as unknown. In their settings, the source domain has a positive (known)
labeled data and the target domain has unlabeled data including positive and nega-
tive (unknown) data. However, they consider the homogeneous feature space unlike
our study. Thus far, no study has examined the PU learning task in the HUDA
setting.

6.3 Positive and Unlabeled Heterogeneous Domain
Adaptation

6.3.1 Problem Formulation

We consider a two-domain setting with a source domain s and a target domain t,
following the notation in Chapter 2. The source and target domains exhibit feature-
space heterogeneity with a partially overlapping space, as defined in Chapter 2.
Accordingly, a sample from domain ∗ ∈ {s, t} is denoted by x∗ = (xc∗, x

u
∗) ∈ X∗ =

X c × X u
∗ , where xc∗ represents the common features and xu∗ represents the domain-

specific features.
We observe a positive-only labeled source dataset Ds = {(xs,i, ys,i)}Ns

i=1 with
ys,i = 1 for all i and a fully unlabeled target dataset Dt = {xt,i}Nt

i=1, which contains
both positive and negative samples with unknown labels. This setting differs from
conventional HUDA, which assumes both positive and negative labeled data in the
source domain. Our goal is to predict binary labels for target data. These settings
are visualized in Figure 6.1.

A simple baseline is to ignore domain-specific features and apply PU learning us-
ing only the common features {xcs,i} and {xct,i}. However, this cannot leverage {xus,i}
and {xut,i}, which often contain important discriminative information. Therefore,
PU-HUDA requires a method that can explicitly utilize domain-specific features
despite feature-space heterogeneity.

6.3.2 Difficulty of PU-HUDA

A naive approach is to directly combine an existing HUDA method with a PU
learning method. One may first learn feature transformations that map source and
target samples into a homogeneous space (e.g., DSFT, GLG, or SFER), and then
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Figure 6.3: Overview of the proposed method, PADA using soft-labeling mechanism.

apply PU learning to transformed source positives and transformed unlabeled target
samples.

This combination can be ineffective because HUDA methods typically learn
transformations that reduce a global distribution discrepancy between transformed
source and target representations (e.g., MMD). In PU-HUDA, however, the trans-
formed source set contains only positives, while the transformed target set contains
both positives and negatives. Consequently, reducing a global discrepancy between
these sets does not necessarily yield a feature space that is discriminative for sepa-
rating positive and negative target samples (Fig. 6.2, top). We empirically confirm
in Section 6.5 that this naive combination fails, motivating a new approach.

6.4 Proposed Approach

To overcome the difficulty described in the previous section, we need to align only the
positive portion of the target data with the source data, while keeping the negative
target data separated from the source data in the transformed feature space.

6.4.1 Basic Idea

We view PU-HUDA as a task to identify likely positive examples from the target
data and reduce the distribution divergence between the whole source examples and
the likely positive target examples. To solve this task, we exploit adversarial training
and thus introduce a discriminator. Hence, our proposed method mainly consists
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of the following three models as described in Figure 6.3. Details of Figure 6.3 are
explained in Sec. 6.4.3.

(1) Feature Transformer f : Xt → X u
s transforms the target feature space to

that of the source. Concretely, f transforms target sample xt into the source domain-
specific space, and we denote the transformed target sample by x̂t = (xct , f(xt)) ∈ Xs.
We adopt this asymmetric transformation [132] (i.e., transforming only the target)
because learning separate mappings for source and target can be unstable under
severe label imbalance and feature-space heterogeneity, often leading to poor local
optima [132].

(2) Classifier hc : Xs → R2 identifies positive examples in the transformed un-
labeled target data (classifies positive and negative target examples). We represent
the output confidence scores of hc as hc(·) = (hc(·)0, hc(·)1), where hc(·)1 and hc(·)0
represent the probabilities that the input samples are predicted to be positive and
negative, respectively.

(3) Discriminator hd : Xs → R2 determines whether the likely positive ex-
amples are from the target or source domain (negative examples are predicted as
target). The same notation as hc applies to hd although positive and negative mean
source and target for hd, respectively.

Since hd is trained to discriminate the source and target examples, f and hd are
trained as follows:

• f is trained so that the source data and the transformed target data predicted
by hc to be positive cannot be distinguished by hd.

• hc is trained to identify likely positive examples from the target data trans-
formed by f so that they cannot be distinguished from the source data that are
all positive by hd. Therefore, hc can classify positive and negative examples.

hc and f provide feedback to each other. That is, if hc can predict the correct positive
examples, f can reduce the distribution divergence between the truly positive target
data and the source data, and conversely if f can transform the target positive data
into the data close to the source data, hc can predict the likely positive examples
more indistinguishable from the source data. Therefore, by alternately training
them with hd, we can obtain good hc and f , which are used for binary classification
inference on the target data.

We next consider the optimization ways to train hc, hd, and f .
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6.4.2 Naive Optimization Approach

We begin with a naive idea: focus only on likely positive target samples and re-
duce the distribution discrepancy between these samples and the source data in the
transformed space.

A standard objective function for domain adaptation methods using adversarial
learning [19, 147, 148] to optimize hd and f is the following cross-entropy loss:

min
f

max
hd

L(hd, f) = Exs∼Ps(Xs)[loghd(xs)1] + Ext∼Pt(Xt)[loghd(x̂t)0], (6.1)

where x̂t = (xct , f(xt)) and xt = (xct , x
u
t ). Maximizing L trains hd to recognize source

and target domains, while minimizing L trains f to fool hd, thereby reducing the
divergence between the source and target data.

However, optimizing Eq. (6.1) directly suffers from the label-gap issue in Sec-
tion 6.3.2. To focus on likely positive target samples and train hc simultaneously,
we incorporate hc(x̂t)1 as a weight:

min
hc,f

max
hd

Lwada(hd, f, hc) = Exs∼Ps(Xs)[loghd(xs)1] +
Ext∼Pt(Xt)[hc(x̂t)1 loghd(x̂t)0]

Ext∼Pt(Xt)[hc(x̂t)1]
.

(6.2)

The denominator of the second term prevents the trivial solution hc(x̂t)1 = 0 for all
xt. We call this naive optimization approach weighted adversarial domain adaptation
(WADA). Although intuitive, WADA has the following two limitations:

• WADA does not penalize false negatives on hc; thus hc may assign positive
probability only to a small set of highly confident positives.

• Since the second term in Eq. (6.2) tends to be close to 0 for negative exam-
ples, f will overfit on positive examples, resulting in poor representations for
separating negative target samples.

6.4.3 Predictive Adversarial Domain Adaptation

To address the problems in WADA, we propose predictive adversarial domain adap-
tation (PADA). PADA treats positive and negative examples equally by using an
objective function based on KL divergence for confidence scores, inspired by PAN
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[135]. The empirical objective function of PADA is as follows:

min
hc,f

max
hd

L̂pada(Ds, Dt;hd, f, hc) =
Ns∑
i=1

loghd(xs,i)1 +
Nt∑
i=1

loghd(x̂t,i)0

+λ

( Nt∑
i=1

KL(hd(x̂t,i)||hc(x̂t,i))−
Nt∑
i=1

KL(hd(x̂t,i)||h̃c(x̂t,i))
)
,

(6.3)

where x̂t,i = (xct,i, f(xt,i)), xt,i = (xct,i, x
u
t,i) and h̃c(·) denotes the opposite output of

hc(·), i.e., h̃c(·) = (hc(·)1, hc(·)0).
Cross-entropy terms. Optimizing the first two terms (empirical version of Eq. (6.2))
has the following effects on hd and f :

• hd can distinguish between the source and target data to some extent. All
target data are treated as negative for hd, enabling hd to recognize target
data.

• Since f is trained adversarially against hd, f can transform the whole target
data into the data close to the source data to some extent.

KL-divergence terms. These terms mitigate the label-gap problem arising from
the use of only the first two terms and address the limitations of WADA. Since
the fourth term only symmetrizes the gradient by the third term and improves
performance [135], we focus on the effects of the third term:

• hc is trained to output confidence scores similar to those of hd for transformed
target data. Specifically, hc assigns a high positivity score to target examples
that hd finds difficult to distinguish from source examples (i.e., likely positive
target examples), and a low positivity score to those that are easily distin-
guishable (i.e., likely negative target examples). As a result, hc acquires the
ability to discriminate positive and negative target examples.

• hd aims to discriminate between source examples and positive target examples.
hd is trained to output confidence scores opposite to those of hc. If hc identifies
a likely positive target example, hd attempts to classify it as target (negative).
Conversely, if hc identifies a likely negative target example, hd attempts to
classify it as source (positive). Although the latter effect is undesirable, it is
counteracted by the effect of the second term.
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Algorithm 6: Learning of PADA by stochastic gradient descent
Input: Positive labeled source data Ds = {(xs,i, ys,i = 1)}Ns

i=1, unlabeled
target data Dt = {xt,i}Nt

i=1, number of training steps R, initial
parameters θc, θd, θf of classifier hc, domain discriminator hd, and
feature extractor f

Output: Trained models hc, hd, f
1 for r = 1 to R do
2 Sample mini-batch xs from Ds and xt from Dt // training hd

3 θd ← θd +∇θdL̂pada(xs, xt;hd, f, hc)
4 Sample mini-batch xs from Ds and xt from Dt // training f

5 θf ← θf −∇θf L̂pada(xs, xt;hd, f, hc)

6 Sample mini-batch xt from Dt // training hc

7 θc ← θc −∇θcL̂pada(·, xt;hd, f, hc)

8 return hc, hd, f

• f is trained such that hd produces confidence scores similar to those of hc.
That is, target examples predicted as likely positive (resp. negative) by hc

become indistinguishable (resp. distinguishable) from source examples by hd.
Consequently, f maps positive target data closer to the source data while
keeping negative target data separated, an effect that cannot be achieved by
WADA.

As a result, PADA yields a label-discriminative feature space in the target do-
main and a classifier that performs well on this space. Algorithm 6 summarizes the
learning procedure of PADA using stochastic gradient descent.

Finally, we discuss the role of common features in PADA. Common features
prevent PADA from collapsing into a trivial solution in which hc predicts all target
examples as negative. They help identify target samples that are difficult for hd
to distinguish from source samples, particularly in the early stages of training. In
contrast, PADA cannot collapse into the opposite trivial solution, where hc predicts
all target samples as positive, because hd is explicitly trained to classify target data
as negative by the second term in Eq. (6.3). See the next subsection for a more
explicit use of common features to facilitate the learning of hc.

6.4.4 Soft labeling mechanism to improve PADA

In the early stage of learning PADA, f is not yet reliable, and the features f(xt)
can be noisy, making it difficult for hc to identify likely positives, which leads to
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the unstable learning of hc and f . To mitigate this issue, we guide hc using a base
classifier trained only on common features, which can be obtained stably without
relying on f .

Specifically, we first apply a standard PU learning method to the common fea-
tures of the source and target data. Let hb denote the resulting base classifier, which
takes xct as input and outputs soft class probabilities. If common features are in-
formative, hb can achieve non-trivial accuracy and thus provide useful guidance for
training hc.

We incorporate this guidance by augmenting the PADA objective with a distillation-
style soft-labeling term:

min
hc,f

max
hd

L̂′
pada(Ds, Dt;hd, f, hc) = L̂pada(Ds, Dt;hd, f, hc)

+η

( Nt∑
i=1

KL(hb(x
c
t,i)||hc(x̂t,i))−

Nt∑
i=1

KL(hb(x
c
t,i)||h̃c(x̂t,i))

)
,

(6.4)

where η is a balancing parameter. The added KL terms encourage hc to follow the
soft labels1 of hb as teacher labels when hd and f are not yet learned enough, thereby
stabilizing and accelerating training of hd and f in early iterations.

Once training converges, hc is expected to perform better than hb. Therefore,
we can repeat the soft-labeling procedure by updating the base classifier with the
newly learned model hc. In the first round, hb uses only common features; in later
rounds, the updated base classifier can also leverage the transformed representation
and thus provide stronger guidance until performance saturates.

6.5 Experiments

6.5.1 Experimental Setup

6.5.1.1 Datasets

We reorganized three datasets and used them to evaluate our proposed methods
since no public dataset was directly related to the PU-HUDA setting. Detailed
information about the datasets is presented in Table 6.2.

1Soft labels are usually used in the context of distillation [149], which transfers the knowledge
of large models to small models.
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Table 6.2: Detailed information about the processed datasets, Movielens-Netflix, 20-
Newsgroups, and Default of credit card clients.

Dataset

Number of samples Number of features
Training Testing Domain-specific

Target Source Pos Neg Common Target SourcePos Neg Pos
Movielens-Netflix 6,836 9,164 8,835 55,725 74,816 4 13 20

20-Newsgroups

CR 1,168 1,197 1,768 397 390

500 5,000 5,000

CS 1,168 1,187 1,768 378 406
CT 1,168 842 1,768 391 278
RS 1,192 1,187 1,197 396 396
RT 1,192 842 1,197 412 266
ST 1,187 842 1,186 380 296

Credit card
0.5 3,763 3,763 2,873 753 753

4 13 130.3 3,763 8,780 2,873 732 1,778
0.1 1,594 14,349 2,873 325 2,865

Movielens-Netflix [150, 151]: Movielens and Netflix are two movie datasets that
contain users and their ratings for movies on a scale of [0,5]. To create a classification
dataset using them, we focus on the movie genre rather than the movie title. We
first calculate each user’s average rating for each genre, and the differences between
those and the user’s average rating for all movies are used as features. The genres
common to Movielens and Netflix correspond to common features. We select one
feature from common features and label each user as positive or negative according
to whether the value for the feature is positive or negative, i.e., whether the user
likes the corresponding genre or not. We chose Adventure as the label because the
correlation of Adventure with other features is high, and the ratios of positive and
negative are approximately equal. Since the default proportion of common genres
is large, we randomly chose 4 genres from the 16 common genres and used them as
common features. Half of the remaining common genres were used for Movielens-
specific features and half for Netflix-specific features. We assigned Movielens as the
target and Netflix as the source.

20-Newsgroups [152]: a collection of about 20,000 documents belonging to four
top categories: computer (C), recording (R), science (S), and talk (T), each con-
taining four more subcategories. We create a binary classification task as in DSFT
[66] by selecting two top categories and assigning them positive and negative labels.
Half of the subcategories are used for source and half for target. Each document is
represented by tf-idf features. We use the top 500 most frequent common words in
the source and target domain as common features and the top 5000 frequent specific
words in each domain as domain-specific features.
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Default of credit card clients [153]: a collection of credit card records, including
user demographics, history of payments, bill statements, and previous payments,
with users’ default payments as binary labels. We assign male users as source and
female users as target. User demographics are used as common features, which may
often occur in reality. We use bill statements and half of the history of payments as
source-specific features, and previous payments and half of the history of payments
as target-specific features. We vary the positive ratio of the target data from 0.5 to
0.1 to see the sensitivity of PADA to it.

6.5.1.2 Compared methods

We compare the performances of PADA and PADA with soft-labeling (PADAS)
to the three types of baseline methods in addition to WADA.

The first baseline is to apply existing PU learning methods to only common
features. As existing PU learning methods, we use NaivePU, which treats the
entire target data as negative, nnPU [141], and PAN [135].

The second type of baseline is DIST, which uses not only common features
but also target-specific features2. DIST only uses the soft labeling mechanism of
PADAS, i.e., first gives soft labels to the unlabeled target data using the model
trained by the first baseline and trains a classifier using all the target features and
the soft labels as in usual distillation [149]. As the first baseline, we adopt PAN
because of its high performance.

The last baseline is a direct combination of existing HUDA and PU learning
methods described in Sec. 6.3.2. This baseline first constructs a homogeneous fea-
ture space by existing HUDA methods and next applies PU learning methods to
the source and target data on the constructed homogeneous feature space. As a
PU learning method, we adopt PAN for the same reason as DIST. We use two
HUDA methods as baselines, DSFT [66] and SFER [70]. The linear and non-
linear DSFT are denoted by DSFTl and DSFTnl, respectively. SFER is not used
for 20-Newsgroups because SFER can only be applied to low dimensional features
due to computational cost.

2Note that DIST can not transfer the knowledge of the source-specific features to the target
domain.
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Table 6.3: Performance comparison using accuracy (%) for Movivlens-Netflix dataset.
Four common features were randomly selected five times, which makes 5 experimental
settings.

Settings Methods
NaivePU nnPU PAN DIST DSFTl DSFTnl SFER WADA PADA PADAS

A 59.01 57.89 59.93 62.64 62.34 57.33 57.84 64.40 66.29 66.13
B 58.40 57.55 59.99 62.50 57.09 58.55 60.53 61.49 61.90 63.14
C 63.72 63.10 62.64 65.07 68.35 60.94 57.82 67.90 67.82 68.93
D 62.93 63.26 65.49 66.85 69.17 58.71 62.99 65.52 70.26 69.70
E 62.65 63.10 66.61 66.59 66.34 61.54 57.70 64.60 65.44 66.72

Average 61.34 60.98 62.93 64.73 64.66 59.42 59.38 64.78 66.34 66.92

Table 6.4: Performance comparison using accuracy (%) for 20-Newsgroups dataset. We
selected two top categories and assigned them as positive and negative labels.

Labels Methods
Pos. Neg. NaivePU nnPU PAN DIST DSFTl DSFTnl SFER WADA PADA PADAS

C R 63.79 73.10 80.14 84.88 84.16 83.02 - 78.37 80.43 86.11
C S 57.82 59.91 64.71 64.75 66.07 69.81 - 57.63 65.48 66.54
C T 57.85 73.84 80.67 79.42 80.17 80.47 - 77.18 80.67 83.76
R S 51.43 50.80 50.93 50.13 55.72 51.35 - 53.75 55.81 56.73
R T 57.18 58.21 66.37 66.52 65.44 67.01 - 60.28 66.96 67.21
S T 52.76 54.19 66.47 67.06 65.78 66.17 - 56.14 66.91 71.40
Average 56.80 61.68 68.21 68.79 69.57 69.64 - 63.89 69.38 71.96

6.5.1.3 Implementation details

The binary classifier trained by each method was tested on the target domain.
We split each target data into training, validation, and testing datasets. Each
method was tuned by the validation dataset and tested by the testing dataset. We
implemented each method three times and used average test accuracy as the test
metric. For PADA and WADA, we selected the best learning rate in [0.0001, 0.0005,
0.001, 0.005, 0.01, 0.05, 0.1], λ and η in [0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, 0.1,
0.5, 1]. We repeated the soft-labeling of PADA until the convergence of validation
accuracy. The batch size of PADA was set to 128. For a fair comparison, each
method adopted a linear classifier and a linear discriminator, i.e., logistic regressions.
We also used a linear transformation for a feature transformer.

6.5.2 Results and Analysis

6.5.2.1 Performance comparison

The test accuracy results of all compared methods are reported in Table 6.3, Ta-
ble 6.4, and Table 6.5. We also report AUC for Default of credit card clients because
the positive ratio is changed to small. The best result among compared methods is
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Table 6.5: Performance comparison using accuracy (%) and AUC (%) for Default of
credit card clients dataset. The positive ratio of target data was varied from 0.5 to 0.1.

Positive Test Methods
ratio metric NaivePU nnPU PAN DIST DSFTl DSFTnl SFER WADA PADA PADAS

0.5 Accuracy 54.58 55.47 54.60 57.85 44.42 54.07 49.40 59.88 60.09 63.70
AUC 58.03 58.21 58.76 61.72 37.75 55.93 48.94 65.25 63.02 68.42

0.3 Accuracy 61.29 69.63 62.79 66.02 58.91 65.42 70.57 69.63 65.31 68.53
AUC 58.76 60.09 61.68 66.04 49.33 45.88 58.73 67.79 65.55 68.09

0.1 Accuracy 64.03 83.78 63.32 67.64 62.87 82.59 80.61 69.20 70.73 72.20
AUC 59.46 58.24 61.24 66.74 70.52 68.51 36.85 63.03 65.77 61.93

written in bold.
Movielens-Netflix: Table 6.3 shows the results for Movielens-Netflix and we can

see that PADA and PADAS outperform all the baseline methods in every setting.
Specifically, they improve the first baselines such as PAN using only common features
by about 4% on average and by about 6% in a particular setting, which is an effect of
source-specific and target-specific features. Note that DIST also improves PAN. This
is because the generalization performance is improved by using not only common
features but also target-specific features when performing distillation by the soft
labels given by PAN. Moreover, PADA outperforms DIST, which indicates that they
successfully transfers the source-specific features to the target domain. Compared
to PADA, WADA’s performance is modest, as expected. We can also observe the
positive effect of the soft-labeling by PADAS over PADA. We also note that the
naive HUDA and PU learning combination methods, such as DSFTl, DSFTnl, and
SFER, provide limited performances. Unlike DSFT, which does nothing for common
features, SFER, which transforms all features, does not work at all. This fact is
consistent with the difficulty of these methods described in Sec. 6.3.1. See Sec. 6.5.3
for verification of the effectiveness of PADA by observing the distribution divergence
between the positive (or negative) target and source data in the transformed feature
space.

20-Newsgroups: The results for 20-Newsgroups are presented in Table 6.4. In
this dataset, we can observe the positive effect of DSFT. In the setting C-S, for
example, DSFTnl improves PAN by 5%. Overall, however, its improvement over
PAN is modest. Although the improvement of PADA over PAN is also modest, the
soft-labeling of PADAS is considerably effective in this dataset, outperforming the
baseline methods in almost all settings. We note that at most three iterations of
soft labeling in PADAS were sufficient. We finally mention that WADA does not
work well at all in this dataset.

Default of credit card clients: Table 6.5 shows the results for Default of credit
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Figure 6.4: Effect of the number of selected common features for Movielens-Netflix

card clients. When the positive ratio is 0.5, we can see that PADAS is the best
method in terms of both accuracy and AUC. When the positive ratio is 0.3, WADA
outperforms PADA although PADAS also shows almost equivalent performance to
WADA. Note that the accuracy of SFER is high, its AUC is low, which means it
predicts most of the data as negative. In the case of 0.1 positive ratio, PADA and
PADAS also show the improvements over most of the baselines. However, DSFTnl

is better than them. As a result, DSFT may be effective in particular datasets and
settings, but its effective range is very limited.

6.5.2.2 Analysis on the number of common features

Using the Movielens-Netflix dataset, we further investigate the effect of the num-
ber of common features on our proposed methods and several baseline methods,
including PAN, DIST, DSFT, and SFER. Figure 6.4 shows the test accuracy when
varying the number of selected common features from 2 to 16 (all genres common
to Movielens and Netflix). We can see that the performance of each method de-
grades as the number of common features decreases, but PADAS shows the least
degradation. Conversely, the greater the number of common features, the smaller
the performance difference between all methods except SFER. This is because as
the number of common features increases, the number of target-specific features
decreases, i.e., the target-specific features lose their usefulness. SFER, a naive com-
bination of HUDA and PU learning is not valid regardless of the number of common
features, which means that the homogeneous feature spaces obtained by it lose or
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inhibit the usefulness of common features.

6.5.3 Adaptation analysis of PADA

In this section, we experimentally confirm that PADA transforms the positive target
data into data close to the source data while keeping the negative target data away
from the source data using the Movielens-Netflix dataset.

We compare PADA with three baselines: (1) Common, which uses only the raw
common features of the source and target data, (2) DSFT, a naive combination of
HUDA and PU learning methods, and (3) WADA. To see the distribution distance
between the source data and the positive (resp. negative) target data in the resulting
feature space, we define a metric Accd(s, tp) (resp. Accd(s, tn)), the test accuracy
of discrimination by a test discriminator that discriminates the source data and
the positive (resp. negative) target data. The test discriminator is trained on the
resulting feature space after finishing the learning of each method or only on the
common feature space for Common. Note that the test discriminator is different
from the discriminator trained for PADA and WADA. The true labels of the target
data are used to train the test discriminator. If Accd(s, tp) (resp. Accd(s, tn)) is
close to 0.5, the distribution divergence between the source data and the positive
(resp. negative) target data is considered small. Therefore, small Accd(s, tp) and
large Accd(s, tn) are desirable in PU-HUDA.

The results are presented in Table 6.6. As expected, we can see that Accd(s, tp)
of PADA is smaller than those of the other methods, while Accd(s, tn) of PADA is
larger than it. This means that the positive target data are transformed into data
close to the source data while keeping the distance between the negative target data
and the source data. Accd(s, tp) of Common is smaller than that of PADA, but
Accd(s, tn) of Common is also small. As a result, the accuracy of the existing PU
learning methods using only common features is low. Even for DSFT, the difference
between Accd(s, tp) and Accd(s, tn) is small, which is consistent with the problem
of the naive combination approaches described in Sec. 6.3.2. We also note that
although the difference between Accd(s, tp) and Accd(s, tn) of WADA is large, its
Accd(s, tp) is also large. Thus, if WADA is trained to make Accd(s, tp) smaller,
Accd(s, tn) is expected to be even closer to Accd(s, tp), which is an undesirable result
as described in Sec. 6.4.2.
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Table 6.6: The average test accuracy (%) of the test discriminator for each method using
Mevielens-Netflix.

Method Accuracy of method Accuracy of discrimination
Accd(s, tp) Accd(s, tn)

Common 62.93 54.79 55.79
DSFT 64.73 72.59 76.58
WADA 64.78 70.73 77.12
PADA 66.34 61.08 66.02

6.6 Summary

We defined a new heterogeneous domain adaptation task where only positive exam-
ples are available in the source domain. To overcome the gap in label distribution
between the source and target data, we proposed a novel method that integrates
the feature alignment and PU learning in a unified adversarial training framework.
Moreover, we experimentally showed that our proposed method outperformed sev-
eral baseline methods.

Finally, it should be mentioned that this chapter does not take into account
the divergence between the distributions of the source common features and tar-
get common features. It is a future work to reduce the divergence between the
source common features and target common features (if there is any divergence)
and increase the performance of our proposed method.
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Chapter 7

Conclusion and Future Direction

7.1 Conclusion

This thesis provided a systematic investigation of data heterogeneity in collaborative
learning, a setting in which multiple parties jointly train machine learning models
through either direct data aggregation or privacy-preserving distributed training.
While collaborative learning aims to exploit the collective knowledge of multiple data
holders, its effectiveness is fundamentally limited by heterogeneity in the underlying
data distributions and observable information across parties. The research presented
in this thesis addressed these challenges by designing practical algorithms that enable
robust collaboration under realistic and diverse constraints.

We categorized heterogeneity into two primary types, distribution heterogene-
ity and observation heterogeneity, and explored their implications across various
collaborative learning frameworks. Through four complementary studies, this thesis
demonstrated how these forms of heterogeneity arise in practice and how algorithmic
design can mitigate their negative impact. Specifically, we developed a personalized
federated learning method for label-shift scenarios through a multi-branch architec-
ture (Chapter 3), a federated learning approach that integrates common and party-
specific networks to handle feature-space heterogeneity (Chapter 4), a federated
adaptation framework combining pseudo-label refinement and privacy-preserving
domain-aware aggregation for unlabeled heterogeneous domains (Chapter 5), and a
domain adaptation method that integrates heterogeneous feature spaces and positive
–unlabeled learning in a centrally aggregated yet highly heterogeneous environment
(Chapter 6).

An important implication of the methods in Chapters 3 to 5 is that collaboration
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among parties with similar data distributions can be interpreted as approximately
performing FedAvg within subsets of such parties. As a result, the scaling behavior
with respect to total data size, discussed in Section 2.2, can still hold approximately
within these subsets. From this perspective, increasing the number of participating
parties with similar distributions improves performance and alleviates data scarcity
at individual parties. On the other hand, the method proposed in Chapter 6 ad-
dresses a substantially more severe and composite form of heterogeneity, enabling
effective model learning in scenarios where training a reliable model would be infea-
sible for a single party in isolation.

Collectively, these contributions form a cohesive understanding of heterogeneous
collaborative learning and demonstrate that effective collaboration is achievable even
when parties differ in data distributions, feature observability, and label availability.
By advancing algorithms tailored to practical constraints, this thesis opens new
opportunities for data collaboration across organizations, industries, and domains
where heterogeneity has traditionally been a barrier to joint learning.

7.2 Future Direction

While this thesis provides a systematic examination of heterogeneous collaborative
learning and proposes practical algorithms for diverse scenarios, several promising
directions remain open for future research.

1. Theoretical analysis of heterogeneous collaborative learning.
A deeper theoretical understanding of how heterogeneity affects learning per-
formance is still lacking. In particular, the relationship between the degree
of heterogeneity and generalization error remains unclear under observation
heterogeneity, where parties differ in feature spaces or label availability. In
federated learning, heterogeneity also impacts optimization behavior, mak-
ing convergence analysis under realistic settings an important open problem.
Establishing such theoretical foundations would clarify when collaboration is
beneficial and guide the design of more principled algorithms.

2. Privacy guarantees under data heterogeneity.
Practical collaborative learning often requires strong privacy guarantees. Since
the methods proposed in this thesis follow the standard FL workflow, they can
in principle be combined with existing privacy-preserving techniques, such as
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differential privacy and cryptographic methods, to further mitigate informa-
tion leakage through model parameters. However, the optimal integration
of such privacy mechanisms under data heterogeneity remains largely unex-
plored. For example, the interaction between the amount of noise required
for differential privacy, data heterogeneity, and learning performance is un-
clear. Ensuring satisfactory performance under heterogeneity while satisfying
privacy constraints is critical for real-world adoption.

3. Robustness to dynamic and evolving distributions.
Real-world collaborative environments often experience temporal drift in data
distributions, with parties joining, leaving, or updating their data collection
pipelines. Extending collaborative learning methods to adapt to dynamically
changing heterogeneity, while maintaining stability and efficiency, remains an
essential direction for practical deployment.

4. Practical deployment and cross-industry applications.
Building on the realistic scenarios studied in this thesis, further efforts may ex-
amine full end-to-end deployment pipelines, including automated data prepro-
cessing, communication-efficient protocols, model selection under heterogene-
ity, and real-world evaluation. Such work may accelerate practical adoption in
domains such as finance, healthcare, and manufacturing, where heterogeneous
collaboration is both valuable and challenging.

Pursuing these directions will deepen both the theoretical and practical foun-
dations of heterogeneous collaborative learning, ultimately broadening the range of
applications where multi-party collaboration becomes feasible and beneficial.
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