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Abstract

Die Kombination von Federated Learning (FL) und Multi-Task Learning (MTL) wurde für
verschiedene Arten von heterogenen Clients angewendet. Einflussreiche Ansätze behandel-
ten hierbei oftmals jeden Client als Task, was den Begri↵ Federated Multi-Task Learning
(FMTL) ins Leben rief. Jedoch haben sich die meisten Ansätze auf das non-IDD Problem
fokussiert, was dazu führte, dass Clients ähnliche Task Typen bearbeiteten (z.B. wenn
alle Clients Bilderkennung betreiben), obwohl sie als einzelne Tasks im FMTL Kontext
modelliert sind. Aktuelle Forschung hat sich diesem Thema in der Form von Heterogenous
FMTL angenommen. Diese Studien haben sich jedoch mehrheitlich auf Centralized FMTL
fokussiert, wo ein zentraler Server die Federation leitet. Dies ö↵net eine Forschungslücke
für Heterogeneous Decentralized FMTL, welches ohne eine zentrale Autorität auskommt.
Diese Arbeit will diese Lücke adressieren und beginnt mit einer Bestandsaufnahme der
existierenden Literatur in den Bereichen Centralized und Decentralized FMTL. Anschlies-
send entwickelt die Arbeit ein Framework, welches fähig ist, heterogene Clients in einem
dezentralisierten federalisierten Umfeld zu adressieren. Dafür lässt sich die Arbeit von
MTL inspirieren und teilt die Modelle in private und aggregierbare Layer ein. Ähnliche
Clients werden in Gruppen zusammengefasst, welche einen Gruppenführer stellen. Dieser
führt konfliktvermeidende gruppenübergreifende Aggregationen durch. Die Arbeit simu-
liert zahlreiche Federationen, welche zeigen, dass das entwickelte Framework fähig ist, die
verglichenen Aggregationsweisen in einem föderierten Umfeld mit Klassenlabel Heteroge-
nität und Task Heterogenität zu übertre↵en.
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The combination of Federated Learning (FL) and Multi-Task Learning (MTL) has been
applied to address various client heterogeneity challenges. To do this, influential ap-
proaches often treated clients as separate tasks, giving rise to Federated Multi-Task Learn-
ing (FMTL). However, much of the research has predominantly focused on addressing the
non-IID problem, leading to clients solving similar task types (e.g. all clients are perform-
ing image classification), even when modelled as distinct tasks in an FMTL framework.
Recent research has investigated this issue in the form of Heterogeneous FMTL. But these
studies primarily concentrated on Centralized FMTL, where a central server oversees the
federation. This leaves a gap for Heterogeneous Decentralized FMTL, where no central
authority exists. The thesis sets out to address this gap by examining existing literature in
the realm of Centralized and Decentralized FMTL. It then develops a framework capable
of addressing clients with heterogeneous tasks in a decentralized federated environment.
It does this by taking inspiration from MTL directly and splitting the models into pri-
vate and aggregated layers. Similar clients form groups, with a group leader performing
a conflict-averse cross-group aggregation. By simulating various federations, the thesis
found that the framework is capable of outperforming the compared aggregation schemes
in federated settings with class label and task heterogeneity.
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Chapter 1

Introduction

Federated Learning (FL) has gathered a lot of research interest in the last few years. The
aim of FL is to train Machine Learning (ML) models on a set of clients, by sporadically
exchanging model updates with each other via a central server [1]. Since this approach does
not require the exchange of raw data samples, it is a viable strategy when privacy and data
protection is key, such as in the field of medicine [2]–[5]. Decentralized Federated Learning
(DFL) takes this a step further and foregoes the central server completely, building a
decentralized federated environment and removing a potential single point of failure [6].

One way to approach this setting is by taking inspiration from Multi-Task Learning
(MTL). The general idea of MTL is to train on di↵erent but somewhat related tasks
simultaneously, while using sophisticated mechanisms to let tasks influence each other [7].
The aim is, that the presence of related tasks positively impacts the model performance
[8], by leading to better generalization, less over-fitting and addressing the data sparsity
problem [9]. While MTL is usually conducted on one machine, it can be extended into
a federated environment. [10] developed one of the first and most influential studies to
use MTL techniques in FL, and popularized the term Federated Multi-Task Learning
(FMTL). They considered each client of the federation to be its own task, essentially
making FMTL a sub problem of Personalized Federated Learning (PFL) [11]. Since then
various studies have been conducted on Centralized FMTL (CFMTL) and more recently
Decentralized FMTL (DFMTL).

1.1 Motivation

Most existing research in CFMTL and DFMTL aims to tackle the issue of training data
that is non-independently and non-identically distributed (Non-IID) among clients, a
well-known challenge in FL [12]. Examples of non-IID data in FL include attribute skew
(di↵erences in feature distribution), label skew (di↵erences in label distribution), and tem-
poral skew (time-based distribution changes), each posing distinct challenges for model
training across clients [13]. However, most studies fail to consider more profound hetero-
geneous clients [14]. For instance, it is usually required that every client is aware of all
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2 CHAPTER 1. INTRODUCTION

potential class labels even in non-IID settings. However, in non-IID settings, clients might
not encounter all potential class labels in their data. This is especially true if a client has
no interest in learning to predict certain types of labels. Additionally, sharing class labels
amongst clients might add to the myriad of potential privacy risks [15]. This problem
can potentially be severe, as it can lead to a client joining a federation with a model that
holds a di↵erent amount of output features. In this scenario, techniques like federated
averaging [16] will fail, as they usually require model homogeneity [17]. By extending this
thought, one can see that clients might not only di↵er in their class labels, but in their
tasks overall [11]. One client might solve an image classification problem, while another
is focused on point detection. This, again, leads to potentially di↵erent models and adds
complexity. In addition, a major problem in such a setting is that di↵erent tasks result in
di↵erent model parameters, leading to the problem of conflicting and dominant gradients
[18]. While FMTL, by its name, implies that it deals with such heterogeneous tasks, most
FMTL research is still focused on conventional non-IID problems. That is also true for
the paper [10], which is one of the most influential in this field. While [10] considered
each client to be their own task, their goal was still to address non-IDD problems and not
heterogeneous task objectives between clients. As such, it is crucial that research in the
field of FMTL considers such heterogeneous clients, making it more aligned with the gen-
eral idea of MTL. Some solutions for dealing with very Heterogeneous clients have been
proposed [11], [14], [19], but they seem to focus on heterogeneous CFMTL (HCFMTL).
This leaves a gap for Heterogeneous DFMTL (HDFMTL).

1.2 Description of Work

To investigate HDFMTL the thesis establishes various definitions that guide an in-depth
literature review. The focus of the literature review is to explore existing research in
CFMTL, DFMTL as well as in HCFMTL and HDFMTL. Based on this, a framework is
proposed to address these heterogeneity concerns in a DFMTL environment. The frame-
work divides the clients into di↵erent groups, based on what tasks the clients solve. After
a predefined amount of epochs, the clients exchange their backbones (i.e. non priva-
tized layers) within the task group and perform federated averaging on their backbones,
a technique discussed by [20]. Afterwards, the leader of such a task group exchanges the
averaged backbone with leaders of other task groups, and performs a simplified version of
the hyper conflict-averse aggregation scheme, proposed by FedHCA2 [11]. This allows to
minimize impacts of conflicting and dominating gradients. The thesis describes various
experiments which it ran on two di↵erent datasets. The CIFAR-10 dataset [21] is used to
study heterogeneous class labels, while the CelebA dataset [22] is utilized to model a het-
erogeneous task settings. Before comparing the proposed framework to other aggregation
schemes, the thesis discusses two preliminary experiments which it conducted. First, it
analyzes the impact of aggregation round frequency on the proposed framework and finds
that more frequent aggregations improve model performance. Second, it explores various
levels of layer privatization and discovers that keeping most layers shared is advantageous
in the class label heterogeneity setup. In contrast, increasing the number of privatized
layers slightly improves performance in task heterogeneity scenarios. Finally, the thesis
compares the proposed framework with other aggregation schemes, demonstrating that it
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outperforms them in both the modeled class label and task heterogeneity scenarios.

The main contributions can be summarized as follows: It presents a detailed literature
review of current FMTL and DFMTL research with a focus on heterogeneous clients. It
develops and implements a framework to handle clients with heterogeneous class labels and
tasks. Finally, it evaluates the framework by analyzing the e↵ects of aggregation round
frequency, layer privatization and compares its performance against other aggregation
schemes.

1.2.1 Availability of Source Code and Trained Models

The source code as well as all trained models and corresponding figures are publicly
available under the following two links:

Code Repository:
https://github.com/nicolas1a2b/asfdfmtl

Models and Figures:
https://drive.google.com/drive/folders/1Au6neZziuD0q4_pd3T8qO6-kMceEvVpK?usp=sharing

Please note that the availability of the code and trained models associated with this thesis
cannot be guaranteed indefinitely.

1.3 Thesis Outline

The thesis is structured into various chapters. Chapter 2 builds a theoretical basis by
covering MTL, FL and the combination of the two in FMTL. This is followed by the
literature review in Chapter 3, that studies CFMTL, DFMTL and HCFMTL. It also out-
lines the research gap, that is HDFMTL. Afterwards, Chapter 4 describes the developed
framework, for which the implementation is described in Chapter 5. Chapter 6 introduces
the conducted experiments evaluates the framework and summarizes its main findings.
It also lists challenges faced and how they were addressed. Finally, the last Chapter 7,
provides a concise summary of its contributions, highlights its limitations, and suggests
potential areas for future research.
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Chapter 2

Background

Developing a solution for DFMTL requires a profound understanding of both MTL and
FL. As such, this chapter focuses on providing an introduction into these two distinct
topics. Finally the concepts will be brought together to establish a definition of DFMTL.

2.1 Multi-Task Learning

MTL is an emerging and already extensive sub-field of ML, in which the main goal is
to train a model on multiple tasks simultaneously. This is in contrast to ”standard”
single-task ML, where a model is trained to perform well on one specific task. As such,
a major benefit of MTL is its capability to leverage data and information from related
tasks, which might be beneficial to the model’s overall performance [8]. This makes MTL
a great solution to the data sparsity problem and can lead to better generalization and
lower overfitting [9].

In MTL, one can distinguish between conventional MTL and heterogeneous MTL. Con-
ventional MTL generally involves tasks of the same nature, such as all being classification
or regression tasks, which enables e↵ective shared feature learning [23]. In contrast, het-
erogeneous MTL deals with a mix of task types, like classification, detection and regression
tasks trained simultaneously, adding complexity to the shared representation learning [23],
[24].

Research in the area of MTL is extensive, with new techniques and architectures constantly
emerging. This inspired recent surveys to develop taxonomies to capture the wide range
of techniques in MTL. [25] distinguished between architectures belonging to the fields of
computer vision, natural language processing, reinforcement learning as well as some more
unique architectures that can be learnable, conditional or belong to multiple modalities.
[26] distinguished between encoder and decoder focused MTL, where encoder focused MTL
is sharing information on the encoder level, while decoder-focused MTL extends this to
the decoder level. The survey of [18], seems to be the most recent one and provides a
very in-depth and comprehensive review of MTL, covering the traditional, deep learning
and foundational eras. [18] covered similar topics as [25]. They group the existing MTL

5



6 CHAPTER 2. BACKGROUND

methods into regularization, relationship learning, feature propagation, optimization and
pre-training.

These surveys are used heavily throughout this section to provide a general overview of the
MTL field. To do this, the section is grouped into three subsections. The first elaborates
on optimization and its challenges in the context of MTL. The second covers general
approaches and MTL architectures. Lastly, the third describes how relationships between
tasks can be leveraged, for instance by grouping tasks together. It is important to note
that, this background section does not aim to provide an all encompassing overview of
MTL. Instead, it focuses on introducing the concepts required to follow the later chapters.
For an in-depth review of MTL, the two surveys provide a good read [18], [25].

2.1.1 Optimization in MTL

In ML, the derivative (gradient) of the loss function, with respect to the model parameters,
is used to update the model parameters in a direction that minimizes the loss. The general
update rule of the model parameters with respect to the loss and learning rate is given in
equation 2.1.

W  W � ⌘rL(W ) (2.1)

This fundamental technique is also applied in MTL. However, MTL aims to train models
on multiple tasks simultaneously, necessitating the combination of individual task-specific
loss functions into a single aggregated loss function. This results in a problem, that can
be framed as a weighted linear combination of loss functions of di↵erent tasks [18]. This
is shown in equation 2.2.

min
W

Ltotal(W ) =
TX

t=1

↵(t)L(t)(W ) (2.2)

Here, ↵(t) represents the task weights (i.e. preferences), W represents the model param-
eters and L(t) represents the loss functions. However, choosing the correct ↵(t) poses a
great challenge, especially when considering dominant and conflicting gradients. These
issues cause negative transfer, a situation, in which training multiple tasks together ad-
versely a↵ects the learning process, rather than improving it [25]. [18] provided a great
overview of the problem, which is visualized in Figure 2.1. They state that the dominating
gradient issue occurs, when the gradients of certain task losses have significantly larger
norms than others, causing the update direction to be biased towards these tasks with
larger gradients. In contrast, the conflicting gradients issue arises, when progress in one
task degrades the performance of another task. Prominent solutions to these problems
are loss weighting techniques and direct the modulation/correction of gradients [18], [25].
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Figure 2.1: Dominant and Conflicting Gradients. Illustration by [18]

Loss Weighting

As hinted, loss weighting is one potential solution to the problem of conflicting and dom-
inating gradients. While both surveys [25] and [18], discussed loss weighting, [18] focused
specifically on addressing dominating and conflicting gradients. To provide a general idea
of how loss weighting can be used to address these problems, the thesis picked three
examples:

The most well known approach is GradNorm [27]. It ensures that each task’s gradients
have the appropriate magnitude by averaging the gradient norm of a task and its relative
learning progress [18]. Contrary to this, DWA [28] focuses on applying weighting by
learning speed [25]. It adjusts task loss weights dynamically based on the relative training
speed of each task, assigning higher weights to tasks that are learning slower, to ensure
balanced training progress. Lastly, identified by [25] and [18], uncertainty weighting [29]
aims to model the network probabilistically and tries to create a loss function, that gives
more weight to tasks with less uncertainty.

Gradient Modification

Compared to loss weighting, one can also directly modify the gradients. Similar to the
research of [25] and [18], the thesis distinguishes between three main modification tech-
niques: Adversarial gradient modulation, gradient replacement and gradient correction.

Adversarial gradient modulation aims to align the gradients of related tasks in MTL by
using an adversarial loss term [25]. This term encourages the gradients from di↵erent tasks
to be similar. However, [25] stated that, while the idea makes sense, there are questions
about its theoretical basis. Gradients of related tasks may not always need to be similar,
and they can change during training.

Gradient Replacement focuses on replacing conflicting with non-conflicting gradients. An
example mentioned by [25] is gradient episodic memory [30]. In that technique the task’s
gradient is replaced, if it conflicts with previously learned tasks by solving a quadratic
optimization problem to find a non-conflicting gradient. Another example was proposed in
the framework PCGrad [31]. There, conflicting gradients are projected into the orthogonal
subspace to mitigate conflicts, ensuring that the new gradient direction does not conflict
with other task gradients.
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Gradient correction, as defined by [18], is a technique that modifies the existing gradients
to reduce conflicts, without replacing them entirely. Based on the research of [25] and
[18], a few examples that apply this technique can be mentioned: GradDrop [32]: Focuses
on the signs of gradients and uses probabilistic masking to retain only gradients with
consistent signs. CAGrad [33]: Solves an optimization problem to find a new gradient
direction that minimizes conflicts while staying close to the original total gradient. Recon
[34]: Analyzes gradients layer-wise to identify and adjust parameters that may cause
conflicts, converting certain parameters to task-specific ones if necessary.

2.1.2 Modelling MTL

To better give an idea of how an MTL framework looks, the thesis will provide an overview
of some common techniques to approach and model a MTL problem. While historically,
MTL has been divided into hard and soft parameter sharing [8], these days more elaborate
techniques exist. This motivated recent surveys, such as [25], [18] and [26] to investigate
the broader field of MTL. As such, the thesis first introduces hard and soft parameter
sharing, followed by some additional important techniques, discussed by the aforemen-
tioned surveys. It is worth noting that overlaps between these techniques can exist. An
overview of these concepts can be found in Table 2.1.

Table 2.1: Architectural MTL Concepts, Based on [25] and [18]
Concept Description
Hard Parameter Sharing Using a common backbone to extract features for mul-

tiple tasks.
Soft Parameter Sharing Regularizing separate networks to ensure parameter sim-

ilarity.
Cross-Talk Feeding the output of a network’s layer directly into par-

allel layers of other networks during training.
Cascading Modeling tasks hierarchies, where the output of one

model is fed into a subsequent model.
Knowledge Distillation Training a smaller model to replicate a larger model’s

behavior for similar performance with fewer resources
by either employing feature-level distillation or response-
level distillation.

Hard Parameter Sharing

Probably the most intuitive approach is hard parameter sharing. In it, the network is
divided into shared layers and task specific heads. As such, the initial model parame-
ters are shared for multiple tasks, with each task keeping a model specific head. This
approach has also been called ”Shared Trunk” [25]. Given the general idea of a shared
feature extractor followed by task specific heads, it can be seen as encoder-focused [26].
[25] listed several examples for this approach in the realm of image processing, such as
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Figure 2.2: Depiction of Hard and Soft Parameter Sharing Inspired by [8]

the Tasks-Constrained Deep Convolutional Network [35], which was used for facial land-
mark detection. Multi-task Network Cascades [36], are seen as a variation of the shared
trunk approach, where the output of each task-specific branch is fed into the input of the
subsequent task-specific branch, creating the ”cascade”. This cascading will be discussed
in a bit more detail in one of the following subsections. Multi-gate Mixture-of-Experts
[37] is another architectural variation mentioned. In it, the network has multiple shared
trunks, with each task-specific output head receiving inputs as a weighted combination of
outputs from these trunks. A depiction of hard parameter sharing can be seen in Figure
2.2.

Soft Parameter Sharing

Another well known technique is soft parameter sharing. Here each task has its own
model parameters. Knowledge is shared by regularizing models, so that the parameters
are similar. As such, regularization is an important concept, especially in soft parameter
sharing [25]. It encourages similarity by adding a penalisation term to the training ob-
jective that minimizes the distance between the parameters of di↵erent task models. [18]
provided an in-depth summary of existing regularization techniques. [8] and [26] provided
a great overview of how soft and hard parameter sharing di↵er. Soft parameter sharing,
is depicted in Figure 2.2.

Cross-Talk

Cross-talk, as defined by [25], seems more related to soft parameter sharing. Similar to soft
parameter sharing, cross-talk involves having distinct networks for each task. However,
while in traditional soft parameter sharing the link between the networks is usually based
on regularization, cross-talk is more intertwined, as outputs from one layer can be fed to
the parallel layers directly during training [25]. This technique was hinted at by [18] as
well, but, they refer to it as feature fusion, which covers a broader spectrum of approaches.
Regardless, both, [25] and [18], listed the Cross Stitch Network [38], the Sluice Network
[39] and the Neural Discriminative Dimensionality Reduction CNN [40] as examples.
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Cascading

Compared to the previously introduced approaches cascading has the potential to take
task hierarchies into account [25]. Cascading is especially beneficial in NLP, as tasks can
be cascaded based on their hierarchy [25]. For instance, one can first conduct part of
speech tagging, followed by a question answering system. [18] identified the following
examples: Multi-task Network Cascades [36], Joint Many-Task Model [41], Deep Cascade
Multi-Task Learning [42] and Hierarchical Multi-Task Learning [43].

Knowledge Distillation

Lastly, an important technique that warrants some close inspection is knowledge distil-
lation. In MTL, knowledge distillation is a technique, where a teacher model guides a
student model by transferring meaningful knowledge, such as soft labels. It involves first
training the teacher model on multiple tasks to become an expert, and then training the
student model to replicate the teacher’s behavior [25]. [18] distinguished between two dif-
ferent levels of knowledge distillation in MTL: Feature level distillation and response-level
distillation.

Feature-level distillation involves transferring knowledge from task-specific networks to a
multi-task network by aligning and integrating their features. This technique leverages
the specialized capabilities of individual networks to enhance the performance of a unified
model, capable of handling multiple tasks. Two notable methods in this context are
KD4MTL [44] and OKD-MTL [45]. For instance, in KD4MTL [44], task-specific networks
are trained o✏ine, meaning each network is trained independently on its respective task.
That means that separate networks might be trained for image classification and object
detection. Once these task-specific networks are trained, their learned features are used to
train a multi-task network. During the training of the multi-task network, a loss function
is employed to minimize the distance between the features generated by the task-specific
networks and those from the multi-task network.

In response-level distillation, approaches such as MuST [46] train specialized teacher mod-
els for specific tasks and transfer their knowledge to a general-purpose student model
through pseudo-labeling. Pseudo-labeling is a technique where a model trained on a la-
beled dataset is used to generate labels for an unlabeled dataset. These generated labels,
known as pseudo-labels, are then used to train the model further, as if they were true
labels.

2.1.3 Leveraging Task Relationships

Having discussed how an MTL problem can be modelled, it is also important to consider
how relationships between tasks can be leveraged to aid MTL. This is sometimes also
referred to as representation learning, where the goal is to develop a representation of
task relationships. This involves clustering tasks based on their similarity and using these
learned relationships to enhance the learning process [18], [25].
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[25] investigated multiple methods that group tasks based on whether negative transfer is
likely to occur or not. In simpler terms, that means that similar tasks are grouped together
while very di↵erent tasks are trained separately. [18] also investigates task grouping and
divides them into horizontal cluster and hierarchical trees. Works listed by [25] include
[47]–[51].

[47] and [48] explored task grouping in natural language processing, showing that auxil-
iary tasks with high entropy label distributions improved main task performance. Later,
[49] continued this research and found consistent improvement in computer vision tasks.
Another approach is selective sharing [50]. It addresses task grouping by clustering tasks
based on gradient similarity during training. Lastly, [51] provided an empirical study on
grouping.

Another way to group tasks is by making use of graph based methods. These methods
are widely used in data mining and ML due to their ability to e↵ectively represent objects
and their interactions [18]. Graph neural networks are able to model relationships among
nodes within graphs, by treating tasks as nodes and relationships between tasks as edges.
[18] mentioned MultiKernel [52] as an example. It applies MTL to a series of classification
tasks with predefined hierarchical relations, typical in biological problems. It constructs
a tree reflecting these relations, with tasks as leaf nodes and their biological domains as
non-leaf nodes. A more recent example is ML-GCN [53]. This graph convolutional model
is designed for multi-label image recognition. It achieves this by training a CNN for
image representations and a graph convolutional network for label representations, which
are then combined to make multi-label predictions.

2.2 Federated Learning

ML usually requires a lot of centrally located data. However, data is not always stored
at one entity. It might be spread across multiple organisations, each with their own
application and privacy concerns. [54] refered to this phenomena as ”data islands”. Data
between such islands can not be shared, due to various regulations such as the European
general data protection regulation (GDRP) [55]. A common example to illustrate this
problem and motivate the use of federated learning can be found in the medical field
[2]–[5].

Medical institutions might want to employ ML to conduct medical imaging. However, the
performance of such ML models will be limited by the amount of available patient data
one institution holds. This data is especially limited, as sharing such highly sensitive data
among institutions can be in violation with privacy and data protection regulations, like
the previously mentioned GDPR [55]. FL has emerged as a solution to this problem and
gained a lot of research interest. FL describes a paradigm that enables multiple nodes to
train one or many models, while keeping their training data local and private [56]. Given
this definition, organizations can leverage the knowledge of other institutions to further
improve their own models. However, one has to define how these nodes are connected,
how they communicate, how they propagate model updates across the federation, and how
they combine information. There exist two main networking approaches to build such a
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federation, centralized and decentralized [6]. Centralized and decentralized federations
usually apply techniques like regularization, model aggregation or a combination of the
two [57].

2.2.1 Centralized vs Decentralized FL

As mentioned, FL can be distinguished into two main approaches: Centralized FL (CFL)
and Decentalized FL (DFL). In CFL, a central server manages communication, coordina-
tion, and aggregation for all clients [58]. Clients train on local data and send their model
parameters to the server, which aggregates them into a global model and passes it back
to the clients, which apply it [59]. While CFL requires a central server to collect and
aggregate parameters of the local models, DFL pushes the aggregation step towards the
nodes themselves [60]. As such, DFL does not require a central server. In fact, in DFL
the clients manage communications with other nodes and parameter aggregation indepen-
dently, resulting in a fully autonomous network [6]. Some frameworks fall between the
two approaches and are sometimes referred to as Semi-DFL. In Semi-DFL architectures,
the server role periodically changes from one client to another, based on some predefined
criteria [6]. Figure 2.3 created by [6] depicts these three di↵erent architectures.

CFL comes with certain limitations like single points of failure [61], trust dependencies,
and server bottlenecks [6]. DFL addresses these limitations. It improves fault tolerance,
distributes trust among federation nodes, reduces single points of attacks and mitigates
bottlenecks by distributing communication and workload evenly across nodes [6]. Addi-
tionally, DFL enables self-scaling federations, e�cient resource utilization, and prevents
congestion, making it more adaptable and resilient than CFL [6].

However, DFL also has some apparent drawbacks. For one, DFL may experience increased
communication overhead, which requires optimizing communication protocols, client se-
lection, and trust mechanisms [6]. The lack of proper management via a central server also
introduces challenges and can lead to the confusion of clients [58]. Lastly, proper client
selection seems especially important, given that DFL faces an increased risk exposure
to potentially malicious nodes, caused by the lack of a central regulatory authority [58].
These malicious clients might harm the federation by mounting model inversion attacks,
allowing the reconstruction of private data [59].

2.2.2 Aggregation and Regularization

While there are many di↵erent techniques on how information in a federated setting can
be leveraged, two are very often used: Aggregation and regularization. Aggregation com-
bines model updates from multiple clients to create an aggregated model [57]. It involves
techniques like federated averaging (e.g. FedAvg [16]), which averages the complete model
and FedPer [20], which only aggregates part of a model. More advanced techniques in-
clude weighted averaging and attentive aggregation [57]. Compared to this, regularization
techniques add constraints to either local client objectives or aggregation formulas [57].
Notable examples include FedProx [62], which introduces proximal terms to regularize
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Figure 2.3: CFL, DFL and Semi-DFL as Depicted by [6]

local training and FedU [63], which uses laplacian regularization. Aggregation and regu-
larization are not exclusive, meaning that some studies combine the two techniques. It is
important to keep these terms in mind, as they will be often referenced in the literature
review, in combination with additional examples.

2.2.3 Heterogeneous Clients

Clients within a federated setting can be similar, but do not have to be. As such, hetero-
geneous clients pose a major challenge in FL [58]. Many research papers have discussed
such heterogeneous clients, with [64] being one of the most holistic reviews. According
to [64], there exist five main sources of heterogeneity: Data heterogeneity, model hetero-
geneity, task heterogeneity, communication heterogeneity and device heterogeneity. Table
2.2 depicts these types.

Table 2.2: Heterogeneous Clients as Identified by [64]
Heterogeneity Type Description
Data Heterogeneity Di↵erences in distribution, label, feature, quantity,

and quality skews
Model Heterogeneity Variations in model architecture and optimization al-

gorithms
Task Heterogeneity Di↵erences in objectives or tasks
Communication Heterogeneity Discrepancies in network bandwidth, latency, and

connection stability
Device Heterogeneity Variability in computing power, storage, and energy

supply
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Data Heterogeneity

Data heterogeneity is one of the main challenges of FL, and is sometimes also referred to
as a statistical heterogeneity [10]. [64] provided an in-depth analysis of data heterogeneity
and di↵erentiated between distribution, label, feature, quantity, and quality skew. Distri-
bution skew describes the general skew of data held by clients and can easily be modelled
via the multivariate probability dirichlet distribution [65]. Label skew is described as a
skew in which clients only have data of a subset of all classes. This could already be
regarded as a light task heterogeneity. Feature skew refers to a skew in data features. For
this, [64] gave an example with images of dogs. The feature skew arises as some clients see
proper pictures, while others see painting or cartoons. Lastly, the quantity and quality
skews are concerned about the skew in the amount of data per client and the quality of
said data.

Model Heterogeneity

[64] described two main forms of model heterogeneity: Heterogeneous model structures
and heterogeneous optimization algorithms.

The structure of models solving the same task can vary, as some clients may be more
resource-constrained than others. This might result in resource-constrained devices, like
IoT devices, training shallower models compared to more powerful servers [64]. In ad-
dition, models may di↵er in the optimization algorithms they use. Some devices might
use a lightweight optimizer like stochastic gradient descent, while more powerful machines
might opt for ADAM [64].

Task Heterogeneity

While the focus of the previous section was on model heterogeneity triggered by devices
with di↵ering resource constraints, model heterogeneity can also be triggered by clients
solving di↵erent tasks. Once again the thesis refers to [64], as they provide a great overview
of di↵erent task heterogeneity levels. The first level of task heterogeneity still assumes
model homogeneity. The task heterogeneity is solely triggered by clients using di↵erent
class labels, and as such, is referred to as class label heterogeneity. However, this class
label heterogeneity can potentially extend to model heterogeneity when the amount of
classes to predict di↵er, leading to di↵erences in the final fully connected layer of neural
networks. Lastly, task heterogeneity can also take an extreme form, in which the tasks
are so di↵erent, that they require fundamentally di↵erent models. For instance one client
might be solving a regression task while another is focused on classification. Given that
task heterogeneity, often implies model heterogeneity, techniques like MTL, knowledge
distillation, transfer learning and similarity calculations can be applied [64].
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Communication Heterogeneity and Device Heterogeneity

Communication heterogeneity and device heterogeneity, identified and discussed by [64],
are bundled together, as they are somewhat similar. Communication heterogeneity refers
to di↵erences in devices’ network bandwidth, latency, and connection stability, while
device heterogeneity is caused by variations in computing power, storage, and energy
supply [64]. As such, high-performance devices with high bandwidth and low latency can
handle complex models quickly, while low-performance devices may become bottlenecks
and stragglers, impacting and potentially delaying the learning process. As previously
discussed, device and to some extend communication heterogeneity, can be seen as a
trigger for model heterogeneity.

2.3 A Brief Introduction to Federated Multi-Task Learning

Having discussed FL and MTL separately, it is now time to combine the two concepts
into FMTL. This section will provide an overview of important concepts and establish
definitions that will guide the literature review.

2.3.1 A Primer in FMTL

[10] was one of the first papers to use MTL to address the client data heterogeneity
challenge. By doing that, they established and shaped the notion of Federated Multi-
Task Learning (FMTL). Their approach was motivated by the observation, that each node
generates their own, but potentially similar, data distribution. As such, they decided to
have each node train a local single task model, while capturing the relationship with other
nodes with a MTL Framework. They defined that learning one local model is considered a
task. This means that the learning of multiple models on multiple nodes at the same time
translates to MTL [63]. Since then, many studies such as [56], [63], [66]–[71] have made
use of this definition, which essentially results in FMTL being a branch of Personalized
Federated Learning (PFL) [72], [73]. The goal in PFL is not to learn global model, but
train a personalized model for each client [74]. Note that, the aforementioned definition
of FMTL, where each client is considered a task, does not necessarily mean that a client
is only solving one task. Recent studies [11], [75] started investigating clients, which solve
multiple tasks simultaneously, e↵ectively solving a MTL problem locally, while modelling
the federation as a MTL problem.

Like FL, FMTL can be conducted in a centralized, decentralized or semi-decentralized
setting. The benefits and drawbacks of each approach are similar to what has been
discussed in in 2.2.1. Generally, Centralized FMTL (CFMTL) has seen a tremendous
amount of research, while Decentralized FMTL (DFMTL), remains relatively niche.
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2.3.2 Heterogeneity in FMTL

As was discussed earlier, heterogeneous clients are one of the major challenges in FL.
[10] was one of the first papers to use MTL to address the client heterogeneity challenge.
However, they and many other such as [56], [66], [67], [69] only considered client data
heterogeneity [72]. Since clients are refereed to as tasks, [10] described data heterogeneity
under the umbrella term of task heterogeneity. As such, some papers explicitly consider
data heterogeneity, but implicitly assume model and task homogeneity. However, in
real life FL settings this assumption does not always hold. [76] stated that, especially
federations containing cross-silo participants (clients belonging to di↵erent organizations),
have to deal with model, task and training process heterogeneity. As such, it makes sense
to consider di↵erent heterogeneity types for FL clients, as outlined in Section 2.2.3. Doing
this, will make it more in-line with the notion of conventional and heterogeneous MTL
introduced in Section 2.1.

Inspired by the above and research like [11], [14], [76], the thesis extends these heterogene-
ity consideration to FMTL, leading to ”conventional” FMTL and heterogeneous FMTL.
For the purpose of this thesis, conventional FMTL refers to research that handle clients
with the same overreaching task. Research focusing on heterogeneous data distribution
(i.e. non-iid) still falls under this term, as clients might still solve the same general task.
Examples that are covered by this definition of conventional FMTL include the influential
MOCHA [10] and OFMTL [67] frameworks. Heterogeneous FMTL refers to research that
properly investigates di↵erent task settings. Existing work in that area are NTKFedAvg
[19] and FedHCA2 [11]. Similar to heterogeneous MTL this includes clients with di↵erent
task objectives. For instance, some clients might focus on face attribute classification
while others perform face landmark point detection [77].

2.3.3 FMTL Categorization

Having talked about di↵erent heterogeneity types and their importance for CFMTL and
DFMTL, it is crucial to establish proper definitions in the context of this thesis. This
enables the thesis to ensure a consistent vocabulary for the later sections and allows
to structure the literature review. The following four definitions combine the two main
federated networking types with heterogeneous and non-heterogeneous settings.

Definition 1 - Centralized Federated Multi-Task Learning: In Centralized Federated
Multi-Task Learning (CFMTL) a centralized node is responsible for the coordination and/or
aggregation of network nodes and their respective models. Each node in the network learns
a model based on its own data, while taking its relationship with other nodes into account.
While heterogeneous data between clients can exists, the task objectives are the same.

Definition 2 - Heterogeneous Centralized Federated Multi-Task Learning: In Hetero-
geneous Centralized Federated Multi-Task Learning (HCFMTL) a centralized node is re-
sponsible for the coordination and/or aggregation of network nodes and their respective
models. Each node in the network learns a model based on its own data, while taking its
relationship with other nodes into account. The task objectives among clients di↵er.
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Definition 3 - Decentralized Federated Multi-Task Learning: In Decentralized Federated
Multi-Task Learning (DFMTL) nodes communicate directly with each other, without re-
lying on a central server to conduct coordination and/or aggregation. Each node in the
network learns a model based on its own data, while taking its relationship with other nodes
into account. While heterogeneous data between clients can exists, the task objectives are
the same.

Definition 4 - Heterogeneous Decentralized Federated Multi-Task Learning: In Het-
erogeneous Decentralized Federated Multi-Task Learning (HDFMTL) nodes communicate
directly with each other, without relying on a central server to conduct coordination and/or
aggregation. Each node in the network learns a model based on its own data, while taking
its relationship with other nodes into account. The task objectives among clients di↵er.
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Chapter 3

Related Work

The goal of this chapter is to provide a current overview of FMTL research. First, the
methodology applied to identify related work is described in 3.1. The thesis then reviews
a sample of existing CFMTL literature in Section 3.2. This is followed up by a more
complete review of DFMTL and HFMTL, in Section 3.3 and 3.4 respectively. Lastly, the
research gap is discussed in combination with HDFMTL in Section 3.5.

Please note, that this chapter uses the names of the proposed frameworks whenever pos-
sible. If a framework name could not be identified the thesis abbreviates the title. This
ensures a consistent structure in the literature review.

3.1 Methodology

As a starting point Google Scholar [78] was consulted. To get a broad overview of the
field, it was decided to search for all work that contains the term ”Federated Multi-Task
Learning” in its title. This resulted in a huge amount of papers (>100). Based on their
title and abstract, it was decided whether or not they are relevant for the thesis. Relevant
papers were categorized according to the four established definitions in 2.3.3. This comes
with a caveat: It is not always straight forward to put the research in its respective
category. This is especially true for di↵erentiating between CFMTL and HCFMTL.

As per the established definition, work belonging to CFMTL might address data hetero-
geneity challenges such as non-IID data distributions, but fails to take di↵erent task or
model architectures into account. The notion that one client shall be considered a task,
as introduced by [10], makes the distinction between CFMTL and HCFMTL challenging.
That is, because some research mixes the terms task heterogeneity and data heterogeneity.
For them, di↵erent data distributions automatically translate to di↵erent tasks, violating
the established definition of HCFMTL in Section 2.3.3.

As such, the very broad approach is error prone and might miss important work. Hence,
two additional databases with specific key terms were consulted. For this, IEEE Explore
[79] and Arxiv [80] were chosen. To properly cover more specific aspects relevant to the
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thesis, the following key terms were applied to the abstract in combination with FMTL:
decentralized, heterogeneous and knowledge distillation. Table 3.1 provides an overview
of the specific search terms. Again the identified research was categorized. Lastly, during
the literature review process, some additional work was identified by following citations
etc. A lot of research falls within the scope of CFMTL or focus on clients implementing
a Multi-Task model, rather than treating the federation as a Multi-Task problem. As
such, these works are not the primary focus of this thesis and were not reviewed in detail.
Nevertheless, a selection of influential studies within the CFMTL domain was properly
reviewed and is highlighted in Section 3.2 to showcase various applied techniques. For
the other categories, which are more important to the goal of this thesis, all identified
research was properly reviewed and is discussed in Section 3.3, 3.4 and 3.5. Figure 3.2
provides an overview of the literature reviewed in detail.

Table 3.1: Database and Search Queries
Database Search Query
Google Scholar [78] ”allintitle: Federated Multi-Task Learning”
IEEE [79] (”Document Title”:Federated Multi-Task Learning) AND (”Ab-

stract”:Decentralized)
(”Document Title”:Federated Multi-Task Learning) AND (”Ab-
stract”:Heterogeneous)
(”Document Title”:Federated Multi-Task Learning) AND (”Ab-
stract”:Knowledge Distillation)

Arxiv [80] order: -announced date first; size: 50; include cross list: True;
terms: AND title=Federated Multi-Task Learning; AND ab-
stract=Decentralized
order: -announced date first; size: 50; include cross list: True;
terms: AND title=Federated Multi-Task Learning; AND ab-
stract=Heterogeneous
order: -announced date first; size: 50; include cross list: True;
terms: AND title=Federated Multi-Task Learning; AND ab-
stract=Knowledge Distillation

Table 3.2: Reviewed Research
Category Amount Studies
CFMTL 29 + [10], [67], [81], [69], [82], [83], [84], [70], [85], [86] [20], [87] [88],

[71], [89], [66], [90], [91], [92], [93], [94], [95], [96], [97], [98],
[99] [100], [101], [102]

DFMTL 8 [103], [104], [63], [105] [68], [106], [56], [107]
HCFMTL 10 [11], [14], [19], [76], [108], [109], [110], [111], [112], [113]
HDFMTL 0 ? Apparent Research Gap

3.2 Centralized Federated Multi-Task Learning

CFMTL was first introduced in 2017 [10]. Since then, a plethora of frameworks for
various use cases have emerged. By reviewing relevant papers and by making use of
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existing surveys [64], [114], it was possible to identify some characteristics. Early research
was mainly focused on solving convex problems, not suitable for modern non-convex
deep learning approaches. This was addressed in later work, which extended CFMTL
to non-convex approaches. Some research focused on aggregating the full client models
or introducing regularization terms. Others took inspiration from traditional MTL and
divided the models into shared and private layers. Another very common approach is to
create groups or clusters of similar clients. Lastly, some took inspiration from knowledge
distillation. However, whether or not this should be considered FMTL is debatable.

In the following, the thesis discusses the above mentioned approaches in more detail.
However, CFMTL is not the main focus of the thesis. Hence, the thesis lists and describes
exemplary work only. This mainly includes work that treats each client as a task (following
the notion of [10]), instead of clients holding full MTL models. Table 3.3 summarizes the
exemplary work per the above themes. It should be noted that themes are non-exclusive.
For instance, a research can focus on model grouping but still apply layer privatization.
As such research might be listed as relevant to multiple themes.

Table 3.3: Centralized Federated Multi-Task Learning
Theme Exemplary Work
Convex Optimization MOCHA [10], OFMTL [67], FKMTL [81], RAMOCHA

[69],
Model Convergence FMTLJD [82], FML [83], Ditto [84], FATHOM [70], PMTL

[85], OAFMTL [86]
Layer Privatization FedPer [20], DPFedMTL [87], FedRep [88], VIRTUAL [71],

HOTA-FedGradNorm [89], MTFL [66], FedMat [90]
Model Grouping HFedMTL [91], RHFedMTL [92], HeurFedAMP [93], CFL

[94], FairCFL [95], FEDAC [96], CFMTL [97], MUFL [98],
PFedSA [99]

Knowledge Distillation EFDLS [100], FedICT [101], DaFKD [102]

3.2.1 Convex Optimization

In convex optimization problems the objective function, as well as the set of solutions
that satisfy the problem’s constraint, are convex [115]. An important property of convex
functions is that no local minimum can exist outside of a global minimum [116]. This
makes solving convex problems robust, as it is assured that a local minimum is also a
global minimum, something that is not guaranteed in non-convex deep learning methods.
For more information on convex optimization this thesis recommends the books ”Convex
Optimization” [115] and ”Convex Analysis and Optimization ”[116]. Early research in
FMTL focused primarily on convex optimization problems [67], [69], [81], with most
building upon the very influential MOCHA [10] framework.

One of the first major contributions towards the field of FMTL, was titled Multi-Objective
COCOA for Heteregenous Agent networks [10], often simply called MOCHA. The pro-
posed framework extended the COCOA [117] framework into the federated setting. The
goal is to learn multiple related and personalized models on each device, to address the
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statistical and systems challenges of FL, as defined by [10]. MOCHA is often referenced
as the work which popularized the term FMTL, by treating each client as a task. The
personalized nature of MOCHA and most FMTL techniques is the reason why FMTL is
often seen as a sub-field of PFL [56]. In MOCHA the relationship between the di↵erent
nodes is represented by a shared matrix, enabling knowledge transfer between the nodes.
Each node solves a local optimization problem, based on its personal data. This local
optimization problem includes a regularization term that depends on the shared matrix,
thus forcing the model to take relationships between nodes into account. Once complete,
the local updates are sent to the central server where the updates are aggregated to refine
the shared matrix. This shared matrix is then sent back to the local nodes, where it is
used in the next iteration. MOCHA inspired many other studies.

The OFMTL [67] algorithm also focuses on learning personalized models for individual
clients. However, it extends the focus of MOCHA on situations where new devices con-
tinuously join the system. In FKMTL [81] the model’s parameters and the relationships
between tasks are optimized using kernel methods, allowing the federated learning system
to capture more complex patterns in the distributed data. However, the paper is solely
theoretical and no experiments are run. RAMOCHA [69] addresses the challenges of
e�cient AI model training in 6G networks. Based on MOCHA, the authors developed
a method, which optimizes FL under resource constraints. Similar to MOCHA, the ap-
proach makes use of a primal-dual optimization technique to manage multiple tasks across
distributed devices, without requiring raw data upload, ensuring privacy and e�ciency.
They incorporated dynamic tuning of learning parameters to balance resource usage and
model accuracy. Conducted experiments highlight e↵ectiveness of the proposed method
in reducing resource costs.

3.2.2 Model Convergence

Recent research started focusing on non convex problems. Frameworks that adapt the
full client model by regularizing towards a global model or replacing the local model
completely, are discussed under the model convergence umbrella. It is important to note,
that the frameworks discussed in the following subsections are also focused on non convex
problems. However, they introduce more sophisticated methods to model the FMTL
environment.

The privacy policies in medical imaging hinders the e↵ective training of deep learning
models, as large datasets are needed. As such, the FMTLJD [82] framework combines
MTL with FL in a non convex setting. Compared to this FML [83] is an example of a
framework, that enables the collaborative training of a generalized model, while allowing
clients to create personalized models tailored to their specific needs.

Other frameworks do not keep the private and global models fully separate. DITTO [84]
aims to ensure uniform performance across devices and resists data and model poisoning
attacks. To do this, DITTO enables each device to maintain a personalized (local) model
while contributing to a global model that aggregates model parameters from all devices.
The method uses bi-level optimization, where each device solves its local objective while
being regularized towards the global model. The regularization term is added to the clients
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local loss function and penalizes deviations of the local model from the global model.
Similar to this FATHOM [70] uses a hierarchical attention mechanism to learn feature
representations with a regularization technique to ensure that local models remain close
to the global model. PMTL [85] can be cited as another example of such a regularization
approach. The general idea of the PMTL framework is to use a form of relaxed di↵erential
privacy, to learn personalized models for each task, while adding noise during global
aggregation to ensure privacy. As such, each client trains its local model on private
data and sends their model updates to a central server. The server then adds noise
to these updates, to ensure the model updates are obscured. Once the models have
been aggregated, the server shares the noisy model back with the clients, which add a
regularization term to their objective function to regularize towards the noisy model.

One unique, but very interesting framework that can be counted towards this category, is
OA FMTL [86]. Its goal is to reduce the communication overhead in FL environments. To
achieve this, the framework relies on over-the-air computing, a technique that allows the
computation of mathematical functions by exploiting the signal superposition of wireless
multiple access channels [118].

3.2.3 Layer Privatization

Frameworks that apply layer privatization, only aggregate a subset of the model layers.
By keeping some layers private, the clients can better tailor their models towards their
local data distribution. Some studies keep the final layers private [20], [87]–[89], while
others allow the intermediate layers to be kept private [66].

One major contribution is FedPer [20]. FedPer divides models into two distinct parts:
Base layers and personalization layers. This structure is reminiscent of the, in Section 2.1
discussed, hard parameter sharing technique. The base layers of the individual clients are
replaced in each communication round by the aggregated global base layers. In contrast,
the personalization layers are unique to each device and are trained locally, using only
the data available on that specific device. This approach allows the model to e↵ectively
capture and adapt to individual user characteristics [20]. FedPer outperforms FedAvg,
particularly in scenarios characterized by high statistical heterogeneity [20]. DPFedMTL
[87] is similar to FedPer, as it also aggregates and distributes the non-private layers across
clients for replacement. However, it goes a step further and enables e↵ective parameter
transfer, while ensuring di↵erential privacy to safeguard client-level gradients. FedRep
[88] is also similar to FedPer. FedRep first keeps the shared layers frozen and updates only
the head. Once the head is su�ciently updated, they freeze it and unfreeze the base layers
to update them accordingly. The base layers are then sent to the server where they are
aggregated and distributed to the next batch of clients. Given the similarity to FedPer,
they compared FedPer’s performance to FedRep and observed a higher test accuracy on
the CIFAR-10 dataset.

Other methods apply more distinct techniques. VIRTUAL [71] keeps some parameters
private while others are shared. The server and clients use bayesian inference to update
the respective models. Clients initialize their models with server-shared parameters, train
on private data, update parameters using variational inference, and send changes to the
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server, which aggregates and returns updated shared parameters. Another interesting
approach is HOTA-FedGradNorm [89], as it is similar to the previously discussed OA
FMTL. While HOTA-FedGradNorm also makes use of a common network having distinct
personalized heads, it enhances communication e�ciency between clients and the server
by using over-the-air aggregation. A unique part of the HOTA-FedGradNorm algorithm
is, that it dynamically adjusts weights based on channel conditions. Their conducted
experiments show that this leads to faster training speeds and greater robustness against
negative channel e↵ects, like bandwidth-limited fading.

Instead of keeping the final layers private MTFL [66] introduces private batch normaliza-
tion layers with a distributed ADAM optimization technique. Batch normalization [119] is
a technique used in deep neural networks to stabilize and accelerate the training process.
It does this by normalizing the inputs to each layer, which reduces the internal covariate
shift. The authors of MTFL stated that private batch normalization layers provide two
key benefits: They customize each model to fit the client’s unique data and improve data
privacy. Privacy is increased since with private batch normalization layers, less infor-
mation about the client’s data distribution is revealed. The MTFL framework can be
summarized as follows: After local training, the models, excluding the batch normaliza-
tion layers, are aggregated by the server. The resulting global model is distributed back
to the clients. These clients then replace their local non-private layers with the updated
global model and the process repeats. Their experiments show that by using MTFL, few
communication rounds are required to reach an client accuracy target. Another frame-
work that shares intermediate layers is FedMat [90]. The FedMAT framework introduces
a Federated Multi-Task Attention approach for human activity recognition. The private
layers, including attention modules [120] and General Recurrent Units [121] for feature
extraction, are kept on the clients and are not shared with the server. The attention
mechanism within these private layers allows each client to focus on the most relevant
features from the shared layers.

3.2.4 Grouping

Many frameworks make use of static [91], [92] or dynamic [93]–[99] grouping, to ensure
that similar clients have a higher impact on the individual models. This can address the
problem of dominant and conflicting gradients, thus increasing model performance. More
on dominant and conflicting gradients as well as on grouping in MTL can be found in the
sections 2.1.1 and 2.1.3.

In its simplest form, the grouping can be predefined. For instance, HFedMTL [91] takes
inspiration from the inherent cloud-BS-terminal structure in cellular networks. HFedMTL
focuses on establishing a hierarchical structure for FMTL that reduces communication
costs and improves model performance and convergence. Terminals are grouped under
base stations, and base stations are interconnected through the cloud server. Each group
collaboratively works on a task, and the models from within the same group are taken into
account during the training process. The training process includes a regularization step,
to align each local model with those of other clients within the same group. This ensures
personalization and enforces that the clients align with the overreaching task. A primal-
dual optimization method is used, splitting the global problem into local sub-problems
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which are solved individually. RHFedMTL [92] builds upon the HFedMTL framework by
adding a resource-awareness component. As such, it dynamically adjusts the number of
iterations for updates to balance learning accuracy with resource consumption. However,
this approach, like HFedMTL, assumes that the grouping is known and constructed before
training starts, making it unusable for more dynamic scenarios.

Other approaches rely on more dynamic grouping techniques, such as the cosine simi-
larity. A prominent example is HeurFedAMP [93], an extension to FedAMP. In it the
server aggregates models by combining the parameters of similar clients, using a weighted
approach based on cosine similarity. Each client’s model parameters are compared with
those of other clients, to determine how similar they are. Similar clients receive higher
weights. These weights are used to combine model parameters, creating a personalized
similarity model for each client. This model blends the client’s own model with those
of similar clients. The client then updates its local model by refining it based on this
combined model and its own data. It does this by adding a regularization term to the ob-
jective function, that penalizes the di↵erence between the local model and the aggregated
similarity model. This process is repeated iteratively, allowing clients to gradually refine
their models by incorporating relevant information from other similar clients. Similar to
HeurFedAMP, CFL [94] and FairCFL [95] use the cosine similarity between clients to
create client groups that share similar data distributions. These groups of clients can be
considered separated tasks and are training a model together. On top of the cosine similar-
ity, FEDAC [96] also considers the degree of the loss reduction. Clients are grouped based
on the angular distance between their gradient updates, with those having the most dis-
tinct data distributions being separated into di↵erent clusters. This process groups clients
with similar data, allowing for better and more e↵ective model training for each group.

CFMTL [97] compares the performance of the cosine similarity with other metrics, such
as Manhattan (L1), Euclidean (L2) and Equal Weighting. The authors found, that the L2
distance generally provides the best or comparable performance in terms of convergence
speed and accuracy, except in highly non-IID settings. There cosine similarity performs
better. While cosine similarity performs poorly in IID settings, it works great in non-IID
environments, particularly with significant data heterogeneity. The equal weighting metric
performs reasonably well but is not the best in any non-IID setting. They concluded that
L2 is typically the most reliable metric, but cosine similarity may be preferable in scenarios
with highly non-IID data distributions.

Lastly, two other interesting approaches are MUFL [98] and PFedSA [99]. MUFL ad-
dresses the issue of resource overload from simultaneous FL activities on edge devices,
known as multi-tenant FL. It optimizes this process with two strategies: Consolidating
similar tasks into a single model and splitting tasks based on what the authors call: a�nity
scores. These scores measure how a client training a task a↵ects another client’s loss. This
approach reduces energy consumption by e�ciently grouping and training tasks. PFedSA
can be seen as an extension to the idea of private batch normalization layers of the previ-
ously introduced MTFL [66]. In PFedSA, clients are first clustered based on the similarity
of their model parameters, with private layers, such as the discussed Batch Normalization
layers. Similar to MTFL, these personalized layers are shared exclusively among clients
within the same group. This helps to balance the personalization and generalization of the
model. The method further considers the degree of similarity between clients during the
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aggregation of model parameters, which ensures that clients with greater similarity have
a stronger influence on the aggregated model. Similarities are calculated using the cosine
similarity. Compared to the similar but non grouping based MTFL approach, PFedSA
reaches higher accuracies on image datasets such as MNIST, EMNIST and CIFAR-10.

3.2.5 Knowledge Distillation

As discussed in Section 2.1.2, knowledge distillation trains a simple model (student) to
replicate the behaviour of a more complex model (teacher). The goal is to generate a
small model that maintains a performance close to the teacher’s model. Many approaches
that apply knowledge distillation have only little in common with the standard FMTL
techniques. Regardless, three exemplary works are introduced below.

The idea of EFDLS [100] is to address users, that handle di↵erent time series classification
tasks. In the framework, each user has both a student and a teacher model with identical
architectures. Knowledge distillation occurs locally at each client, where the teacher model
transfers knowledge from its hidden layers to the student model hidden layers. After this,
only the student model’s hidden layer weights are uploaded to the server. The server uses
these weights to find the most similar models across users, using the least square distance
and pairs them accordingly. The matched weights are then sent back to the users, where
they are used to update the teacher models. This updated teacher model further improves
the student model in the next training round.

Compared to EFDLS, knowledge distillation in FedICT [101] occurs both at the client
side, during local training, and at the server side during global aggregation and adjust-
ment. It has two main parts: Federated prior knowledge distillation and local knowledge
adjustment. The first helps each client’s model to better match its own data by using
prior knowledge. The second corrects global model updates to reduce client di↵erences.
Instead of sharing full model parameters, the framework exchanges only reduced knowl-
edge (i.e. features and logits) between clients and the server. The goal of this is to allow
for di↵erent model architectures. The benefit of this two-way distillation process is that
it customizes local models for specific tasks while keeping the global model adaptable.

Lastly, DaFKD [102] introduces a domain discriminator for each client, which evaluates,
how well a given distillation sample aligns with the client’s data. This discriminator
assigns importance weights to each client’s contributions, ensuring that only the most
relevant knowledge is aggregated during the distillation process. A global generator pro-
duces pseudo-data samples used in this process, helping to simulate a more representative
global data distribution. The method also shares parameters between the domain dis-
criminator and the client’s classification model to boost performance and cut down on
communication costs.
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3.3 Decentralized Federated Multi-Task Learning

All the previously discussed frameworks have one thing in common: They require a central
server for coordination and or aggregation tasks. However, as discussed earlier, relying on
a central server is not always feasible and implies privacy/data protection considerations.
So far, only a small subset of studies have tackled DFMTL. The identified research can
broadly be categorized into studies that focus mainly on regularization and studies that
rely more on aggregation, terms that have been introduced in 2.2.2. Table 3.4 provides
an overview of the DFMTL literature.

Table 3.4: Decentralized Federated Multi-Task Learning
Theme Work
Regularization DCLPMN [103], FDJLPMCG [104], dFedU [63], NFMTL [105],

SpreadGNN [68]
Aggregation SECMTL [106], D-FEDEM [56], DAG [107]

3.3.1 Regularization

As described earlier, regularization adds constraints to either local client objectives or
aggregation formulas [20]. This also applies in the case of DFMTL.

One of the earliest DFMTL frameworks isDCLPMN [103]. While the authors of DCLPMN
framed it as a PFL framework, they also noted that it is reminiscent of MTL. DCLPMN
lets the nodes communicate in a peer-to-peer fashion directly with other connected neigh-
bouring nodes, thus giving importance to the network graph itself, as it reflects the sim-
ilarity between nodes. To do this, the authors proposed two approaches, one related to
model propagation and one related to collaborative learning. The main di↵erence be-
tween these two approaches is that model propagation trains the model on local data
and then regularizes it over the network, while collaborative learning trains and smooths
models at the same time. Regardless of the approach, the framework relies on local clocks,
asynchronous gossip communication and random wake-ups.

Like in DCLPMN, the graph in FDJLPMCG [104] represents similarities between clients.
FDJLPMCG jointly learns personalized models, as well as the collaboration graph. While
the graph is updated iteratively, it has to remain sparse to limit communication costs.
Model training is conducted with a greedy boosting method allowing incremental updates
based on the current collaboration graph. The approach alternates between model training
and graph updates. However, the authors did not mention how often that alternation shall
take place. For training a model, a random node wakes up, which is similar to [103]. Once
awake, the node performs a conditional gradient descent based on the last models received
from its neighbors. Once complete, the user sends its updated model to its neighborhood.
To update the collaboration graph, nodes need to communicate beyond their neighbors,
to discover new relevant neighbors. Similar to the model training, a random node wakes
up. It then conducts peer sampling to select a small subset of other nodes. The node then
requests the current models, loss value and degree from the sampled nodes. Once received,
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these values are used to calculate the gradient of the objective function with respect to the
weights for connections between the node and sampled nodes. These weights represent the
similarity between the tasks and thus allow the collaboration graph to learn relationships.
Once complete, the newly updated weights are sent to each associated node of the sample
and a new node wakes up, repeating the process. Compared to dFedu [63], which is
discussed next, this approach has the benefit that the graph is dynamic.

dFedU [63] aims to capture the relationship between local models using laplacian regu-
larization. This regularization technique ensures that nodes that are close to each other
have similar values by penalizing those who don’t. dFedU modeles the relationship be-
tween the nodes as a connected (but not necessarily fully connected) graph. This graph,
including the weights of connections, seems to remain fixed. This results in the necessity
to predefine the relationship between clients. However, that means that the relationships
between connections can not be changed like in [103], nor can new connections beyond
direct neighbors be considered like in [104]. Once the graph is fixed, their main goal is
to leverage the defined relationships between models for MTL. dFedU does this by mini-
mizing the sum of all local losses, combined with laplacian regularization. The algorithm
works as follows: In every round all clients compute a mini batch gradient descent for n
times. dFedu does this by computing the local loss based on local data. After the local
updates are complete and the models updated, each client sends its updated model to its
neighbors. Each node then uses the received models and its own, to perform the laplacian
regularizations step, to increase the smoothness between the two models on the nodes.
This approach seems to work well when node relationships are well-defined. However, it
assumes a fixed graph, requires exchanging the entire model, does not handle stragglers,
and seems to demand the same model architecture across all nodes.

Compared to dFedu NFMTL [105] iteratively refines the model weights and creates a
clustering structure based on the network’s feedback. Instead of laplacian regularization
NFMTL makes use of generalized total variation minimization. This also works as an
regularizer and ensures smooth transitions in model weights across similar datasets within
a cluster, while allowing for distinct models across di↵erent clusters.

SpreadGNN [68] is a DFMTL framework for training Graph Neural Networks (GNNs)
on molecular data. It uses a decentralized version of stochastic gradient descent to up-
date local models at each client. Each client only communicates model updates with its
neighbors. This is achieved, through a mechanism called periodic averaging, where clients
exchange and average their local model updates at specific intervals. This approach allows
the framework to be scalable. Another interesting part of this framework, is its ability to
handle partial labels. Molecular data often has multiple labels per molecule, such as tox-
icity, interaction properties, or biological activity [68]. SpreadGNN introduces a method,
to e↵ectively manage partial labels across clients, by leveraging a DFMTL.

3.3.2 Model Aggregation

Research listed here is focused on implementing decentralized aggregation techniques,
while also incorporating more sophisticated methods such as layer privatization and clus-
tering.
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Like some of previously discussed layer privatization approaches, SECMTL [106] also
keeps some layers of the networks private. In the paper, the network calls these parts
”slices”. These slices allow for partial model averaging and enable the sharing of knowl-
edge between peers, while preserving task-specific specializations. An interesting feature,
is that the authors tested di↵erent ”averaging levels”, with 0 sharing corresponding to lo-
cal training and 100 referring to standard federated averaging. They found, that the best
performance is achieved with an averaging level of 80. The paper does not go into much
detail about the communication scheme used but a gossip-based system seems implied.
This is a drawback as the communication scheme is of great importance, especially when
considering idle time and stragglers, something that is investigated by DFLAPS[122].
They introduced an asynchronous parameter-sharing mechanism, which allows each node
to send and receive model updates independently, without having to wait for synchroniza-
tion with other nodes. This approach minimizes idle times and enhances overall training
e�ciency.

Compared to the previous two frameworks D-FEDEM [56] is quite unique. It assumes,
that each client’s data is a mixture of several shared distributions, which capture common
patterns and relationships across clients. This mixture model allows capturing complex re-
lationships among clients’ data, facilitating better personalization. The proposed method,
called FedEM, uses an Expectation-Maximization (EM) algorithm to jointly learn shared
component models and personalized mixture weights for each client. In addition to a
centralized version, they also proposed a decentralized version called D-FedEM. The de-
centralized version works similar to the centralized one. In it, each client first estimates
its own mixture weights for each underlying component model, using its local data. Af-
ter obtaining these mixture weights, clients update their local estimates of the shared
component models. Clients perform a decentralized aggregation step by communicating
their updated models to their neighbors. Each client then calculates a weighted average
of its own parameters, along with those received from its neighbors, to refine its local
component models. This approach seems to make sure that, after several rounds of local
updates and communication with neighbors, the clients’ estimates align to the same set
of parameters, even without a central coordinator.

Probably the most interesting framework of this subsection is DAG [107], as it uses
a Directed Acyclic Graph (DAG) to manage model updates. Each node in the DAG
represents a model update, and the edges represent the relationship between updates.
These relationships can be thought as approvals to updates. The training process for
each client involves four steps. First, a biased random walk selects two tips from the
DAG. Next, the selected models are averaged. Afterwards, the resulting model is refined
through training on local data. Finally, if the training results in an improved model, the
new model gets added to the DAG. The biased random walk is guided by a weighting
mechanism that assigns higher probability to models that perform well on the client’s
local data. Over time, this process leads to the formation of implicit groups in the DAG,
where the idea is that clients with similar data characteristics share model updates.
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3.4 Heterogeneous Centralized Federated Multi-Task Learn-
ing

The papers discussed so far mainly focused on data or statistical heterogeneity between
clients. As such, they generally assumed that each client solves the same or a very similar
task. However, to make FMTL more applicable, heterogeneous tasks should be taken
into consideration as well. It is important to note, that the thesis is studying frameworks
that address heterogeneity among clients. As such frameworks that address heterogeneity
within a client (i.e a client has a MTL model that has heterogeneous tasks), are not
considered.

Heterogeneous tasks often come with the added challenge of conflicting and dominat-
ing gradients, as described in Section 2.1. Most work in the space of HFMTL suggest
approaches to deal with these problems either directly or indirectly.

Table 3.5: Heterogeneous Federated Multi-Task Learning
Theme Work
Indirect Solutions CoFed [76], EFHIGFMTL [108], FedLPS [109], AFL [110],

MATFL [111], MAS [112], FedMSplit [113]
Direct Solutions FedBone [14], FedHCA2 [11], NTKFedAVG [19]

3.4.1 Indirect Solutions

Indirect solutions to the problem of conflicting and dominant gradients include data aug-
mentation techniques, model pruning and grouping.

Examples of frameworks that rely heavily on data augmentation techniques are EFHIGFMTL
[108] and CoFed [76]. EFHIGFMTL is a framework for FMTL that leverages feature dis-
tribution heterogeneity across di↵erent clients and tasks to improve model generalization.
The authors proposed an augmented dataset approach and a novel client weighting method
to utilize this heterogeneity to train models. CoFed also relies on augmented data, more
specifically on pseudo-labeling, like the previously discussed DaFKD [102]

Network pruning is a technique to reduce the size of a neural network by removing certain
elements that contribute little to the network’s performance [123]. An example of this is
the FedLPS [109] framework. It is designed to handle both homogeneous scenarios and
heterogeneous scenarios. While technically not described as an FMTL approach, it is
still an interesting way to deal with heterogeneous clients. The authors implemented a
layer-wise pruning mechanism that focuses on pruning entire layers, rather than individual
neurons or intra-layer connections. It is stated that the method allows for e↵ective pruning
and reduces complexity. In homogeneous settings, their clients randomly prune layers
before sending them to the server. In heterogeneous settings, clients selectively prune
and upload specific layers based on their computational capabilities. AFL [110] discusses
the negative correlation issue that arises from task heterogeneity, where di↵erent tasks
might have conflicting optimization directions. To mitigate this, AFL utilizes a sparse
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sharing approach, allowing for partial parameter sharing, only among highly related tasks.
The system uses iterative pruning and task-specific mask layers to minimize interference,
which, according to them, is particularly beneficial in scenarios where task relationships
vary significantly.

Lastly, several grouping based approaches exist. The aim of MATFL [111] is to define a
framework that can handle both data and task heterogeneity. As such clients should be
able to collaborate, even if they are solving di↵erent tasks (ex. segmentation vs classifica-
tion) This is achieved by relying on dynamic grouping and adaptive aggregation. During
each communication round the server collects all local updates and calculates the normal-
ized cosine-similarity of each weight update at each layer. Each node then accumulates
these similarities to define the most similar other nodes to form a group with which the
node would like to aggregate updates. During the aggregation more similar nodes within
the group will have a higher impact than less similar ones, with nodes outside the group
having no impact at all. A completely di↵erent approach compared to MAT FL and other
approaches is employed by MAS [112]. The general idea is to merge the federated models
into one big Multi-Task Model, located on the server. Once merged, the model is trained
and a�nity scores between the tasks is calculated. Once complete the complete multi-task
model is split into smaller models with similar a�nities. These smaller models are then
further trained on the local nodes. Lastly, the FedMSplit [113] framework is designed
to support FL across clients with varying combinations of active sensors (modalities). It
leverages a dynamic graph structure to capture correlations between client models. In this
graph clients are represented as vertices and their relationships are visualized as edges.
The framework tackles the problem of clients having di↵erent types of sensors and solving
di↵erent tasks, which makes it hard to combine their models. It does this by dividing
models into small components and using a multi-armed bandit algorithm [124], [125].

3.4.2 Direct Solutions

Compared to the previously introduced indirect solutions, the direct solutions acknowledge
and address the problem of conflicting and dominant gradients head on. There is of course
some overlap to the indirect solutions, as the direct solutions might also apply grouping
mechanisms etc.

One example of such an approach is FedBone [14]. Its goal is to enable large scale HFMTL
on devices with limited computational resources. To achieve this, FedBone applies split
learning, which splits its model into two parts: A large scale general model located on
the central sever and task specific models on the nodes. The general model on the server
is responsible for resource intensive computations as well as extracting high level fea-
tures. The models on the clients are task specific and less resource intensive. Fedbone
also addresses the problem of gradient conflicts. They do this by introducing gradient
projection aggregation, which rescales gradients based on historical gradients to resolve
conflicts. Lastly, FedBone also introduced a task adaption module. By using deformable
convolutions [126] and self attention [127], the module is able to capture task specific
features improving task specific performance. Fedbone works as follows: The clients per-
form local emebedding and send these embeddings to the server. The server processes
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these embeddings to extract high level features which are then sent back to the individual
nodes. The clients then process them in their task specific heads, marking the end of the
forward process. Once complete, the clients compute the task specific losses and perform
a partial backpropagation step on their heads. The intermediate gradients are then sent
to the sever which completes the backward propagation on the general model by relying
on gradient projection aggregation.

FedHCA2 [11] takes inspiration from FedBone but takes it a step further. Its goal is to
provide a framework that enables aggregation across clients with varying numbers and
types of tasks. This completely foregoes the notion of one node per task as one node itself
might be a multi-task network. In FedHCA2 clients use an encoder-decoder architecture,
in which the encoder is shared and decoders are task specific. Comparing this to FedBone,
the encoder could be seen as the general model, which in FedBone resides on the sever.
However, contrary to FedBone, the network is not split, meaning that the nodes hold the
complete networks and the server is mainly responsible for model aggregation. Similar
to FedBone FedHCA2 also tries to tackle the problem of conflicting gradients. It does so
by introducing the Hyper Conflict-Averse Aggregation (HCA) scheme for encoders and
Hyper Cross Attention Aggregation for decoders, respectively. Additionally, it also makes
use of Hyper Aggregation Weights to foster personalized updates. FedHCA2 is a major
inspiration for proposed framework in 4.2, as such the relevant parts of it will be explained
in more detail there.

The authors of NTKFedAVG [19] noted that the dynamic grouping mechanism of MAT
FL and the split learning approach of FedBone requires the server to manage individual
models for each client or task. According to them, this increases the risk of privacy
breaches and requires great storage and computational capacities on the server side. As
such, their approach only requires one model residing on the server. To this end, they
introduce NTKFedavg, a variation of the classic FedAvg. In their approach each node
first linearizes their model around the server model using neural tangent kernels. Once
complete, the nodes train their models and compute local task vectors. These task vectors
are then aggregated by the server and used to updated the global model, which then is
returned to the nodes for the next round.

3.5 The Research Gap: HDFMTL

During the literature review no work was found that would properly fit into the category
of HDFMTL. It is possible that some relevant research was missed or wrongly classified.
But even then, the research in that area has to be very limited. As otherwise, chance
would have it, that at least one paper would have been identified accordingly.

While some work properly discusses and proposes solutions to address heterogeneous
clients, that di↵er in more than just their data distributions, as reviewed in Section 3.4,
they fail to consider decentralized frameworks. Of those, some could probably be adapted
into a decentralized setting easily. For instance, [19] only requires one model on the server.
Such a scenario could be translated well into Semi-DFL with rotating leaders. Extending
this thought, a simple way to translate this into fully DFL, would be to have each client
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holding the global model, in addition to its client model and apply techniques reviewed
in the Section 3.3. Other work would not translate well into a decentralized environment,
such as [14]. There, the framework relies heavily on outsourcing computation to the server.
The work discussed in 3.3 focuses specifically on DFMTL. But while some work does seem
to support class label heterogeneity [68], most do not address task heterogeneity beyond
simply dealing with the non-IID problem.

This lack of research in HDFMTL, motivates the development of a framework. This frame-
work, which takes inspiration from existing work in the realm of CFMTL and HCFMTL,
is introduced in the next chapter.
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Chapter 4

Architecture

This chapter introduces a framework to deal with specific heterogeneity challenges in
DFMTL. It does so, by first motivating the problem, followed by a general overview of the
framework. Afterwards, the thesis dives deeper into the proposed aggregation algorithm.
Following this, some additional considerations, mainly with regards to challenges found
in decentralized environments are discussed. Lastly, the thesis elaborates on how the
proposed framework di↵ers from existing works.

4.1 Motivation

As was discussed in the literature review, there exists already a lot of work focusing
on non-iid settings in CFMTL and DFMTL. Therefore, most of these studies seem to
focus on settings where the overall task, like image classification, is the same among all
participants. While this approach allows each participant to have the same overall model
architecture and allows to study non-iid settings, it fails to address situations where clients
make use of similar but slightly di↵erent architectures. Such similar architectures might
employ the same backbone but require di↵erent final layers or output heads. For example,
in a non-iid scenario, some clients may only encounter a subset of all potential class labels
in their data. As such, these clients, might only have an output head for the labels
present in their own data distribution. This is because in FL the goal is to learn a model
without sharing data between clients, resulting in clients not knowing all the potential
class labels and thus having di↵erent output heads. However, this seems to be often
overlooked and most research simply assumes that every client is aware of all potential
class labels, resulting in each client having the same output heads. Hence, one of the
goals of this thesis is to address this scenario, in which some clients only see a subset of
all class labels. As part of this thesis, this scenario is called heterogeneous class labels.
A scenario heavily inspired by FedPer [20]. Some more recent research addressed clients
that are actually solving di↵erent tasks, like object detection and instance segmentation.
Thus, this more complex second scenario is referred to as heterogeneous tasks. In this
setting, it is assumed that parameter updates di↵er more significantly. This significant
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di↵erence makes simply averaging parameters not feasible and requires a more nuanced
approach to limit the problem of conflicting gradients.

Both heterogeneous class labels and heterogeneous tasks imply at least a di↵erence in the
final layers of the models. While having completely di↵erent model architectures would
be powerful, the feasibility of such an approach is questionable and would most likely in-
troduce extreme complexity. As such, keeping a common backbone architecture with task
specific heads, like reviewed in Section 3.2.3, seems to be a decent approach. Especially if
compared with traditional MTL, given that the architecture is very reminiscent of hard
and soft parameter sharing, depending on how the backbone is shared among clients.

Thus, the thesis aims to develop a framework where heterogeneous class labels and het-
erogeneous tasks can be modeled through DFMTL. In the developed framework, clients
shall utilize a common backbone architecture but maintain distinct final layers.

4.2 Framework

To explain the proposed framework this section will follow Figure 4.1. The framework
takes inspirations from already existing grouping approaches [91]–[99]. In them, clients
with similar data distributions, or in this case, tasks are grouped together. Therefore, be-
fore any training or aggregation can start, such groups have to be defined. In the example
shown in Figure 4.1, there are two task groups with 3 similar clients each. Note that
within a task group each client sees di↵erent data samples, but their model architectures
are the same. Going across task groups, model architectures can di↵er. More precisely,
the final layers of a model di↵er, while the underlying backbone architecture is consistent.
This is also depicted in Figure 4.1 with di↵erent head nodes. Once the task groups are
defined and clients are assigned, local training can begin, marking the first step of the
framework. This, and the following steps are depicted with Diamonds in Figure 4.1. Each
client of every group trains for a specified amount of epochs locally. Once the number
of epochs are completed, the intra-task aggregation round starts, triggering the second
step of the framework. In it, the clients exchange their backbone parameters within their
respective group and perform averaging on the collected backbones. This is similar to
the approaches discussed in the layer privatization Section 3.2.3, with the most influential
example being FedPer [20]. Afterwards, the cross-task communication round is triggered,
resulting in the third step of the framework. Now each group leader exchanges its back-
bone delta (the di↵erence between the intra-group averaged backbone and the backbone
at the start of the current local training round), with all other leaders of di↵erent groups.
Once the exchange is complete, the group leader conducts a simplified version of Hyper
Conflict Averse Aggregation (HCA), proposed by FedHCA2 [11]. This new backbone is
then exchanged in step 4 with all members of the corresponding groups, which update
their backbones accordingly. Once the cross-task communication is complete a new round
can start, beginning again at step 1. The framework is also depicted as pseudo-code in
Algorithm 1. The combination of ideas from FedPer [20] and FedHCA2 [11] motivated
the framework name: FedPer-HCA.
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Figure 4.1: Proposed Framework

The following sections provide a more detailed discussion of the intra-task and cross-task
aggregation mechanisms. Subsequently, the thesis will address additional considerations,
including leader selection, communication schemes, faults, stragglers, and late joiners.
Note that these three topics are not included in the pseudo-code to maintain clarity and
readability.

4.2.1 Intra-task Aggregation

The aggregation process within a task group is similar to FedPer [20]. After completing
the local training round and exchanging all backbone parameters, each client averages the
collected backbones and updates its own backbone accordingly. For a client the intra-task
aggregation update can be expressed as follows:

✓̄B =
1

N

NX

i=1

✓Bi (4.1)

Here ✓B are the backbone parameters and N represents the amount of clients per task
group. Such a simple federated averaging method has proven to work well, even if clients
have di↵erent final layers [20]. Therefore, with increasing task di↵erences such an approach
is expected to reach its limits. This is why the thesis also makes use of HCA aggregation
[11]. At this point it is important to note, that FedHCA2 [11] also implement some form of
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grouping and inter-group exchange, at least in their source code. However, their focus is
on the centralized setting. Additionally, FedHCA2 incorporates more techniques beyond
just HCA.

4.2.2 Cross-task Aggregation

Cross-task aggregation is more challenging. The model backbone parameters can di↵er
significantly, since they are focusing on di↵erent tasks. This problem results in dominant
and conflicting gradients, which are described in detail in Section 2.1.1. As reviewed in
Section 3.5, a few papers are addressing this issue. The most promising is FedHCA2

[11]. As such, the cross-task aggregation is a simplified implementation of the algorithm
proposed by FedHCA2 [11]. They define and proof the following theorem:

”Given clients with a shared encoder and multiple task-specific decoders struc-
ture, the gradient descent in the shared encoder of Multi-Task Learning is
equivalent to averaging parameter aggregation in Federated Learning, adding
an extra term r✓(0)hĝ

(p)
i , ĝ(q)j i that maximizes the inner product of gradients

ĝ(p)i and ĝ(q)j between all pairs of tasks i and j in each iteration p and q.” [11]

They acknowledge that the the inner product of gradients is a measurement of accordance,
meaning that maximizing the inner product corresponds to reducing the conflict of gradi-
ents. This is important as conflicting gradients can ruin a parameter update. Following
their description and formulas HCA, in the context of this thesis, can be explained as
follows:

The overall goal is to find an optimal aggregated update Ũ for the backbone parameters ✓B

of the group leaders during each communication round. This update minimizes conflicts
between group leader updates, while optimizing the main objective of finding Ũ . The
optimization problem defined by [11] is as follows:

max
Ũ

min
i
h�✓Bi , Ũi s.t.kŨ ��✓̄Bk  ck�✓̄Bk (4.2)

Here �✓̄B = 1
N

PN
i=1 �✓Bi is the average update from all group leaders, and c 2 [0, 1)

controls the update’s deviation from the average. The average update of a group leader
�✓Bi represents the di↵erence between the previous communication round backbone pa-
rameters and the current round backbone parameters. In the context of this thesis, this
translates to the backbone at the start and end (after intra-task aggregation) of a local
training round. The constraints ||Ũ � �✓̄Bk  ck�✓̄Bk ensure that the final update Ũ
stays close to the average update �✓̄B while allowing some flexibility (controlled by the
hyper-parameter c 2 [0, 1)). To solve the above, [11] use lagrangian optimization, which
they simplify to:

min
w

F (w) = U>
w�✓̄B +

p
�kUwk where Uw =

1

N

NX

i=1

wi�✓Bi , � = c2k�✓̄Bk2 (4.3)
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[11] conclude that the final aggregated update is:

Ũ = �✓̄B +

p
�

kUwk
Uw (4.4)

This final update balances client updates, while minimizing conflicts and keeping the
update close to the average direction. The final update Ũ is then added to each group
leader’s backbone. Following this, the group leader shares its new backbone with all
members of its task group, which update their backbone accordingly.

4.2.3 Additional Considerations

So far, the framework left out some important considerations. For instance, the exis-
tence of a leader was assumed. It was also not specified, whether an asynchronous or
synchronous communication scheme is employed. Lastly, the problem of faulty clients,
stragglers or late joiners was purposefully ignored as well. The reasons for this are that
implementing such schemes is not the primary focus of this thesis, as it requires a proper
decentralized setup across multiple computers. Therefore, while these issues may be con-
sidered somewhat secondary, the thesis still addresses them in the following sections and
suggests potential solutions for each. However, these proposed solutions are merely con-
ceptual and are not intended as definitive or robust implementations. As a result, they
are not considered in the implementation discussed in Section 5.

Leader Selection

Since the framework requires task group leaders, it is necessary to define how they are
selected. During the development of the framework, it was decided to implement rotating
leaders, similar to the approach used in Semi-DFL [6]. This approach appears fair, as it
distributes the additional computing requirements of being a leader across di↵erent group
members. During the initial setup, one group member is randomly chosen as the leader.
After each cross-task group aggregation round, the current leader randomly selects a new
leader and notifies the respective client. The leader then informs all other task group
leaders, who, in turn, relay this information to the new client leaders designated for their
own groups.

Communication Scheme

The thesis proposes a communication scheme, that does not require local clocks nor makes
use of random wake-ups like [103]. The communication mechanism can be considered
a mix between synchronous and asynchronous. It’s somewhat asynchronous, as clients
broadcast [58] their backbone parameters as soon as they are done with local training.
Yet, they still need to wait for other clients to share their backbone parameters in order to
perform the aggregation, making the process somewhat synchronous. Additionally, at the
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beginning of each communication round, a synchronization entity is required to provide
a start signal. Overall, the proposed approach operates as follows:

Once a client completes its local training round, it sends its backbone to all its neighbors.
Upon receiving the backbone, each neighbor sends an ”OK”response to indicate that they
are still active. If no ”OK” response is received, the client removes that neighbor from
its list, marking it as ”inactive”. After a certain period, the client checks in again. If it
still only receives an ”OK,” the neighbor is dropped and considered ”delayed”. This step
is necessary to prevent a very slow neighbor from delaying the entire federation. Once a
client has received all backbones from neighbors that are neither ”delayed” nor ”inactive”,
it proceeds with the aggregation. If the client is the leader, it sends the aggregated
backbone to all other leaders. Here the process is the same as within a group. A receiving
client leader has to send an ”OK” back, if it is still active. If after some time no backbone
is received, the leader follows up. If another ”OK” is sent, the leader gets dropped and
marked as ”delayed”. Like within a group, ”inactive” task group leader get dropped as
well. Once a new communication round starts, ”delayed”neighbours and leaders are reset,
meaning that they are treated like regular neighbours again. ”Inactive” Clients are not
reset and remain disregarded. If an ”inactive” client somehow becomes active again (ex:
through rebooting), it has to undergo the same process like a late joiner. This process is
described in the next subsection.

Late Joiners, Stragglers and Faults

If a client decides to join the federation at a later stage or was previously ”inactive” and
wishes to become active again, it must register with the current group leader. To do this,
it simply sends a message to the leader. After the current aggregation round is complete,
the leader shares the current group backbone with the newly joined client. The client can
then proceed with training like all other clients.

Another issue is the presence of faulty clients. Fortunately, with the communication
scheme described above, these faults are easily handled. A faulty client will not be able
to send back an ”OK”message, causing it to be marked as ”inactive”. Similarly, stragglers
(clients that are significantly slower [128]) will be marked as ”delayed” since they are
identified when clients check in after a predefined time period has elapsed. One thing
that bears mentioning but is not discussed, is the risk of malicious clients, that want
to actively send bad model updates [129]. For this, the thesis refers to already existing
propositions such as [129] and [130].

4.2.4 Comparison to existing work

As mentioned, a major inspiration for this framework was the FedHCA2 [11] framework.
This is particularly true for the HCA algorithm. However, FedHCA2 still relies on a central
server. As such, one major distinction is that the proposed framework of this thesis
models the problem in a decentralized manner. Also, FedHCA2 implements additional
sophisticated methods such as Hyper-weights and Encoder Attention Aggregation. The
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thesis decided against implementing such elaborate methods to keep the framework simple,
as every added complexity could result in more computing time needed on the client or
client leader. Keeping the complexity and thus competing power reasonable on edge
devices is crucial, as they are often confronted with resource constraints. Another major
inspiration for the proposed framework can be found in the realm of layer privatization
as described in 3.2. Examples like FedPer [20], DPFedMTL [87] and FedRep [88] worked
as a baseline. Especially FedPer was crucial, as the intra-task aggregation followed their
approach closely. This is why the intra-task aggregation approach is referred to as FedPer
in this thesis. However, Fedper, DPFEdMTl and FedRep did not consider DFL, nor
did they address the problem of conflicting and dominant gradients, which is especially
prevalent across di↵erent task types. Lastly, many FL approaches, be it CFMTL, DFMTL
or HCFMTL have implemented grouping mechanisms. It is noteworthy that FedHCA2

also employs grouping and inter-group aggregation, further underscoring its influence on
the proposed solution. Some even implemented dynamic grouping, based on metrics such
as the Euclidean L2 norm or cosine similarity. Examples include HeurFedAMP [93], CFL
[94], FairCFL [95] and FEDAC [96]. The proposed framework refrains from introducing
dynamic grouping but acknowledges it as an area for further improvement.



42 CHAPTER 4. ARCHITECTURE

Algorithm 1 Client Pseudocode
1: Input: List of connected intra-task group clients C, list of connected task group

Leaders L, number of epochs epochs, number of communication rounds rounds, leader
boolean isLeader

2: procedure Main
3: for r = 1 to rounds do
4: for e = 1 to epochs do . Local Training
5: ✓  Train
6: end for
7: for c in C do . Intra Task Communication
8: Send ✓B to c
9: Receive ✓Bc from c
10: end for
11: ✓B  Perform equation 4.1 with ✓B and all ✓Bc . Intra Task Aggregation
12: if isLeader then
13: �✓̄B  ✓B � ✓B�1

14: for l in L do . Cross Task Communication
15: Send �✓̄B to l
16: Receive �✓̄Bl from l
17: end for
18: Ũ  Perform equation 4.4 with �✓̄B and all �✓̄Bl . Cross Task Update
19: ✓B  ✓B + Ũ
20: for c in C do . Intra Task Communication
21: Send ✓B to c
22: end for
23: else
24: Wait until ✓Bl is received from Leader
25: ✓B  ✓Bl . Cross Task Aggregation
26: end if
27: end for
28: end procedure



Chapter 5

Implementation

Implementing the proposed framework is challenging due to its decentralized nature. Al-
though decentralization is simulated where possible, the framework operates on a single
machine. As a result, instead of implementing a fully decentralized environment, the
implementation primarily focuses on evaluating the proposed aggregation algorithm and
benchmarking it against other aggregation methods. The reasons for not adopting a fully
decentralized setup are discussed in detail in the final section of this chapter.

This chapter first provides a general overview of the code repository. Afterwards, it fo-
cuses on how the specific aggregation schemes were implemented, followed by a discussion
about the two main functionalities that a user can trigger: run and plot. The thesis
then addresses how reproducibility was ensured, followed by a discussion of the thesis’
limitations, primarily focusing on decentralization aspects. The link to the source code is
provided in Section 1.2.1.

This section does not aim to provide a comprehensive explanation of the source code,
covering each function in detail. Instead, it focuses on main functionalities and should
be used in conjunction with the source code itself. The source code includes a ReadMe,
docstrings and comments to clarify specific functions.

5.1 Overview of Code Repository

The repository is structured into six main folders: Checkpoints, configs, data, results,
figures and src. These six folders, and the sub folders of src, as well as the run.py and
plot.py files, are depicted in Figure 5.1. Please note that the folders checkpoints data and
results are dynamically created upon code execution, which is why they are visualized in
blue.

The primary purpose of each folder is as follows: Intermediate model checkpoints for the
clients are stored in the checkpoints folder during training. Upon completion, the clients,
along with their models, metrics and used configs, are saved in the results folder. If
subsequently figures are created, they will also be saved there. The data folder serves as
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Figure 5.1: Overview of the Code Repository

a central hub for storing datasets, while the src folder is responsible for organizing and
storing all source code files. The repository also includes some of the figures generated as
part of the thesis’ experiments in the figure folder. The reason why not all figures and
generated models were saved in the repository, is GitHub’s file size limitation. To access
all generated models and figures that were generated as part of the experiments discussed
in Section 6, please see the linked folder in Section 1.2.1.

Crucial parts of the implementation are located in the configs and src folders. Thus, the
thesis will spend some time explaining their features. Please note that this description
o↵ers a high-level overview of the general functionality and purpose of these code segments.
It is intended to serve as a starting point for those looking to explore the source code in
greater detail.

5.1.1 Configs Folder

The config folder contains configuration files for each experiment, defined using YAML
[131]. Each configuration file defines the title, tasks, number of clients per task, number
of aggregation rounds, seed, number of local training epochs per round, dataset, the save
location and the HCA hyperparameter. This parameter controls the impact of the hyper
conflict-averse aggregation. Additionally, the config file holds parameter to limit training
to a fraction of the dataset, which is highly beneficial for quickly testing code changes.
Significantly, a config file also determines the algorithms for inter-task and cross-task ag-
gregation, which allows the definition of the various aggregation schemes, introduced later
in this chapter. Another crucial piece of information specified in a configuration file is the
amount of backbone layers. This parameter determines how the model should be divided
into backbone and head components. Thus it defines the level of privatization, which will
explained further in Section 5.1.2. The benefit of using YAML-based configuration files
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is that they can be easily understood and modified. It also benefits the reproducibility
of the experiments, as the configuration file, including the used seed, automatically gets
saved into the respective result folder.

5.1.2 Src Folder

Located within the src folder are the sub folders client handling, data handling and mod-
els, as well as the run.py and plot.py files. The folders client handling, data handling and
models are covered in this subsection, while the run.py and plot.py files are discussed in
the later Section 5.3.

Client Handling

The client handling folder contains the Python scripts client manager.py, hca.py, client.py
and seed.py. The functions within client manager.py are used by run.py to create and
instantiate federation clients. The structure and functionality of a client are set within
the Client class, which is defined in client.py. At the time of instantiation, each client is
assigned an id, task type, title and a PyTorch [132] model. The instantiation also passes
information about the extent of layer privatization and the required data loaders. The
Client class defines functionalities such as checkpoint management, backbone extraction,
backbone averaging, training and testing. Additionally, it can also trigger the hyper
conflict-averse aggregation, which is defined in the hca.py script. The hca.py script is a
simplified implementation of the hyper conflict averse-aggregation scheme proposed by
[11], and reuses a lot of their code. The implementation of HCA is explained in more
detail in Section 5.2.4.

Data Handling

All files responsible for downloading and preprocessing datasets are located in the data
data handling folder. Like the client handling folder, it also contains a manager file
called data manager.py. This script is responsible for instantiating the corresponding
Data class, as each dataset has a dedicated class. Once instantiated, the dataset object
loads the dataset and applies various image transformation techniques to increase the data
diversity. It then splits the train and test dataset into the corresponding tasks, ensuring
that the data samples between the tasks do not overlap. Afterwards, it divides the task
samples into client subsets, which are eventually split further into train and validation
sets, as is standard in training neural networks. This approach ensures that each client
has access to its own training and validation data only, without any overlap with other
clients. All clients use the same test set within a task group to make the testing fair.
Eventually, the data object creates PyTorch based data loaders [132]. Using data loaders
is a common technique when using PyTorch. They provide an e�cient way to iterate
through datasets and make handling large datasets easier.
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Figure 5.2: Residual Block as Depicted by [133]

Models

Probably the most interesting folder is the last sub-folder of src, models. It contains an
abstract model class, from which all specific models inherit. This enforces a common
structure among models, making sure that each model at least implements its own for-
ward(), train(), validate() and test() function. In addition to that, it defines a method
to create the backbones and heads for each client and task. This function, called cre-
ate backbone and head(), takes the backbone layers definition of the config file and splits
the model into a backbone and a head. This modular approach allows using the de-
fined amount of backbone layers in the config file, enabling experiments with di↵ering
backbone/head splits.

The thesis uses three primary model types, each inheriting from the aforementioned parent
class: a single-label classification model, a multi-label classification model, and a landmark
detection model. All models are based on ResNet18 [133]. Residual Networks (ResNets),
as introduced by [133] are a deep learning architecture that addresses the problem of
vanishing gradients, a problem especially prevalent when training deep networks. The
number 18 refers to the total number of layers. ResNet18 is considered a smaller model,
making it well-suited for relatively simple tasks, like the ones examined in later sections
of this thesis. This is important as deeper networks might overfit on simple tasks [134].
The core innovation of ResNets is the residual block, depicted in 5.2. Residual blocks
learn residual functions, representing the di↵erence between the desired output and the
input x, rather than learning the entire mapping from scratch [133]. [133] showed that
this eventually leads to the following simple formulation: F (x) + x. To model this form,
the authors used feedforward neural networks and shortcut connections. These shortcut
connections are identity mappings and thus do not introduce additional computational
complexity, which is essential not to degrade performance [133].

The thesis uses the torchvision [135] implementation of ResNet18, together with the
torch.nn module [132] to create these models. However, one must remember, that the
ResNet18 implementation of PyTorch is divided into layer groups, which confusingly are
called layer1-layer4. Each of those layer groups contains two residual blocks with two
convolutional layers. This results in 16 layers, meaning there are still two missing. These
are the initial convolutional layer and the final fully connected layer. Note that, other
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model specifics, such as batch normalization layers, are not counted towards the layer
count.

Listing 5.1 presents a code snippet, depicting how the model is split into a a privatized
head and common backbone. The thesis conducted experiments with various degrees
of privatization. These experiments are described in Section 6.3. The most promising
configuration is depicted in the mentioned code snippet and represents the standard degree
of layer privatization used in Chapter 6.

Listing 5.1: Simplified Code Snippet Visualizing the Backbone/Head Layer Implementa-
tion

import torchvision

import torch.nn as nn

model=torchvision.models.resnet18(pretrained=False)

backbone = nn.Sequential(

model.conv1 ,

model.bn1 , # Batch normalization

model.relu , # Activation function to introduce non -linearity

model.maxpool , # Reduces spatial dimensions

model.layer1 ,

model.layer2 ,

model.layer3 ,

)

head = nn.Sequential(

model.layer4 ,

model.avgpool , # Reduces spatial dimensions

nn.Flatten (), # Converts feature map into 1D tensor

nn.Linear(in_features=model.fc.in_features , out_features=num_classes

, bias=True)

)

5.2 Aggregation Schemes

To evaluate the performance of the proposed framework, the code has to support dif-
ferent aggregation techniques. As such, the configuration file can specify four di↵erent
aggregation schemes. These include: No aggregation among clients (None-None), Intra-
Task Aggregation with FedPer (FedPer-None), Intra-Task Aggregation with FedPer and
Cross-Task Aggregation with FedPer (FedPer-Fedper), and lastly, the proposed approach:
Intra-Task Aggregation with FedPer and Cross-Task Aggregation with HCA (FedPer-
HCA). Figure 5.3 provides an overview of these 4 aggregation schemes. Once the models
have completed their local training round, the code checks the aggregation scheme defined
in the configuration file and continues accordingly.

In the following, the thesis gives a rough overview of how these four schemes were imple-
mented. For a more detailed explanation, please refer to the repository directly, as the
methods have comments explicitly explaining their intended purpose and functionality.
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Figure 5.3: Implemented Aggregation Schemes
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5.2.1 No Aggregation (None-None)

Implementing no aggregation at all is very straightforward. Once the clients have trained
for the specified number of epochs per aggregation round, the code simply jumps to the
next aggregation round, without inter or cross-task aggregation.

5.2.2 Intra-Task Aggregation with FedPer (Fedper-None)

Intra-task aggregation with FedPer requires the extraction and averaging of backbones
within a task group. Upon completion of a local training round, the clients exchange their
backbones with each other. The code does not build a fully decentralized environment to
model this communication, as this work was out of scope. Instead, it is assumed that the
clients receive the responsible backbones, without having to deal with stragglers, faults
or malicious nodes. In addition, for the purpose of the experiment, the client leader is
pre-selected and does not change. As changing the client leader would only increase code
complexity while still being unable to properly model leader selection, since the code only
runs on one machine. Eventually, once the client has received the backbones of all their
neighbours, they average their personal backbone with all the received backbones. In code,
this is done by calling the intra task backbone averaging() function within the run.py
script. This function iterates through all clients and generates a list of the neighbour
backbones. These are then averaged by calling the client’s average backbone() function.
Lastly the current backbone of each client is replaced by the the newly averaged backbone.

5.2.3 Intra-Task Aggregation with FedPer and Cross-Task Aggregation
with FedPer (Fedper-Fedper)

This aggregation scheme starts the same as the above-described FedPer-None approach.
However, once all the clients have their backbones averaged within their respective task
group, the leader shares the newly averaged backbone with the other task group leaders.
Each leader then averages its backbone with the one it has received. In the code, the
leader is designated as the first object in the list of clients per task, making the leader
selection straightforward. The code then iterates through all clients of the tasks and
replaces their backbones with the newly computed cross-task group average.

5.2.4 Intra-Task Aggregation with FedPer and Cross-Task Aggregation
with HCA (FedPer-HCA)

This is the proposed aggregation scheme of this thesis inspired by [11]. As such, it warrants
a close inspection.

Like the previous two aggregation mechanisms, FedPer-HCA also uses FedPer to aggregate
tasks within the task group. However, once the leader has received the averaged group-
based current and previous backbones, it starts the HCA mechanism. To do this, the
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leader client calls the conflict averse() function and passes the current and past averaged
backbones of itself and the other leader as arguments. In addition to these backbones,
it must pass the alpha parameter, controlling the extent of the hyper conflict averse
aggregation scheme. The conflict averse() function of the leader client then reroutes
the code to the conflict averse() function located in the hca.py script, which handles
everything related to the conflict-averse mechanism. The code in hca.py was created by
[11] and has only seen minor modifications as part of this thesis.

Once the conflict averse() function within hca gets called, the parameter dictionaries,
names, layers and shapes are extracted from the current and past backbones. These
parameter dictionaries, together with the layers, are flattened. Flattening is a technique
to transfer parameters into a single vector, allowing easier manipulation and comparison
of model parameters across models. In addition, the code calls get delta dict list() to get
the di↵erence of parameters between the current and previous averaged backbones. This
essentially calculates the update of one communication round prior to using hca. These
deltas are then used with the alpha parameter to call the get ca delta() function. This
function represents the core implementation of hca.

The function get ca delta() calculates the aggregated conflict-averse update delta, based
on the passed flattened parameter updates flatten delta list, using an optimization ap-
proach that considers the conflict-averse parameter. Therefore, it represents an imple-
mentation of the mathematical formula by [11], shown in 4.2.2. It starts by stacking the
parameter changes into a matrix called grads. Each column within that matrix repre-
sents a di↵erent flattened update. Based on this, a gram matrix [136] is computed. This
matrix captures the relationships and conflicts between these changes. The parameter
alpha influences how strongly the function should penalize conflicting updates, a↵ecting
the overall smoothness of the optimization. Additionally, an objective function objfn is
defined. This function incorporates alpha into a combination of linear and square root
terms. This minimizes conflicts while maintaining e↵ective updates. The optimization
uses scipy.optimize.minimize [137] to find the optimal set of weights ww that minimize
the above objective, reflecting the contribution of each gradient to the final update. After
obtaining the weights, a weighted sum of the gradients gw is computed, and a scaling
factor lmbda, dependent on alpha, is applied to adjust the aggregated update. The final
update is calculated based on the rescale and alpha parameters, where an increase in
alpha reduces the magnitude of the final update. To summarize: The get ca delta() func-
tions returns the conflict-averse update, with alpha managing how aggressively conflicting
gradients should be addressed.

Once the conflict-averse update is calculated and applied to each averaged task group
backbone, these updated task group backbones replace the backbones of the clients within
their respective groups. It is important to note that this process results in distinct back-
bones for each group, as the backbones are not averaged across groups but are instead
adjusted slightly in a specific direction with the hyper conflict-averse update.
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5.3 Available User Interactions

When using the implementation, one can run a federation or plot the results of runs.
Examples of these commands, as well as instructions on how to install the implemetation
can be found by following the link to the source code provided in Section 1.2.1.

5.3.1 Run

In order to run a federation a user needs to reference the configuration files and pass them
as an argument. This will trigger the run.py file. Based on the provided configs, the
code will, if necessary, download the required data. Following this, the dataset will be
preprocessed and the dataset specific dataloaders will be generated. These dataloaders,
together with information about the experiment and the applicable model, are used to
instantiate the specified amount of clients and tasks, by passing this information to the
client manager.py and client.py. Currently the setup only supports two di↵erent task
types per federation, but this could easily be extended in the future.

Once the clients are generated, the training starts. The code iterates through the tasks
and respective clients and trains them for the specified amount of epochs. Once a training
round is complete, the aggregation round starts. Potential aggregation approaches are the
above-introduced setups: None-None, Fedper-None, Fedper-Fedper, and Fedper-HCA.
After successful aggregation, the models resume training. Once all aggregation rounds
are completed, the final model is tested and saved to the results folder.

5.3.2 Plot

A user can generate plots and tables by starting plot.py and passing the results that
shall be visualized. The script first loads the results specified and then iterates through
them, visualizing each. A user can also define whether cross-configuration plots shall be
generated. These plots compare di↵erent setups, like di↵erent aggregation schemes or
levels of layer privatization. The plots show the average of di↵erent experiments, making
comparison among them more accessible. Again, example commands for plotting and
table creation can be found by following the link to the source code provided in Section
1.2.1.

5.4 Reproducibility

A significant challenge when training neural networks is reproducibility. Given the in-
herent randomness in training models, one has to try to limit potential sources of non-
deterministic behaviour. The first step towards reproducible code can be made by relying
on a package management system. For this Conda [138] was chosen. Conda is an open-
source tool for package and environment management. It allows users to easily install,
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update, and manage software packages. More importantly it allows the creation of vir-
tual environments. Such an environment was defined for this implementation, enabling a
user-friendly setup experience and comparable computing environments.

While using a virtual environment is great, it does not address the randomness introduced
by functions prevalent in neural network training. A lot of potential non deterministic
behaviour can be addressed but it is stated that full reproducibility is not always possible
with PyTorch, especially between CPU and GPU executions, even when identical seeds
are used [139]. As running the experiments on a CPU would not be feasible anyway, the
thesis focuses on GPU reproducibility. Every experiment has its own seed that controls
various sources of randomness, such as numpy, torch and Python’s random functions. In
addition to that, the thesis followed the PyTorch Guideline on reproducibility [139] and
forced PyTorch to use deterministic algorithms. This forces the PyTorch library to use
operations that produce the same result upon code reruns, regardless of the hardware or
execution environment.

5.5 Limitations

The main objective of the implementation is to test the proposed frameworks performance
against other aggregation mechanisms. Given the time constraints, it was not possible
to implement the framework fully decentralized, nor was it possible to cover all potential
challenges, such as faults and stragglers.

5.5.1 Decentralization

Implementing the proposed framework to simulate a decentralized behaviour is non-trivial.
While the research group at the University of Zurich uses a decentralized platform for FL,
extending the platform to incorporate the framework was not feasible. This is because the
platform was not built with MTL in mind. Extending it to manage clients with di↵erent
datasets, models and aggregation mechanisms, has been deemed too time-consuming,
given the thesis time constraint of 6 months. Alternatively, the thesis investigated the
feasibility of leveraging multi-threading. The idea was to assign each client its own thread,
allowing parallelization. However, this approach severely limits the number of simulated
clients, as one quickly reaches the hardware capacity. Therefore, it was decided to focus
on the performance of the proposed framework, as a proper decentralized implementation
would only be warranted if the framework shows promising results anyway.

5.5.2 Leader Selection, Faults, Stragglers and Late Joiners

The topics of leader selection, faults, stragglers and late joiners were discussed in the pre-
vious Section 4.2.3. Potential solutions to these problems have been proposed. However,
implementing and investigating these challenges requires a proper decentralized setup,
which, as explained above, was not feasible. As such, leader selection, faults, stragglers
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and late joiners are not implemented. Instead, the framework chooses the first client of a
task group as a leader without changing the leader after initial setup.
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Chapter 6

Evaluation

Two heterogeneity types were investigated to evaluate the performance of the proposed
architecture: class label heterogeneity and task heterogeneity. For both of these het-
erogeneity types, a specific dataset was chosen. After initial tinkering and intermediate
results, it was decided to run three experiments for each heterogeneity type and conse-
quently dataset.

The thesis first compared di↵erent aggregation frequencies within the proposed FedPer-
HCA framework and found that aggregating every second training round was optimal.
This finding was then used in subsequent experiments. Next, it explored various levels of
layer privatization. The backbone/head split, which was eventually chosen, has already
been depicted and discussed in Listing 5.1 and Section 5.1.2, respectively. Note that,after
the backbone head split was selected, the first experiment had to be rerun with the
appropriate split. Finally, the most exciting experiment was the evaluation of di↵erent
aggregation schemes. This experiment compared the proposed FedPer-HCA framework
with the previously discussed None-None, FedPer-None and FedPer-FedPer aggregation
mechanisms. A visualization of these schemes can be found in the previous chapter in
Figure 5.3. The experiments and their goals are depicted in Table 6.1.

In the following, the thesis will explain the experiment setups. Afterwards, the experi-
ments will be presented and discussed independently, while considering both class label
and task heterogeneity. Finally, the chapter concludes with a broader discussion of chal-
lenges faced and main takeaways. Additional plots can be found in Appendix B and on
the Google Drive referenced in Section 1.2.1. The code for the experiments is linked in
the same Section 1.2.1.

6.1 Setup

As discussed, the experiments focus on class label and task heterogeneity. To assess
how client performance is impacted by these heterogeneity types, the thesis will present
a range of evaluation metrics. Once the metrics have been established, the thesis will
describe class label and task heterogeneity separately. It will motivate both and describe
the chosen dataset, federation structure and model specifics.

55
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Table 6.1: Experimental Evaluation of the Proposed Framework
Experiment Goal
Aggregation Frequency Determine a suitable aggregation frequency for the

proposed framework.
Degree of Privatization Determine a suitable backbone/head split for the

proposed framework.
Aggregation Scheme Use the above experimental findings to compare

the proposed framework with other aggregation
schemes.

6.1.1 Examined Metrics

The experiments will demonstrate model performance on four widespread metrics: loss,
precision, recall and f1. While they influence each other, each of them shows di↵erent
aspects of model performance.

The loss quantifies the di↵erence between the network’s predictions and the target values.
It is crucial for training a model, as the learning process aims to minimize this loss. It
does so by adjusting the network’s weights through backpropagation and optimization
algorithms (e.g., Gradient Descent). Many di↵erent loss functions exist which are chosen
depending on the network’s task. Well known loss functions are the Mean Squared Error
(MSE) and the Cross-Entropy loss. The MSE calculates the average of the squared dif-
ferences between predicted and actual values, making it suitable for regression problems.
Compared to this, the Cross-Entropy loss is often used for classification tasks, as it mea-
sures the di↵erence between two probability distributions. Generally, the lower the loss,
the better the network.

However, the loss metric might not always accurately represent the performance of a
network. This is especially true in situations where the data is imbalanced. Consider a
dataset with 100 images, of which 90 are dogs and 10 are cats. If the model is capable of
predicting dogs very well, it will result in a low loss, even if all cats are wrongly classified.
This issue can be addressed with the metrics precision, recall and f1.

Let us continue with the above example, describing the metrics from the ”cat”perspective.
The cat precision shows how many images classified as cats, are actually cats. Hence, a
high cat precision shows that the model is usually correct when classifying an image as
a cat. Contrary to this, the cat recall measures how many images containing a cat, were
correctly classified as such. Therefore, a high recall means the model only missed a few
cat images. Let’s say the model classifies almost all of the 100 images as cats. That
means that the recall is very high, since it probably caught most cat images. However,
the precision must be very low, since the dataset only contains 10 cats, resulting in many
wrongly classified images. These two metrics can be combined into the f1 score. This
metric provides a unified score that shows how well the model performs while considering
both metrics.

In the following experiments the precision, recall and f1 are calculated using torchmetrics
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[140] with the ”micro” averaging strategy. That means that the metrics are computed
across all classes. Referring to the example above, the metrics are calculated by using the
total counts of true positives, false positives, and false negatives of the dog and cat classes
combined, resulting in a single precision, recall and f1. Note that the test metrics do not
extend across task groups in the following experiments. That is because the class labels
(in the class label heterogeneity setup) and the tasks (in the task heterogeneity setup)
di↵er among task groups. As such, each task group has its own loss, precision, recall and
f1.

6.1.2 Class Label Heterogeneity Setup

As discussed in 2.2.3, class label heterogeneity refers to a federated environment in which
clients train a model on di↵erent subsets of class labels [64]. This environment can be
modelled by assigning each client the same model architecture with an identical number of
output features. However, given that each client only encounters a subset of all possible
labels, such an approach seems counter-intuitive and might negatively impact learning
performance. Also, it requires that each client is aware of all possible labels, potentially
leading to a privacy risk. To address this, the model has to be split into a head and
backbone, as described in previous sections of this thesis. Clients that encounter the
same set of class labels are grouped together to form a task group. Consequently for the
three experimental setups where aggregation is necessary, only the backbone is shared
among clients. Although sharing the entire model within a group is possible, it was
avoided to maintain consistency in the experimental setup.

Setting up the class label heterogeneity experiment involves selecting an appropriate
dataset, defining the federation structure, and choosing a suitable model architecture.
The implementation of this setup can be found in the repository linked in Section 1.2.1.

Dataset

The CIFAR-10 [21] dataset was chosen to create such a federated environment. The goal
when using it for image classification tasks is to classify each image into one of the 10
di↵erent classes of the dataset. Some exemplary research in the realm of FL that makes
use of the CIFAR-10 dataset are the previously introduced FedEM [56], FedU [63] and
MTFL [66] frameworks. The dataset holds 60000 32x32 color images, with 6000 images
per class. The relatively low complexity of the task and small image size makes using
shallower models suitable, resulting in less computing time. Important to note is that the
classes are mutually exclusive, meaning there is no overlap between classes. Figure 6.1 by
[141] gives an overview of the existing classes accompanied by example images.

Federation

Two task groups were created to model a federated environment with class label hetero-
geneity: animals and objects. As such, the clients of the animal group only see images
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Figure 6.1: Cifar-10 Dataset as Visualized by [141]

with the labels bird, cat, deer, dog, frog and horse. Conversely, the object group clients
only see images labelled airplane, automobile, ship and truck. The federation itself holds
6 clients, with both of the groups holding three clients each. The dataset is split into a
train and test set of 50’000 and 10’000 images respectively. To support this setup, the
train and test datasets are further divided into dataset containing either animal or object
images. All clients of the same group receive the same test dataset. The train splits are
evenly distributed to the clients according to their group, with no overlap among clients.
The training data for each client is further split into a training and validation set with
a ratio of 0.2. This approach ensures that each client has its own unique training and
validation data while guaranteeing that all clients within the same group use the same
test set. Since each client only sees a subset of all data samples, the risk of overfitting is
high. Hence, various image transformation techniques were applied, such as Randomized
Cropping, Randomized Flipping and Color Jittering. Generally, all clients are trained
for a total of 30 epochs, with an aggregation round after every second epoch. This is
true for all models, except the ones taking part in the aggregation frequency experiments.
The results of these experiments motivated the choice of two local training epochs per
aggregation round. The aggregation frequency experiments are presented and discussed
in Section 6.2.1.

Models

Each client uses parts of a non-pretrained Resnet18 [133] model as backbone, as described
in Section 5.1.2. Since the object group clients encounter four labels and the animal group
clients train on six di↵erent labels, the shape of the final output tensor does not match,
making a backbone/head split necessary. At the very least, the last linear layer of the
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respective model needs to be tailored to each specific task group because each group
has a di↵erent number of output classes. In other words, since the output dimensions
vary between groups, a shared final layer does not work. The experiments in Section 6.3.1
inspired the following backbone head split. Each single-label classification model creates a
head with the final block of ResNet18 and a final output layer. The exact implementation,
including additional model specifics like pooling, is described and visualized in the previous
Section 5.1.2. Each model focused on class label heterogeneity uses Cross Entropy Loss
and Stochastic Gradient Descent with a learning rate of 0.01, momentum of 0.9 and weight
decay of 1e-3. Please see the provided source code for the complete implementation.

6.1.3 Task Heterogeneity Setup

Compared to label heterogeneity, task heterogeneity is more complex. In label heterogene-
ity, all clients, regardless of their group, work on tasks of the same type [64]. However, this
is not true for scenarios involving task heterogeneity. For instance, instead of all clients
solving tasks of the same type, some might conduct image classification while others han-
dle object detection. When tasks di↵er to this extent, implementing at least task-specific
final layers becomes essential. Furthermore, they may require distinct loss functions and
optimizers, adding complexity to cross-task aggregation. As a result, dividing the models
into an aggregatable backbone and task-specific heads is one approach to facilitate an
aggregation-based solution. More information about task heterogeneity is provided in
Section 2.2.3.

Like the class label heterogeneity experiment, the task heterogeneity experiment also
involves selecting an appropriate dataset, defining the federation, and choosing a suitable
model architecture. Like for the class label heterogeneity setup, the code is available and
linked in Section 1.2.1.

Dataset

A suitable dataset for task heterogeneity must support more than one task setting. There-
fore, the previously used CIFAR-10 dataset is not applicable. In addition to accommodat-
ing multiple tasks, the dataset should still o↵er relatively simple tasks and use reasonably
small image sizes. This ensures that the federation can be run and tested on standard GPU
hardware, making the experiments easily reproducible at home. If results are promising,
scaling to more complex tasks can be done at a later stage with potentially more powerful
hardware, or by simply committing more computing time. As such, common large-scale
MTL datasets like COCO [142] or NYU Depth V2 [143] are not suitable. Eventually, the
thesis decided on the CelebA [22] dataset. It consists of more than 200’000 face images
belonging to more than 10’000 di↵erent celebrities. An example image of the CelebA
dataset is depicted in 6.2. Each image comes with up to 40 binary attributes and five
landmark locations, making the dataset suitable for a wide range of tasks such as face
attribute recognition, face detection, landmark localization, face editing and more [22].
While not as well known as the CIFAR-10 dataset, it has gathered attention, especially
for experiments focusing on facial features [144], [145]. The thesis decided to use face
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Figure 6.2: An Image of the CelebA Dataset with Labels as Depicted by [22]

landmark detection and face attribute classification to model heterogeneous tasks, similar
to a previous study by [77]. This modelling results in two distinct task groups. One group
of tasks are training to classify face attributes, while the others perform face landmark
detection.

Federation

As mentioned, the thesis utilizes face landmark detection and face attribute classification
to represent two distinct task groups, thereby capturing task heterogeneity. The face
landmark detection task involves predicting key points in an image, such as the nose,
eyes, and mouth edges. In contrast, the multi-label classification task assigns one or
more of 40 possible face attributes to an image. Similar to the class label heterogeneity
experiments, six clients are defined, each belonging to one of the two groups. To save
computing time and resources, only 40 percent of the dataset was used for training. Each
task group receives half of the reduced dataset and distributes it evenly among its clients,
who then split their training data into training and validation sets with a ratio of 0.2.
Again, all clients of the same task group have the same test dataset. Randomized Rotation
and Horizontal Flips are introduced to combat overfitting. Like the setups with class label
heterogeneity, all clients are trained for a total of 30 epochs, with an aggregation round
after every second epoch. As previously discussed, this is true for all models except the
ones taking part in the aggregation frequency experiments presented in Section 6.2.2.

Models

The face landmark detection and the multi-label classification task make use of non-
pretrained ResNet18 models, like in the class label heterogeneity setup. Again, please
see the Section 5.1.2 for an explanation of ResNets. The models are split into a common
backbone and task-specific heads. The head holds the final output layer and the last block
of ResNet18, as defined by torchvision [135]. The experiments in Section 6.3.2 motivated
a split where the privatized head contains the final torchvision block of ResNet18 and a
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final output layer. Please see listing 5.1 and Section 5.1.2 for a detailed depiction and
explanation of this implementation. Compared to the previous experiment, the tasks
di↵er more significantly. Face attribute detection is a multi-label classification task, while
face landmark detection translates to a regression task. These di↵erences require the
use of di↵erent hyperparameters. Therefore, the multi-label classification models use a
Binary Cross Entropy Loss and an AdamW optimizer with a low learning rate of 5e-5
and a weight decay of 5e-3. The facial landmark detection models use a standard Mean
Squared Error Loss as well as an Adam optimizer with a learning rate of 5e-4.

6.2 Impact of Aggregation Frequency on the Framework

The first experiment focused on the frequency of aggregation rounds. Hence, the goal was
to determine how many local epochs a model should train in the FedPer-HCA framework
to reach good performance. To examine this, the thesis investigated class label hetero-
geneity and task heterogeneity separately. For each heterogeneity type the thesis trained
three federations. Each federation holds two task groups as defined in Section 6.1. The
first federation performed the FedPer-HCA aggregation scheme after every second local
training round. The second and third did so after every third and fifth epoch. This re-
sulted in the training of 18 models per heterogeneity type, resulting in 36 models total.
That is because there exist three clients per task group, two task groups per federation
and three federations per heterogeneity setup, of which there exist two. All models were
trained on a Nvidia GeForce 3080. Overall training time of this experiment added up to
approximately five hours.

6.2.1 Aggregation Frequency and Class Label Heterogeneity

Figures 6.3 and 6.4 depict the averaged test metrics for the CIFAR-10 animal and objective
classification clients respectively. The best value per column is indicated with opening
and closing brackets. Looking at Figure 6.3, one can observe that the most frequent
aggregation scheme produces the best test values in all metrics for the animal classification
task group. Interestingly, this is not the case for the object classification task group,
visualized in Figure 6.4. However, the values in the object classification task group with
two epochs per aggregation round don’t di↵er much from the ones with three epochs per
aggregation round. One can also see that the recall, precision and f1 score metrics are
relatively close to each other. This was expected as the dataset is distributed evenly,
meaning clients have the same amount of data samples per class. While the thesis also
observes that the overall performance of the animal classification task is significantly
better, this topic is postponed to the main analysis in Section 6.4.

A potential answer to the question of why worse performance with two epochs per aggre-
gation round was observed for object classification, can be found in its training dynamics,
depicted in Figure 6.6. While the validation loss and f1 score seem to perform better
overall, compared to less frequent aggregation schemes, they don’t do so consistently.
There are various small drops in performance during training that, result in it falling
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Figure 6.3: Average Client Test Metrics for Animal Classification with Di↵erent Epochs
per Aggregation Round

Figure 6.4: Average Client Test Metrics for Object Classification with Di↵erent Epochs
per Aggregation Round

behind less frequent aggregation schemes. The slight decline beginning at epoch 25 is
particularly problematic, as it is likely the main reason why the final test performance
of aggregating every second round lags behind the less frequent scheme. Early stopping
would be a potential solution to this problem. But if early stopping would be applied,
the animal classification task group could be impacted in unforeseen ways, so the thesis
decided against implementing such a mechanism and leaves that open for future research.
Figure 6.5 paints a similar picture for the animal classification validation loss and f1 score,
where the frequent scheme with two local training epochs significantly outperforms the
less frequent ones by a wider margin.

The thesis concludes that an increase in the aggregation frequency has the potential to
increase the performance of the FedPer-HCA framework in this experimental setup. As
such, it was decided to conduct all remaining class label heterogeneity experiments of
this thesis, with two epochs per aggregation round. The setups slight decrease in perfor-
mance in the object classification group was weighted less than the relatively significant
performance gain observed in the animal classification group.

6.2.2 Aggregation Frequency and Task Heterogeneity

Similar to the aggregation frequency experiments conducted with class label heterogeneity
on the CIFAR-10 dataset, the impact of aggregation frequency in scenarios with hetero-
geneous tasks also shows mixed results. Figure 6.7, depicting the test metrics of the face
attribute classification task, shows a performance increase with more frequent aggrega-
tions. Interestingly, one can observe a stark di↵erence between the precision, recall and f1
metrics. The low recall makes sense. Given that it is a multi-label classification task with
40 labels, it seems challenging to predict them all confidently. Surprising to the author is
the relatively high precision, indicating that if a model predicts an attribute, it is often
correct. This precision lifts up the whole f1.

The training dynamics of the face landmark classification task in Figure 6.9 provided
some interesting insights. The f1 clearly illustrates the advantage that aggregating after
every second training round has over the less frequent schemes. Moving on to the second
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Figure 6.5: Average Client Validation Metrics for Animal Classification with Di↵erent
Epochs per Aggregation Round

Figure 6.6: Average Client Validation Metrics for Object Classification with Di↵erent
Epochs per Aggregation Round
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task, landmark detection, the best performance is notably achieved with three aggregation
rounds per epoch. The reason for this remains unanswered. Note that Figure 6.8 does
not depict precision, recall and f1 metrics. That is because they do not directly apply to
the implemented regression task. It is also worth noting that, the mean squared error loss
is shown since it is a regression task. Hence, there is a big di↵erence in values compared
to the loss of the face attribute classification task. Investigations of the resulting face
landmark detection loss plot did not provide any additional insights. That is why it is
not shown here. It, among all other plots, are accessible via the links provided in Section
1.2.1.

In conclusion, the thesis opted for two local training epochs per aggregation round, similar
to the class label heterogeneity setting. Although the performance gains in the face
attribute classification task group were minor, they were su�cient to justify the slight
performance decrease in the face landmark detection task group.

6.3 Impact of the Privatization Degree on the Framework

In addition to variations in aggregation rounds, explored in the previous section, the
number of privatized layers (i.e. non-aggregated layers) can also vary. As discussed in
Section 2.3.1, FMTL is often a subfield of PFL. This also applies to this thesis. As such,
privatizing the model layers by only aggregating a subset of the backbone seems intuitive
to increase privatization. However, if privatization is pushed too far, the ”knowledge” of
other task groups will have little to no positive e↵ect on the model. This experiment was
motivated by [20]. They found that having at least one block as part of the privatized
head in a Resnet34 does improve client performance. The thesis wanted to investigate if
that is also true for ResNet18 in combination with the proposed FedPer-HCA framework.

The thesis examined the e↵ect of three di↵erent degrees of layer privatization on the
proposed framework. Note that this work follows the terminology of torchvision’s [135]
ResNet18 implementation, described in 5.1.2. As such, a layer refers to a group of two
residual blocks, containing two convolutional layers each.

The first degree of layer privatization only privatizes the head, meaning the final fully
connected layer. As such, the thesis refers to this setup as fully shared backbone, which
translates to no reduction of the backbone layers (BL-0). The second degree reduces
the backbone layer groups by one (BL-1) and adds it to the privatized head. Finally,
the third privatization degree reduces the backbone layer groups by two (BL-2) and adds
them to the privatized head. The BL-1 setup is depicted in the code snippet 5.1 in Section
5.1.2. Note that the BL-0 section, moves the model.layer4 out of the head and into the
top of the backbone. Conversely, the BL-2 model setup moves the model.layer3 into the
privatization head.

Given these three di↵erent layer privatization setups, the thesis ran six federations with
the proposed framework, three on each heterogeneity type. Again, this resulted in the
training of 36 clients. That is, because there exist three clients per task group, two task
groups per federation and three federations per heterogeneity setup, of which there exist
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Figure 6.7: Average Client Test Metrics for Face Attribute Classification with Di↵erent
Epochs per Aggregation Round

Figure 6.8: Average Client Test Metrics for Face Landmark Detection with Di↵erent
Epochs per Aggregation Round

Figure 6.9: Average Client Validation Metrics for Face Attribute Classification with Dif-
ferent Epochs per Aggregation Round
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Figure 6.10: Average Client Test Metrics for Animal Classification with Di↵erent Degrees
of Privatizations

Figure 6.11: Average Client Test Metrics for Object Classification with Di↵erent Degrees
of Privatization

two. Training was conducted on a Nvidia GeForce 3080 and took approximately five
hours.

6.3.1 Degree of Privatization and Class Label Heterogeneity

Consider the Figures 6.10 and 6.11 depicting the averaged client test metrics per priva-
tization degree. One can observe that the animal classification clients perform the best
on BL-1, albeit, with a reduced precision compared to BL-0. For object classification,
the results are painting a di↵erent picture. There BL-0 outperforms BL-1 and BL-2.
Generally, performance su↵ers slightly with an increase in privatization, which becomes
apparent when examining the Figures 6.12 and 6.13. There, BL-1 tends to be positioned
between BL-0, which performs better and BL-2 which performs worse. This indicates that
by reducing privatization and consequently increasing parameter aggregation, the models
perform better with the proposed FedPer-HCA framework. This is good news! Since it
hints at the benefits of using the proposed FedPer-HCA framework over local training, as
local training would translate to complete privatization.

Given these results, it would seem logical to chose BL-0 for all subsequent experiments.
But, the thesis made the conscious decision against this. This has two reasons. For one,
the results of BL-0 and BL-1 are somewhat similar, with BL-1 actually outperforming BL-
0 in some metrics. Therefore, picking one over the other only makes a minor di↵erence.
Second, and that is crucial, with reduced parameter aggregation, the data that has to be
transferred through a network and the computational complexity of the aggregation steps
are reduced. While this is of no concern for the simulated federation, it might be for real
FL environments. Hence, the minor decrease in model performance was accepted to gain
this hypothetical reduction of data transfer and computational complexity.

6.3.2 Degree of Privatization and Task Heterogeneity

By examining the Figure 6.14, which shows the averaged client test metrics per privati-
zation degree, one can see that BL-1 outperforms BL-0 and BL-2 on all metrics except



6.3. IMPACT OF THE PRIVATIZATION DEGREE ON THE FRAMEWORK 67

Figure 6.12: Average Client Validation Metrics for Animal Classification with Di↵erent
Degrees of Privatization

Figure 6.13: Average Client Validation Metrics for Object Classification with Di↵erent
Degrees of Privatization
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Figure 6.14: Average Client Test Metrics for Face Attribute Classification with Di↵erent
Degrees of Privatization

Figure 6.15: Average Client Test Metrics for Face Landmark Detection with Di↵erent
Degrees of Privatization

the loss. While confusing at first, one has to keep in mind that the CelebA dataset used
for the face attribute classification task, does not have its attributes evenly distributed.
In such a scenario, the loss is not that reliable.

A very noteworthy e↵ect can be observed when looking at Figure 6.16. BL-0 su↵ers a
slight drop in performance after the first aggregation round and a considerable drop in
performance after the second. BL-1 and BL-2 are not a↵ected by these initial drops.
Intuitively, this makes sense. BL-0 dealt with heterogeneous tasks while sharing almost a
complete model. Such a scenario was expected to su↵er some performance hits. That is
because the models might di↵er so heavily that even HCA can not appropriately compute
a conflict-averse update. To be more precise, it can not with the standard alpha hyperpa-
rameter of 0.4. Thus, an interesting follow up experiment would be to change the alpha
parameter and measure its impact on performance. The thesis assumes that an increase
in alpha would reduce the significance of that drop, given that with an increase in alpha
the applied update is reduced, as described in 5.2.4. While the loss value of BL-0 on the
landmark detection task is lower than that of BL-1, as depicted in Figure 6.15, the lead
is relatively small. Sadly, the training dynamics of the landmark detection tasks do not
provide any additional insights and are thus not plotted here. Again the plot is available
by following the link presented in 1.2.1.

To summarize the above findings, the thesis finds that aggregating almost the complete
model with this setup is not appropriate. BL-0 has only a small lead over BL-1 when
considering the test loss values. But, it su↵ers a huge drop in performance after the
second aggregation round, leading to delayed model quality. Finally, it also encounters
worse performance on f1, precision and recall, when compared to BL-1. All of these
observations lead the thesis to take the BL-1 setup for the other experiments. Note, the
previous experiments regarding aggregation frequency were rerun with the BL-1 setup,
as these experiments initially used BL-0. However, this is already accounted for in this
thesis. As the experiments in Section 6.2 were already presented with BL-1.
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Figure 6.16: Average Client Validation Metrics for Face Attribute Classification with
Di↵erent Degrees of Privatization

6.4 Evaluation of Di↵erent Aggregation Schemes

Having determined an appropriate aggregation frequency and the degree of layer privati-
zation, the proposed framework is ready to be compared with other aggregation schemes.
The thesis acknowledges that the other schemes did not have the benefit of going through
aggregation frequency and layer privatization testing. Thus, they will use the same amount
of privatized layers and aggregation frequencies as the the proposed FedPer-HCA frame-
work. While this makes the results comparable, it also might mean that the compared
aggregation schemes might perform better with di↵erent degrees of privatization or ag-
gregation frequencies. Regardless, every scheme needs to be evaluated under the same
conditions to have a fair comparison.

Both heterogeneity setups were run with the four di↵erent aggregation schemes. As
previously introduced, these include the proposed FedPer-HCA, None-None, FedPer-None
and FedPer-FedPer. These schemes have been discussed at length in Section 5.2 and will
not be explained again here. For information about the two examined heterogeneity types,
their datasets, federation setups, models and hyperparameters, please see Section 6.1.2 and
6.1.3 respectively. Each aggregation scheme was run once on the class label heterogeneity
setup and once on the task heterogeneity setup. This resulted in running eight federations,
with in total 48 trained clients. That is, because there exist three clients per task group,
two task groups per federation and four federations per heterogeneity setup, of which
there exist two. Aggregation was conducted after every second local training epoch,
except in None-None, where no aggregation occurs. Layers were privatized according
to the previously discussed BL-1 scheme. Again, training was conducted on a Nvidia
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Figure 6.17: Average Client Test Metrics for Animal Classification with Di↵erent Aggre-
gation Schemes

Figure 6.18: Average Client Test Metrics for Object Classification with Di↵erent Aggre-
gation Schemes

GeForce 3080, but given the increase in total client count, the computing time increased
to approximately 8 hours.

The main goal of this experiment is to evaluate whether clients that leverage knowledge
across task groups perform better on their own task. The hope is that the proposed
FedPer-HCA framework outperforms other aggregation schemes.

6.4.1 Aggregation Scheme and Class Label Heterogeneity

The Figures 6.17 and 6.18 show the test metrics after 15 aggregation rounds with a total
of 30 epochs. Note that the depicted values are the averages of the three involved clients
per experiment, and the precision, recall and f1 were calculated as described in 6.1.1. As
always, the best value per column is indicated with opening and closing brackets. Looking
at Figure 6.17, depicting the di↵erent aggregation schemes on the animal classification
task, it is evident that the proposed framework outperforms the other schemes across
all metrics significantly. The results are also promising when taking Figure 6.18 into
account, which shows the same metrics but on the object classification task. While the
proposed FedPer-HCA has the lead in precision, recall and f1 score, the loss is lower
for the FedPer-FedPer scheme. Overall, the performance gain of FedPer-HCA on object
classification is relatively minor compared to the performance gain on animal classification.
precision recall and f1 all hold similar values within a task group, which is expected in this
setup, since the class labels are evenly distributed within a task group. Training locally
(None-None), without any aggregation mechanism, provides the worst results overall, in
both animal and object classification. Aggregation via backbone averaging within a task
group (FedPer-None) performs significantly better than local training. Again, this is true
for animal and object classification. Excluding the loss value, FedPer-FedPer performs
similarly to FedPer-None in the case of animal classification and almost reaches the values
of FedPer-HCA in object classification.
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To better understand the training dynamics and to visualize the superiority of the pro-
posed framework in this experiment, one can also look at the gathered validation metrics.
These are depicted in Figure 6.19 and 6.20. As for the test metrics, the plotted valida-
tion loss and f1 represent the average of the three clients per aggregation scheme and
task. Looking at the two Figures 6.19 and 6.20, it is evident that the suggested frame-
work outperforms the other three experimental setups in classifying animals and objects.
However, in animal and object classification it takes about five epochs until the proposed
FedPer-HCA framework can clearly surpass the other aggregation schemes. Interestingly,
the performance of FedPer-HCA on the object classification task seems to degrade after
25 epochs. This is indicated by an increasing loss value and decreasing f1. However, since
this is not the case for the animal classification task, early stopping would be di�cult to
justify at this stage, as this might be a temporary performance decline. Figure 6.20 might
also explain the small test loss performance lead of FedPer-FedPer. Over most epochs,
FedPer-FedPer performed significantly worse than FedPer-HCA. The erratic jump at the
last epoch pushed it slightly below FedPer-HCA. As such, by excluding the last epoch,
the thesis concludes that FedPer-HCA outperforms FedPer-FedPer also in terms of loss.

Another thing that warrants attention is the general better performance of clients con-
ducting object classification. Recall, that animal classification clients are tasked with
di↵erentiating between six di↵erent class labels, while object classification clients only
need to consider four. Having to distinguish between fewer labels, results in an easier
task, which is reflected in the overall better performance of clients performing object
classification.

Overall, the Figures 6.17, 6.18, 6.19 and 6.20 demonstrate the proposed framework’s
superior performance compared to the schemes None-None, FedPer-None and FedPer-
FedPer in the case of the studied class label heterogeneity.

6.4.2 Aggregation Scheme and Task Heterogeneity

Similar to the class label heterogeneity results, the Figures 6.21 and 6.22 show the averaged
client results after 30 epochs with 15 aggregation rounds on the test dataset for all four
aggregation schemes. As mentioned in the other experiments, the precision, recall and f1
metrics were not calculated for the landmark detection task. Again, the best value for each
column is indicated with opening and closing brackets. The Figures 6.21 and 6.22 show
that the proposed FedPer-HCA framework achieves the best results across all metrics and
both task groups. However, the performance gap to the other schemes is smaller than it
was in the class label heterogeneity setup. Regardless, the fact that there is a performance
increase, albeit a small one, is a success! This shows that despite di↵erent tasks (multi-
label classification vs regression), both task groups can increase their respective model
performance by using the proposed framework!

Interestingly, pure local training performs the worst, like in the class label heterogeneity
setup. This is especially true for the landmark detection task. One reason for this could
be overfitting, as the introduction of aggregation shocks could work as some form of
regularization. But, there is a counterargument. If regularization would be the reason,
the proposed FedPer-HCA framework would probably not outperform FedPer-FedPer.



72 CHAPTER 6. EVALUATION

Figure 6.19: Average Client Validation Metrics for Animal Classification with Di↵erent
Aggregation Schemes

Figure 6.20: Average Client Validation Metrics for Object Classification with Di↵erent
Aggregation Schemes
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Figure 6.21: Average Client Test Metrics for Face Attributed Classification with Di↵erent
Aggregation Schemes

Figure 6.22: Average Client Test Metrics for Face Landmark Detection with Di↵erent
Aggregation Schemes

That is because FedPer-FedPer simply averages shared layers, while the FedPer-HCA
introduces ”smoother” updates, as it only nudges the backbones into a direction, when
conducting cross-task aggregation. As such, the thesis can not provide a conclusive answer
as to why local training performs so much worse on the face landmark detection task.

Like the previous experiment, investigating the validation metrics captured during train-
ing sheds light on the training dynamics. Figure 6.23 illustrates the progression of the
validation loss and f1 score for the multi-label classification task. In contrast, plotting the
single loss metric for the landmark detection task does not o↵er any additional insights
and is therefore omitted. Still, it is accessible on the GitHub repository. Focusing on the
multi-label classification task, depicted in Figure 6.23, one can see the struggle of FedPer-
Fedper. It receives a significant hit in performance after the second aggregation round
and does not manage to catch up until training concludes. As shown in Figure 6.21, it
barely overtakes local training in terms of test metrics. This might be caused by its com-
paratively hard cross-task aggregation technique, compared to the soft nudge introduced
by FedPer-HCA. One can also compare the performance of FedPer-FedPer across class
label heterogeneity and task heterogeneity. With class label heterogeneity FedPer-FedPer
does not experience an extreme shock to its model performance. This aligns with the
introduced theory of conflicting and dominating gradients in Section 2.1.1. In the class
label heterogeneity setup, where both task groups perform single-label classification, the
tasks are more related, leading to only slight di↵erences in gradients. However, in the
task heterogeneity setup discussed here, the gradients are expected to vary significantly,
causing aforementioned conflicts and negatively a↵ecting model performance. Compared
to FedPer-FedPer, the proposed FedPer-HCA addresses these conflicts with its conflict-
averse aggregation scheme. That is likely why FedPer-HCA does not experience such
a shock and even outperforms the other studied schemes, despite performing cross-task
aggregation.
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Figure 6.23: Average Client Validation Metrics for Face Attributed Classification with
Di↵erent Aggregation Schemes

6.5 Discussion

The study has thus far presented results that demonstrate the superiority of the proposed
FedPer-HCA framework over the other aggregation schemes examined. However, before
outlining the key takeaways from these experiments, it is crucial to highlight the challenges
encountered and acknowledge the study’s limitations.

6.5.1 Challenges

Simulating the described FL environment was more demanding than training a model
on one machine. That is, because the data had to be distributed among clients, reduc-
ing the amount of data samples each client encounters and thus increasing the risk of
overfitting. Accounting for class label and task heterogeneity between clients added to
this challenge. Lastly, the thesis also had to tackle the mystery of suddenly appearing
Nan values, which quickly spread through the federation, rendering the models useless.
Addressing all these issues was a major time sink, as they required rerunning experiments
over and over again to test out di↵erent configurations. To do these struggles justice,
the following two subsections will be dedicated to hyperparameter selection and handling
NaN values.
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Hyperparameter Selection

Before the thesis started to train models on the proposed framework, a decent baseline
had to be created. As such, the first task was to create a federation that does not
overfit when training locally. This was relatively easy for the single-label classification
task on the CIFAR-10 dataset. For this task, a PyTorch Lightning article [146] provided
a good starting point and motivated using ResNet18. Weight decay and learning rate
only had to be adjusted slightly to achieve reasonable performance. After only a few test
runs these adjustments together with some image transformation techniques yielded a
satisfying result. Getting decent performance without overfitting on the CelebA dataset
was more challenging. The thesis did not find a good baseline and had to start adjusting
hyperparameters from scratch. As such, the current performance of the CelebA clients
could be improved further.

Another hyperparameter that bears mentioning is the hyper conflict averse alpha, used
for the proposed FedPer-HCA framework. After some initial testing it was decided to
use the standard value used by [11]. Eventually, the thesis started to investigate the
di↵erent aggregation schemes properly. During this step the problem of NaN values was
first encountered.

Problem of NaN values

NaN values were a major challenge, especially when using the schemes FedPer-HCA and
FedPer-FedPer. The emergence of NaN values in a single client infected the whole feder-
ation after only one aggregation round. This is because aggregating a NaN value with a
non-NaN value resulted in a NaN value. Interestingly, while some emerged during train-
ing, others first showed during validation. This section will illustrate the problem and
show how the thesis addressed it. However, the thesis did so in a non-rigorous manner,
as it was not the main focus.

Many factors can impact the likelihood of NaN values during training. The most straight-
forward factor is the presence of such values in the dataset [147]. However, this was not
the reason, as the datasets do not contain NaN values. Another potential cause are ex-
cessive gradients. This can be observed if the loss in the training log starts increasing
dramatically [148]. Once the loss becomes too large, values can no longer be represented
with floating point numbers, resulting in an overflow and NaN values [148]. Solutions
to fix this include decreasing the learning rate [147] or implementing gradient clipping
[148]. In fact, the thesis observed that after a few rounds of cross-task group aggregation,
the loss started exploding, especially when clients only process a very small amount of
data. Following the potential suggestions mentioned above, the thesis tuned the learning
rate and implemented gradient clipping [149]. This e↵ectively addressed the issue of NaN
values during training.

Handling the NaN values that emerged during validation was more challenging. This
scenario seems counter-intuitive, since the validation step itself is not focused on up-
dating model parameters. This issue was especially prominent when clients only saw a
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small dataset and conducted experiments with cross-task aggregation schemes like FedPer-
FedPer and FedPer-HCA. Looking at existing research, the thesis found that batch normal-
ization layers [119] have been identified to cause adverse e↵ects in FL [150], [151]. Batch
normalization is a common technique to stabilize and accelerate training by normalizing
inputs with the mean and variance of the previous layer’s outputs, reducing internal co-
variate shift and maintaining running statistics throughout training [151]. These running
statistics are used during evaluation, ensuring that the model makes reliable predictions
[151]. This works well for non-federated settings, where these batch statistics are con-
sistent across the entire dataset [151]. However, in FL the local statistical parameters
and their gradients di↵er significantly, which can lead to inconsistencies [150], especially
when data distributions of clients di↵er [151]. As such, this seems in line with what the
thesis observed, as the issue seems to be mainly caused by cross-task aggregation schemes
like FedPer-FedPer and FedPer-HCA. The data distributions among task groups di↵er
significantly in the class label heterogeneity case and for task heterogeneity contrasting
gradients can be expected.

While the most straightforward approach is to remove these batch normalization layers,
some studies have proposed more elaborate solutions, such as [151] and [150]. FBN [151]
ensures that batch normalization during training is consistent by preserving data distribu-
tion and providing running statistics that accurately reflect global statistics. Compared to
this, FedTAN [150] ensures performance across various data distributions using iterative
layer-wise parameter aggregation. Hence, FedTan is somewhat similar to the backbone
head split used in this thesis. An approach discussed in the literature review is MTFL [66].
Following layer privatization, they decided to keep the batch normalization layers private,
enabling the model to better fit the client’s data distribution and increasing privacy.

The thesis observed that the issue decreased with an increase in epochs between aggrega-
tion rounds. This indicated that the problem could be a lack of updates to the running
statistics, as these statistics are used during validation [151]. Given that these batch
statistics are updated for every batch [119], the idea of the thesis was to decrease the
batch size, thus triggering more frequent updates. Surprisingly, this worked to some de-
gree. Eventually, this allowed to decrease the epochs between aggregation rounds to two.
However, it did not allow for one epoch per aggregation round. That is also why the thesis
did not investigate that scenario in Section 6.2. To conclude, while the thesis managed to
address the issue of NaN values for its specific use case, it does not claim to have found a
proper solution nor does it claim to have studied the existing literature on that topic well
enough. It also did not approach the issue in a rigorous manner, so no hard evidence for
the observed NaN behaviour can be demonstrated.

6.5.2 Main Experimental Findings

To conclude the evaluation chapter, the thesis presents four main findings:

Hyperparameter Selection and NaN Values Demand More Research: As previously
discussed, hyperparameter selection and addressing NaN values are major challenges.
Although hyperparameter selection is a common practice in ML, the issue of NaN values
appears to be more pronounced in FL and is often caused by batch normalization layers
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[150], [151]. The thesis managed to address the issue in the context of its experiment but
would like to motivate further research in that area.

Degree of Layer Privatization Can Impact the Proposed Framework’s Performance
Significantly: In line with existing research [20], the thesis found that privatizing model
layers impacts networks performance. The thesis observed this in the case of ResNet18. In
the class label heterogeneity setup, performance declined as privatization decreased. This
suggests that update directions are relatively similar, so increased sharing is beneficial.
In contrast, aggregating almost the entire model caused a significant performance drop in
the initial epochs when confronted with the heterogeneous task setting. In this scenario,
increasing the number of privatized layers slightly improved performance.

More Frequent Aggregation Rounds Benefit The Proposed Framework: The experi-
ments on aggregation frequency demonstrated that the performance of the framework
improves as the number of aggregation rounds increases.

The Proposed Framework Outperformed the Compared Aggregation Schemes in Class
Label Heterogeneity and Task Heterogeneity: The conducted experiments show that
the proposed framework outperforms the compared aggregation schemes in both the class
label heterogeneity and task heterogeneity setup. The performance boost compared to the
FedPer-FedPer scheme shows that the hyper conflict-averse aggregation of FedPer-HCA
e�ciently addresses heterogeneity challenges and outperforms cross-task group backbone
averaging.
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Chapter 7

Summary and Conclusions

Overall, the thesis was successful in the development and implementation of a framework
that addresses heterogeneous clients in the dimensions of class label heterogeneity and
task heterogeneity. The conducted experiments showed the superiority of the proposed
framework compared to the three aggregation schemes: None-None, FedPer-None and
FedPer-FedPer. However, limitations and potential improvements remain which, together
with a short summary, will be discussed in this final chapter. Please refer to Section 1.2.1
for accessing the source code, trained models and additional plots.

7.1 Summary

FL can come in many shapes and forms. Traditional CFL relies on a central authority
to manage the federation, whereas DFL operates in a fully decentralized setting, where
clients communicate directly with each other. Both, CFL and DFL, face the challenge
of heterogeneous clients. One approach to deal with heterogeneous clients is FMTL.
However, most existing research addresses solely the problem of non-IID data. But,
clients might have more profound di↵erences. One client in a federation might solve an
image classification task, while another is focused on a regression task. This type of
heterogeneity is known as task heterogeneity. While some recent studies emerged that
tackle this problem from an FMTL perspective, they predominantly make use of CFL.
The goal of this thesis was to explore solutions for such heterogeneous clients and to
develop and to evaluate a DFMTL framework.

It did this by first providing and exploring relevant foundational topics related to the
purpose of this thesis. This was done in Chapter 2. Once the theoretical foundations
were established, the thesis moved on to an in-depth literature review of existing work
in CFMTL, DFMTL and HCFMTL. This review was conducted in Chapter 3. It found
that most work in FMTL falls under CFMTL. Although some studies address DMFTL
or HCFMTL, the combination of the two, defined as HDFMTL, appears to be quite rare.
Having gained a profound understanding of existing approaches, the thesis moved on to
create its own framework in Chapter 4. The proposed framework divides tasks into task
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groups and performs two types of aggregation. First, the backbones (i.e. non-privatized
layers) of clients of the same task group are aggregated with an approach inspired by
FedPer [20]. Following this, task group leaders, aggregate their backbone with other
task group leaders, following a simplified version of the proposed FedHCA2 framework
[11]. Eventually, the newly aggregated backbones are distributed back by the leaders to
their group members. The primary motivation of this approach was to reduce conflicting
and dominating gradients, which are especially likely if clients perform di↵erent tasks.
The implementation of this proposed framework was described in Chapter 5. There,
thesis showed how the aggregation scheme was implemented. It also focused on providing
insights into challenges and limitations of the current implementation, especially with
regards to decentralization.

In Chapter 6, the thesis conducted various experiments on class label heterogeneity and
task heterogeneity setups. It examined the impact of aggregation round frequency on
the framework and found, that with more frequent aggregations the model performance
increased. It also investigated di↵erent degrees of layer privatization. Here it discovered
that keeping most layers non-private in the class label heterogeneity setup was beneficial.
Contrary to this, increasing the privatized layer count slightly increased the performance of
task heterogeneity setups. Eventually, the thesis compared the proposed framework with
other aggregation schemes. The results showed that proposed framework outperformed
the compared aggregation schemes on class label heterogeneity and task heterogeneity.

7.2 Limitations and Potential Future Work

The current implementation of the proposed framework, although outperforming the com-
pared schemes, has some limitations that present opportunities for future research.

The most evident limitation is that the implementation was not conducted in a fully
decentralized environment. Instead, it was executed on a single machine, focusing on
evaluating the proposed framework. However, the frameworks design allows for a de-
centralized implementation. Therefore, a potential next step would be to implement the
framework in a properly decentralized manner. This would include the analysis of strag-
glers, faults and malicious clients. While doing so, future work should also incorporate a
rigorous approach to analyze the occurrence and mitigation of NaN values.

The framework itself can also be improved further. For example, the current framework
requires predefined task group definitions. Future approaches could consider utilizing
methods such as cosine similarity or L2 distance to dynamically create groups [97]. Also,
since the experiments have shown that layer privatization impacts framework performance,
one could dynamically adjust the number of privatized layers based on task similarity to
further refine clients.

Another limitation arises from the aggregation schemes used for comparison. While it is
valid to compare the framework against pure local training and one of its main inspirations,
FedPer [20], there is room for additional comparisons. In particular, a comparison with its
second major inspiration, FedHCA2 [11], would be beneficial. However, the thesis assumes
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that the proposed framework may not achieve the same performance as FedHCA2, as the
latter incorporates more sophisticated methods. Additionally, such a comparison would
be somewhat flawed, given that FedHCA2 relies on a central server, whereas the proposed
framework does not. Regardless, given the initial success of the proposed framework
further comparisons are warranted. This is particularly relevant, since some experiments
showed only minor improvements. Replicating these experiments under di↵erent settings
and on additional datasets and tasks would provide a more precise and comprehensive
understanding.
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Glossary

Federated Learning (FL) FL allows clients to collaboratively train one (sometimes mul-
tiple) models without sharing their data [1].

Machine Learning (ML) ML involves developing predictive algorithms that enable sys-
tems to automatically learn and improve from experience without the need for ex-
plicit programming [152].

Decentralized Federated Learning (DFL) DFL enables clients to directly exchange model
parameters without the need for a central authority [6].

Multi-Task Learning (MTL) The general concept of Multi-Task Learning (MTL) is to
train on di↵erent yet related tasks concurrently, utilizing advanced mechanisms to
enable tasks to mutually influence and benefit from each other [7].

Federated Multi-Task Learning (FMTL) FMTL, popularized by [10], usually treats each
client in a federated environment as a task, making it a subfield of Personalized
Federated Learning [11].

Personalized Federated Learning (PFL) Is a FL technique that aims to train a person-
alized model for each client, instead of one global model [74].

Centralized Federated Multi-Task Learning (CFMTL) CFMTL is defined in section 2.3.3
as follows: In Centralized Federated Multi-Task Learning (CFMTL) a centralized
node is responsible for the coordination and/or aggregation of network nodes and
their respective models. Each node in the network learns a model based on its own
data, while taking its relationship with other nodes into account. While heteroge-
neous data between clients can exists, the task objectives are the same.

Decentralized Federated Multi-Task Learning (DFMTL) DFMTL is defined in section
2.3.3 as follows: In Decentralized Federated Multi-Task Learning (DFMTL) nodes
communicate directly with each other, without relying on a central server to conduct
coordination and/or aggregation. Each node in the network learns a model based
on its own data, while taking its relationship with other nodes into account. While
heterogeneous data between clients can exists, the task objectives are the same.

Heterogeneous Centralized Federated Multi-Task Learning (HCFMTL) HCFMTL is de-
fined in section 2.3.3 as follows: In Heterogeneous Centralized Federated Multi-Task
Learning (HCFMTL) a centralized node is responsible for the coordination and/or
aggregation of network nodes and their respective models. Each node in the network
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learns a model based on its own data, while taking its relationship with other nodes
into account. The task objectives among clients di↵er.

Heterogeneous Decentralized Federated Multi-Task Learning (HDFMTL) HDFMTL is
defined in section 2.3.3 as follows: In Heterogeneous Decentralized Federated Multi-
Task Learning (HDFMTL) nodes communicate directly with each other, without
relying on a central server to conduct coordination and/or aggregation. Each node
in the network learns a model based on its own data, while taking its relationship
with other nodes into account. The task objectives among clients di↵er.

Non-Independently and Non-Identically Distributed (Non-IID) Data among clients is
often non-independently and non-identically distributed (Non-IID). Examples of
non-IID data in FL include include attribute skew, label skew, and temporal skew
[13].
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Appendix A

Installation Guidelines

The installation is documented in the ReadMe file located on the GitHub repository.
Please see Section 1.2.1 for the link.
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Appendix B

Additional Plots

Chapter 6 only discussed a subset of the available plots. As such, this appendix lists them.
Even more figures can be accessed by following the link provided in Section 1.2.1.
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Figure B.1: Average Client Train and Validation Metrics for Animal Classification with
Di↵erent Epochs per Aggregation Round

Figure B.2: Average Client Train and Validation Metrics for Object Classification with
Di↵erent Epochs per Aggregation Round
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Figure B.3: Average Client Train and Validation Metrics for Face Landmark Detection
with Di↵erent Epochs per Aggregation Round

Figure B.4: Average Client Train and Validation Metrics for Face Landmark Detection
with Di↵erent Epochs per Aggregation Round
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Figure B.5: Average Client Train and Validation Metrics for Animal Classification with
Di↵erent Degrees of Privatization

Figure B.6: Average Client Train and Validation Metrics for Object Classification with
Di↵erent Degrees of Privatization
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Figure B.7: Average Client Train and Validation Metrics for Face Attribute Classification
with Di↵erent Degrees of Privatization

Figure B.8: Average Client Train and Validation Metrics for Face Landmark Detection
with Di↵erent Degrees of Privatization
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Figure B.9: Average Client Train and Validation Metrics for Animal Classification with
Di↵erent Aggregation Schemes

Figure B.10: Average Client Train and Validation Metrics for Object Classification with
Di↵erent Aggregation Schemes
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Figure B.11: Average Client Train and Validation Metrics for Face Attributed Classifica-
tion with Di↵erent Aggregation Schemes

Figure B.12: Average Client Train and Validation Metrics for Face Landmark Detection
with Di↵erent Aggregation Schemes


