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Abstract

Federated Learning (FL) is a distributed machine learning paradigm that enables multiple
clients to collaboratively train a shared model while keeping data locally stored, thus pre-
serving privacy. Despite its advantages, FL systems can inherit and amplify biases present
in local datasets, potentially leading to unfair treatment of protected groups defined by
sensitive attributes such as gender, race, or age. Such bias may arise from the learning pro-
cess itself (algorithmic bias) or from imbalanced data distributions (representation bias),
when certain groups are underrepresented.

This thesis investigates both forms of bias in FL through a comparative study of existing
approaches and the introduction of a novel aggregation strategy. We consider three meth-
ods: FedAvg, the standard federated baseline; FairFed, a fairness-aware aggregation
method targeting algorithmic bias; and FedCvg, which addresses representation bias by
prioritizing clients whose local datasets satisfy predefined coverage constraints for protected
groups. Since coverage thresholds are often domain-dependent and difficult to calibrate,
we propose FedCvg-Ratio, a variant that adaptively assigns aggregation weights based
on the deviation between local and global protected-group ratios.

All methods are implemented using Flower, an open-source federated learning framework,
and evaluated on the Adult and COMPAS datasets. Results show that the fairness–
accuracy trade-off is not universal: in several scenarios, FedCvg-Ratio combined with
local debiasing improves both fairness and predictive performance. Overall, integrating
client selection strategies such as parity sampling and local debiasing with fairness-aware
aggregation yields the most consistent and robust fairness improvements in federated learn-
ing.
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Introduction

In recent years, the growing use of automated decision-making systems has raised sig-
nificant concerns about fairness and bias [MMS+21]. Although these systems are often
perceived as impartial and objective, they can produce unfair predictions for individuals
or specific groups. This discrimination arises from societal biases that are reflected in, and
possibly amplified by, data analytics pipelines [SARS23]. Understanding the impact of
data-driven decisions at the social level and taking responsibility for them has become es-
sential: we must ensure these systems benefit everyone without reinforcing discrimination
or inequities.

From this perspective, data scientists and engineers play a crucial role: diversity, equity,
and inclusion are increasingly recognized as fundamental quality dimensions throughout
the entire data processing pipeline. The groups requiring protection are typically defined
in terms of sensitive attributes—characteristics such as gender, race, religion, and eco-
nomic status—depending on the specific context and applicable regulations. Often, these
groups are defined using an intersectionality approach, combining multiple human-related
properties to capture the complexity of real-world discrimination.

Bias in machine learning systems can manifest in two primary forms. Representation
bias [SLAJ23] emerges during data preparation when certain subgroups are underrepre-
sented in the training data, leading to insufficient information for accurate predictions on
those groups. Algorithmic bias [MMS+21] concerns the quality of predictions made by au-
tomated decision-making systems and manifests when certain groups receive systematically
unequal treatment, even when data representation is adequate.

A promising direction in machine learning is Federated Learning (FL) [MMR+17], a dis-
tributed machine learning paradigm in which clients collaborate to learn a global model
over multiple rounds while keeping their data decentralized. At the beginning of each
round, a subset of clients is sampled to perform model training on local datasets; only the
updated local models are sent to a central server and aggregated to compute new model
weights. These updated weights are then broadcasted back to the clients for subsequent
training rounds. This method offers significant privacy and data security advantages due to
the decentralized nature of the data, guaranteeing more responsible data usage [KMA+21].
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Unlike traditional centralized machine learning, where data must be shared with the server,
Federated Learning ensures that clients retain complete control over their data.

Building on these inherent advantages, increasing research effort is being devoted to har-
nessing Federated Learning for developing fair and accessible decision-making systems [ZCL22].
This includes strategies for handling data heterogeneity [LSZ+20] and ensuring equitable
resource allocation across clients [LSBS19], as well as approaches that enhance fairness by
incorporating algorithmic fairness constraints into Federated Learning algorithms. How-
ever, despite the growing adoption of fairness-aware solutions, limited techniques have been
proposed to address representation bias in Federated Learning, even though its mitigation
plays an essential role in ensuring the production of fair decision-making systems.

This thesis investigates both forms of bias in Federated Learning through a comparative
study of existing approaches and the introduction of a novel aggregation strategy. We
consider three baseline algorithms: FedAvg [MMR+17], the standard federated base-
line; FairFed [EYH+23], a fairness-aware aggregation method targeting algorithmic bias
through dynamic client weighting based on fairness metrics; and FedCvg [Bro23], which
addresses representation bias by prioritizing clients whose local datasets satisfy predefined
coverage constraints for protected groups.

A key limitation of FedCvg is its reliance on fixed coverage thresholds, which are typically
domain-dependent and difficult to calibrate. To address this, we propose FedCvg-Ratio,
a novel variant that adaptively assigns aggregation weights based on the deviation between
each client’s local protected-group ratio and the global ratio. This approach eliminates the
need for practitioners to specify pre-defined thresholds that may not generalize across
datasets or training stages, while maintaining the core principle of prioritizing clients that
help balance global representation.

All methods are implemented using Flower [BTM+20], an open-source federated learn-
ing framework, and evaluated through extensive experiments on the Adult and COMPAS
datasets, widely adopted in fairness research. Our experimental analysis considers mul-
tiple dimensions: (i) server-side aggregation strategies (FedAvg, FairFed, FedCvg,
FedCvg-Ratio), (ii) local pre-processing techniques for bias mitigation (local debiasing),
(iii) client selection strategies aimed at balancing group representation (parity sampling),
(iv) both IID and heterogeneous non-IID data distributions controlled by Dirichlet parti-
tioning, and (v) multiple fairness metrics, including Equalized Odds and Statistical Parity,
alongside accuracy-based measures.

Our results demonstrate that the fairness–accuracy trade-off is not universal: in several
scenarios, FedCvg-Ratio combined with local debiasing improves both fairness and pre-
dictive performance simultaneously. Algorithm effectiveness depends on data heterogeneity
and group imbalance, with FairFed performing well in highly heterogeneous settings and
coverage-based methods demonstrating robustness under severe representation disparities.
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Moreover, local debiasing and parity sampling each contribute independently to fairness
improvements, while their integration with fairness-aware aggregation yields the most con-
sistent and robust results.

The remainder of this thesis is organized as follows:

• Chapter 1 establishes the contextual foundation, introducing bias awareness, fairness
metrics, and the Federated Learning paradigm.

• Chapter 2 reviews existing approaches to fairness in Federated Learning, examining
both algorithmic fairness and representation bias mitigation techniques, and positions
our contributions within this landscape.

• Chapter 3 presents the detailed algorithm descriptions, including the mathematical
formulations and the intuition behind each approach. This chapter introduces our
novel FedCvg-Ratio algorithm and discusses its advantages over existing methods.

• Chapter 4 describes the experimental framework, including the Flower implementa-
tion, datasets, data partitioning strategies, and evaluation metrics.

• Chapter 5 presents the experimental results, comparing algorithm performance across
different heterogeneity levels and datasets.

• Chapter 6 discusses the key findings, practical implications, limitations of our work,
and concludes with directions for future research.
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Chapter 1

Background

Data-driven automated decision systems are becoming increasingly prevalent in areas that
directly affect people’s lives—healthcare, autonomous driving, credit scoring, and crimi-
nal sentencing, to name a few. In recent years, a new distributed machine learning ap-
proach called Federated Learning has emerged, offering significant privacy and data security
benefits that make it particularly suitable for training decision-making systems involving
human-related data.

As these systems become more widespread, there has been a growing focus on evaluating
the trustworthiness of their decisions. Significant research efforts now concentrate on re-
ducing algorithmic bias and fostering fair decision-making models. However, bias is not an
exclusive characteristic of automated decision systems; it can also develop from the data
used to train these models. Bias can be an inherent dataset property, reflecting a systematic
skew or favoritism within the data. This type of bias exists regardless of whether machine
learning algorithms are employed and can result in an unfair or inaccurate representation
of the underlying population. Specifically, a dataset may suffer from representation bias if
it lacks sufficient information about specific subgroups.

This chapter establishes the contextual foundation for our study. Section 1.1 introduces the
data analytics pipeline, providing a framework for understanding where different types of
bias can emerge. Section 1.2 then defines bias, explores existing techniques to identify and
reduce it in datasets, and discusses significant aspects of fairness investigation in machine
learning. After surveying approaches proposed for centralized decision-making systems, we
introduce the decentralized Federated Learning setting in Section 1.3.
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1.1 The Data Analytics Pipeline

Before examining bias in detail, it is useful to understand the typical stages of a data
analytics pipeline, as bias can emerge at different points throughout this process. Figure 1.1
illustrates a simplified view of the pipeline, from data collection to model deployment.

Acquisition / Recording

Extraction / Cleaning / Annotation

Integration / Aggregation / Representation

Data set

Training /
Analysis

Model

Interpretation
/ Visualization

Biases in Data
Model Fairness

Preprocess
Interventions

In-process
Interventions

Postprocess
Interventions

Figure 1.1: Data analytics pipeline showing stages from data collection to model deploy-
ment.

The data analytics pipeline consists of several stages through which data flows from col-
lection to deployment. Understanding these stages is essential because different types of
issues can emerge at different points in the process.

The pipeline begins with data acquisition and recording, where raw data is gathered from
various sources such as sensors, surveys, or existing databases. This stage involves decisions
about what data to collect, from whom, and how to record it.

Next comes extraction, cleaning, and annotation, where the raw data is processed to remove
errors, handle missing values, and add labels or metadata. This preprocessing transforms
raw data into a structured format suitable for analysis.

The integration, aggregation, and representation stage combines data from multiple sources,
aggregates information at appropriate granularities, and chooses how to represent features
(e.g., encoding categorical variables, normalizing numerical values).

Once the dataset is prepared, the training and analysis stage applies various analytical
techniques to extract insights from the data. This includes machine learning algorithms
for predictive modeling, data mining techniques for pattern discovery, OLAP (Online An-
alytical Processing) tasks for multidimensional analysis, and statistical analysis methods.
These diverse analytical approaches enable different types of insights, from predictions on
new data to exploratory analysis of complex relationships.

Finally, the interpretation and visualization stage involves understanding model outputs,
evaluating performance, and presenting results to stakeholders. This stage is crucial for
identifying potential issues before deployment.
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Understanding this pipeline provides a framework for identifying where different types of
problems can emerge and where interventions can be applied to address them.

1.2 Bias Awareness

Bias generally refers to a systematic tendency to favor or prejudice against certain groups
or viewpoints, often without fair judgment. In the context of machine learning, Mehrabi et
al. [MMS+21] survey how such biases manifest in data, algorithms, and user interactions.
This definition captures the essence of the different types of bias people exhibit daily,
whether consciously or unconsciously. It is nearly impossible for humans to be completely
unbiased—forming judgments based on first impressions and preconceived notions is an
instinctive behavior. Consequently, data produced and manipulated by humans can often
be incomplete or inaccurate, reflecting these inherent biases.

As the definition highlights, bias typically manifests as a systematic disadvantage expe-
rienced by specific individuals or groups with particular characteristics. In some cases,
discriminatory behavior targets specific individuals regardless of their group membership.
More commonly, however, discrimination affects groups of people sharing similar traits that
can be identified through a sensitive or protected attribute [BS16]. Examples of sensitive
attributes include age, sex, and race—characteristics where underrepresented or disadvan-
taged groups are typically identifiable.

Referring back to the data analytics pipeline (Figure 1.1), we can identify two fundamental
types of bias that emerge at different stages:

• Representation bias arises during the early stages (data collection and preprocessing)
when certain groups are underrepresented in the dataset.

• Algorithmic bias manifests during the later stages (model training and evaluation)
when the learning process produces unfair predictions for certain groups.

1.2.1 Representation Bias

Representation bias arises when a dataset underrepresents parts of the target population,
independently of how the dataset is later used. This corresponds to the early stages of the
data analytics pipeline (Figure 1.1): data acquisition, extraction, and integration.

As an example, consider a dataset used to train a medical diagnosis model for skin con-
ditions. If the training images predominantly feature lighter skin tones, the model may
perform poorly when diagnosing patients with darker skin tones simply because it has seen
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few examples from this population during training. This underrepresentation exists in the
dataset itself, before any learning algorithm is applied.

The reasons behind representation bias are various [SG19]: it can originate from incorrect
data collection or be caused by biases introduced after collection, historically, cognitively,
or statistically. Three primary causes can be identified:

1. Historical bias: Under-representation can arise from historical bias, defined as “the
already existing bias and socio-technical issues in the world” [MMS+21]. Historical
inequalities in society are reflected in the data collected about that society.

2. Sampling and selection bias: Selection bias occurs when there is no proper random-
ization when selecting people or groups to produce human-related data [OCDK19].
It is a cause of sampling bias, which happens when the gathered samples do not
represent the population they aim to symbolize.

3. Skewness of underlying distribution: Representation bias may be caused by the skew-
ness of the underlying distribution, which may lack sufficient representation for all
subpopulations.

1.2.1.1 Identification of Representation Bias

Considering a sensitive attribute of a structured dataset, we can measure representation
bias using metrics such as representation rate and data coverage [SARS23]:

• Representation rate: For a dataset D with a binary sensitive attribute A ∈ {0, 1},
the representation rate of group g is defined as:

RRg =
|Dg|
|D|

(1.1)

where |Dg| is the number of samples belonging to group g and |D| is the total dataset
size. A balanced dataset has RR0 ≈ RR1 ≈ 0.5. The more similar each group’s
representation rate, the less biased the data are with respect to that attribute.

Beyond measurement, representation rate can be formulated as a constraint to ensure
adequate representation. For a minimum threshold τRR, we require:

RRg ≥ τRR ∀g (1.2)

This constraint ensures that each group maintains at least a minimum proportion
of the dataset, preventing severe underrepresentation that could lead to biased out-
comes.
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• Data coverage: Data coverage requires a minimum count for a specific group inde-
pendent of the relative proportions. For a coverage threshold τC , we say that group
g has adequate coverage if:

|Dg| ≥ τC (1.3)

This ensures that group g has sufficient samples for the learning algorithm to general-
ize, regardless of the overall distribution. Unlike representation rate which considers
relative proportions, data coverage focuses on absolute counts to guarantee that each
meaningful subgroup has enough instances for reliable analysis.

A high representation rate decreases issues related to representation bias in machine learn-
ing procedures; however, it is harder to achieve, especially if the underlying distribution is
skewed. In that case, adequate coverage for each meaningful subgroup is more manageable
and essential to ensure they are adequately represented.

1.2.1.2 Mitigation of Representation Bias

Representation bias mitigation focuses on addressing underrepresentation during the data
collection and preprocessing stages, before any learning algorithm is applied. Based on
recent surveys [SLAJ23, Acc23], mitigation strategies can be organized according to their
location in the data pipeline and the specific techniques employed.

Data acquisition. The most effective way to address underrepresentation issues during
data collection is to enrich the input dataset with additional samples through a data re-
pair approach. However, data collection is typically costly. When data are acquired from
third parties, monetary payments may be required; when collected directly, acquisition
costs must still be considered. In both cases, further costs arise from cleaning, storing,
and indexing the data. Therefore, it is crucial to identify the minimum number of samples
that must be added to satisfy representation constraints. This problem was first investi-
gated in [AJJ19], where efficient techniques were proposed to determine the least amount
of additional data required to guarantee coverage with respect to multiple sensitive at-
tributes. An efficient approach for coverage analysis over multiple relations is presented
in [LGAJ20]. Early proposals were limited to categorical attributes with low cardinality,
while the coverage-based data repair problem was later extended to ordinal and continuous-
valued attributes in [ASJJ21]. When acquiring more real data is not feasible, synthetic
data generation techniques can be employed to increase representation of minority groups,
though care must be taken to avoid introducing artifacts.

Data transformation and preprocessing. Representation bias can also be introduced
by data transformations defined in terms of selection-based queries, when the selected sub-
set (i.e., the query result) does not ensure adequate group representation. In this setting,
mitigation techniques correspond to query rewriting approaches that, given a query and
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constraints expressed in terms of coverage or representation rate, search for the closest
query to the original one that produces a result satisfying the desired constraints. Tech-
niques for coverage-aware data transformations are presented in [AMC20, Acc23], while a
related problem formulated in terms of representation rate is addressed in [SSAD22].

Data integration. Representation bias may also arise during data integration. An ap-
proach for determining, in a cost-effective manner, which additional data should be ac-
quired for integration when distribution requirements expressed as coverage constraints
are not met is discussed in [NAJ22].

1.2.2 Algorithmic Bias

Algorithmic bias manifests when the outcome of a learning process is unfair for some
groups of the target population. Unlike representation bias, algorithmic bias does not
refer to the dataset itself but to how the dataset is used in a specific analytical process.
This corresponds to the later stages of the data analytics pipeline (Figure 1.1): training,
analysis, and interpretation.

As an example, consider a resume screening system trained on historical hiring decisions
from a technology company. Even if the training data contains adequate representation
of all demographic groups, the model might learn to systematically favor candidates from
certain educational backgrounds if historical hiring decisions reflected such preferences.
The algorithm “learns” patterns present in the historical decisions, potentially perpetuating
discrimination even when the input features (resumes) appear neutral. This bias emerges
from how the learning algorithm processes the data, not from underrepresentation in the
dataset itself.

1.2.2.1 Identification: Fairness Metrics

Algorithmic bias can be identified using specific fairness metrics that determine whether
the outcomes are homogeneously distributed for different individuals or groups in the
dataset [VR18]. Fairness metrics can be classified into individual fairness and group fair-
ness metrics:

• Individual fairness: Similar individuals should be similarly treated in a learning
algorithm outcome [DHP+12].

• Group fairness: Members of different groups should be equally treated. This inter-
pretation relies on the definition of protected groups/minorities regarding sensitive
attributes.
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Group-based fairness metrics quantify how much the outcome of a decision-making process
is influenced by the sensitive attribute values. Many different metrics have been proposed;
most refer to classification tasks and are computed starting from confusion matrix val-
ues [VR18].

In the following, we discuss three well-known group-based metrics. We denote with A a
binary sensitive attribute with values in {0, 1}, with Ŷ the predicted binary label, and
with Y the true value. In all three cases, values closer to 0 indicate better fairness, and by
representing the unprivileged group with 0, positive values indicate that the unprivileged
group outperforms the privileged one in the outcome.

Statistical Parity Difference (SPD). Statistical Parity rewards the classifier for classi-
fying each group as positive at the same rate [DHP+12]. A binary predictor is considered
fair if the probability of classifying an element as positive or negative is the same for both
groups:

SPD = P (Ŷ = 1|A = 0)− P (Ŷ = 1|A = 1) (1.4)

Statistical Parity ensures demographic parity but has limitations: enforcing fairness at
the group level can be unjust to individuals, as it may require the algorithm to disregard
otherwise qualified people to achieve outcome independence.

Equal Opportunity Difference (EOD). Equal Opportunity evaluates the performance
of a binary predictor, which is considered fair if the true positive rate (TPR) is independent
of the sensitive attribute A [HPS16]. It ensures that positive labels are assigned fairly by
demanding that the model gives equal chances for individuals from various groups to be
accurately identified as positive cases:

EOD = P (Ŷ = 1|A = 0, Y = 1)− P (Ŷ = 1|A = 1, Y = 1) (1.5)

This metric focuses specifically on true positive rates, which is particularly important in
applications where false negatives have serious consequences (e.g., medical diagnosis, loan
approval).

Average Odds Difference (AOD). The Equalized Odds metric matches the True Pos-
itive Rate and the False Positive Rate for different groups [HPS16]. It demands TPRs
and TNRs to be equal across groups. The Average Odds Difference is a relaxed version
that measures the average difference between the FPR and TPR for the unprivileged and
privileged groups:

AOD =
(FPRA=0 − FPRA=1) + (TPRA=0 − TPRA=1)

2
(1.6)
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where FPRA=a = P (Ŷ = 1|A = a, Y = 0) and TPRA=a = P (Ŷ = 1|A = a, Y = 1).

Accuracy Difference (ACC DIFF). Accuracy Difference measures the disparity in pre-
diction accuracy between unprivileged and privileged groups. A model is considered fair
under this metric if it achieves similar accuracy across both groups:

ACC DIFF = AccuracyA=0 − AccuracyA=1 (1.7)

where AccuracyA=a = P (Ŷ = Y |A = a) represents the proportion of correct predictions
for group a. This metric provides a straightforward measure of performance disparity and
is particularly useful when overall predictive quality matters equally for all groups. Unlike
metrics that focus on specific error types (e.g., false positives or false negatives), accuracy
difference captures the overall fairness of the model’s predictions across groups.

1.2.2.2 Mitigation of Algorithmic Bias

Several approaches have been proposed to mitigate algorithmic bias at different stages of
a data analytics pipeline. Based on the stage at which they are applied (see Figure 1.1),
mitigation techniques can be classified as follows.

Pre-processing techniques. They are designed to address imbalanced or biased dis-
tributions of sensitive attributes in datasets to reduce bias before model training. These
techniques originate from the rich literature on fairness in centralized machine learning
and have been adapted to distributed settings like Federated Learning because they can be
applied locally without requiring access to the entire dataset [KC12, CWV+17]. Common
pre-processing approaches include:

• Removing sensitive attributes: Excluding sensitive attributes and correlated features
from the training dataset to prevent the model from learning discriminatory patterns.
However, this approach may be insufficient if other features are correlated with the
sensitive attribute.

• Relabeling: Changing specific samples’ labels to remove discrimination from the input
data, though this requires careful consideration to avoid introducing new biases.

• Sample reweighting: Assigning different weights to training samples based on their
demographic group membership to balance the contribution of different (A, Y ) com-
binations, where A is the sensitive attribute and Y is the label. Two prominent
approaches are:

– Kamiran & Calders Reweighting [KC12]: Assigns weights to achieve statistical
independence between the sensitive attribute and the label. For each (A, Y )
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cell, the weight is w(A, Y ) = P (A)·P (Y )
P (A,Y )

, where probabilities are estimated from

the dataset. We describe this method in detail in Chapter 3 as it forms the
basis for our local debiasing technique.

– Inverse Propensity Weighting: Assigns weights inversely proportional to the
probability of observing each (A, Y ) combination, upweighting rare combina-
tions and downweighting common ones.

• Data transformation: Transforming the feature space to remove correlations between
features and sensitive attributes. Learning Fair Representations [ZWS+13] learns
an intermediate representation that preserves information about the target variable
while removing information about the sensitive attribute. Fairness-aware feature
selection identifies features less correlated with sensitive attributes, though this may
sacrifice predictive accuracy.

When considering mitigation strategies during data preparation, several techniques have
been proposed for different tasks.

Regarding data acquisition, the Slice Tuner framework [TW21] incorporates selective data
acquisition strategies aimed at improving both fairness and accuracy across different data
slices. Causal fairness has been considered for repairing datasets used to train classifiers
in [SHS19]. In this case, the repaired dataset can be interpreted as a sample from a hypo-
thetical fair world in which discriminatory causal relationships between sensitive attributes
and outcomes have been removed.

If acquiring additional data is not feasible, data augmentation techniques can be employed
to enhance the dataset. Data augmentation increases dataset size by generating synthetic
samples or partially duplicating existing tuples. Oversampling is a common strategy, par-
ticularly useful when minority classes are underrepresented. Simple random oversampling
may increase the risk of overfitting, whereas the Synthetic Minority Oversampling Tech-
nique (SMOTE) [CBHK02] generates synthetic minority instances based on their k-nearest
neighbors, providing a more robust alternative.

Fairness-enhancing data cleaning interventions have been proposed in [TRO+19], where
unfairness is mitigated during data sanitization using demographic parity as the reference
nondiscrimination constraint. Mitigation approaches for data integration are discussed
in [MPKF20], where associational and causal fairness are considered in automated data-
wrangling pipelines to prevent downstream bias. Discriminatory bias in heterogeneous
data integration is addressed in [YH21], which proposes EquiTensors, a learning-based
approach that uses adversarial techniques to remove correlations with sensitive attributes.
Finally, the impact of widely adopted data preparation procedures and the use of sensitive
attributes on the fairness of machine learning systems is analyzed in [VLA19].

In-processing techniques. They aim to reduce bias during the learning procedure by
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incorporating specific fairness constraints into training algorithms. A well-known approach
is Adversarial Debiasing [ZLM18], which learns a classifier to maximize prediction accuracy
while an adversary simultaneously tries to predict the sensitive attribute from the predic-
tor’s outputs. The predictor learns to make predictions that are accurate but uninformative
about the sensitive attribute, effectively removing bias during training.

Post-processing techniques. They act on the model’s output, leaving the learning
phase untouched. These techniques usually involve changing the output labels to assign
more positive labels to unprivileged groups, thus improving fairness indices [HPS16]. They
require access only to the model predictions and information about the sensitive attributes,
making them suitable for black-box contexts.

1.3 Federated Learning

Federated Learning (FL) is a machine learning paradigm introduced by McMahan et
al. [MMR+17] in 2017 in their seminal paper “Communication-Efficient Learning of Deep
Networks from Decentralized Data.” The core idea is elegantly simple: learn a shared
model by aggregating locally computed updates from distributed clients over a series of
rounds, without ever centralizing the raw training data. Multiple clients collaborate to
solve machine learning problems under the coordination of a central server, while their
data remains decentralized on their own devices or systems.

The training process proceeds as follows: at the beginning of each round, the server broad-
casts the current model weights to participating clients. Each client applies these weights,
performs one round of training on its local dataset (which is never shared with the server),
and transmits only the updated weights back to the server. The server then aggregates
these updates and applies them to produce a new version of the global model, ready for
the next round.

This architecture provides a distinct privacy advantage by decoupling model training from
direct access to the raw training data. Moreover, the aggregation algorithm does not require
knowledge of the source of each update, meaning that updates can be transmitted without
identifying metadata. These properties make Federated Learning particularly attractive
for applications involving sensitive personal data.

In the following, we introduce the core components and training process of Federated Learn-
ing (Section 1.3.1), describe the foundational FedAvg algorithm (Section 1.3.2), discuss
the unique optimization challenges it presents (Section 1.3.3), and explore its applications
across various domains (Section 1.3.4).
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1.3.1 Introduction

The Federated Learning architecture consists of three main components:

1. Server: Coordinates the training process, maintains the global model, and aggregates
client updates. The server never sees raw client data, only model parameters.

2. Clients: Local entities (e.g., mobile devices, hospitals, organizations) that possess
private data and perform local training. Clients retain full control over their data.

3. Communication protocol: Defines how model parameters and metadata are exchanged
between server and clients, typically optimized for bandwidth efficiency.

A typical FL training round proceeds through the following steps:

1. Server broadcast: The server sends the current global model θt to a subset of selected
clients.

2. Local training: Each selected client k trains the model on its local dataset Dk for E
local epochs, producing updated parameters θk.

3. Client upload: Clients send their updated model parameters back to the server.

4. Server aggregation: The server aggregates client updates to produce a new global
model θt+1.

5. Iteration: Steps 1-4 repeat for T rounds until convergence or a stopping criterion is
met.

Federated Learning algorithms aim to minimize the model’s loss through the training
rounds. In machine learning, loss is a key metric to evaluate models’ performance by
quantifying the difference between a given model’s predicted and target labels. It is com-
puted using a loss function, which may vary depending on the machine learning task and
is used in both training and testing stages to improve and assess the quality of the model’s
predictions.

For binary classification tasks, a common loss function is Binary Cross-Entropy, evaluated
as:

BCE Loss = − 1

N

N∑
i=1

[yi · log(ŷi) + (1− yi) · log(1− ŷi)] (1.8)
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Figure 1.2: Federated Learning Architecture: The server broadcasts the global model to
clients (step 1), clients train locally on their private data (step 2), and upload updated
models (step 3). The server then aggregates updates to produce a new global model (step
4).

where N is the number of samples, yi is the target label for the i-th sample, and ŷi is the
predicted probability.

Another valuable metric to evaluate a model’s performance is accuracy, which measures
how well a model performs on a classification task through the proportion of correct pre-
dictions out of the total predictions made:

Accuracy =
Number of correct predictions

Total number of predictions
(1.9)

1.3.2 The FedAvg Algorithm

Federated Averaging, or FedAvg, is the foundational Federated Learning algorithm pre-
sented by McMahan et al. [MMR+17]. The algorithm operates through iterative rounds
where the server broadcasts the current global model to a subset of selected clients, each
client trains locally on its private data, and the server aggregates the updated models by
computing a weighted average based on dataset sizes. This simple yet effective approach
minimizes the global loss function—the weighted average of losses across all clients—while
keeping data decentralized.

FedAvg serves as the baseline algorithm in our work and is described in detail in Section 3.2,
where we present its mathematical formulation, algorithmic steps, and limitations that
motivate fairness-aware extensions.
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1.3.3 Federated Optimization Challenges

Federated Learning presents unique characteristics that differentiate it from classical dis-
tributed optimization problems. These aspects, collectively termed Federated Optimiza-
tion [KMA+21], create both challenges and opportunities for algorithm design:

• Non-IID data. Perhaps the most significant challenge in Federated Learning is that
data are non-Independent and Identically Distributed (non-IID). The training data
on any given client typically do not represent the overall population’s distribution,
and the population distribution may not match that of any individual client. This
heterogeneity is one of the primary obstacles to achieving good convergence and
fairness in federated settings.

• Massive distribution. Federated Learning deployments are often massively distributed,
with the number of clients potentially exceeding the average number of examples per
client. This creates unique challenges for convergence analysis and communication
efficiency that do not arise in traditional distributed computing.

• Limited communication. Communication between clients and the server may be
constrained by bandwidth limitations, latency, or intermittent client availability. This
necessitates algorithms that minimize the number of communication rounds while still
achieving good model quality.

• System heterogeneity. Clients may possess vastly different computational capabilities,
storage capacities, and network connectivity. This heterogeneity leads to varying
training times and potential straggler effects, where slow clients delay the overall
training process.

• Privacy considerations. While Federated Learning provides inherent privacy benefits
by keeping data decentralized, additional considerations include ensuring the privacy
of communications between clients and the server, protecting against inference at-
tacks on model updates, and establishing trust among participants. A particular
concern is metadata disclosure: even when raw data remains local, metadata such as
dataset sizes, local fairness metrics, or demographic distributions can inadvertently
reveal sensitive information about client populations. For instance, reporting the
number of samples per sensitive group (as required by coverage-based algorithms)
may expose the demographic composition of a hospital’s patient base or an organi-
zation’s employee diversity. This creates a tension between the need for aggregate
statistics to ensure fairness and the risk of privacy leakage through metadata, requir-
ing careful design of privacy-preserving aggregation mechanisms.
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1.3.4 Applications

The capability of training models without accessing clients’ raw data, combined with
the massively distributed design, enables Federated Learning to be employed in con-
texts where other machine learning approaches suffer from data scarcity or privacy con-
straints [LSZ+20]. Moreover, various machine learning models—including linear models,
random forests, and neural networks—can be trained in a Federated Learning setting.

These characteristics make Federated Learning an appropriate paradigm for building solu-
tions across diverse domains:

• Mobile applications: The Google Keyboard input predictor (Gboard) was one of the
first large-scale applications of FedAvg, enabling personalized next-word predictions
without centralizing user typing data [HRM+18]. This demonstrated that Federated
Learning could work at scale with millions of devices.

• Healthcare: Federated Learning enables collaborative disease prediction and diagnosis
across hospitals without sharing sensitive patient data [RHL+20]. This addresses
both stringent privacy regulations (such as HIPAA and GDPR) and the chronic data
scarcity issues that plague medical AI research.

• Finance: Banks and financial institutions can collaboratively train fraud detection
models without sharing customer transaction data, improving detection accuracy
through collective learning while maintaining strict data privacy.

• Internet of Things (IoT): Federated Learning has been introduced in wireless IoT
systems to enhance communication efficiency and improve attack detection accuracy
in smart home environments, where devices generate sensitive data that users prefer
to keep local.

Human-related applications particularly benefit from Federated Learning’s intrinsic privacy
advantages. By allowing data to remain on users’ devices, FL enables the collection of more
personal data than users might otherwise consent to share, ultimately enabling better
population representation while maintaining the data security guarantees that build user
trust.
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Chapter 2

Fairness in Federated Learning

The Federated Averaging algorithm presented in Section 1.3 does not explicitly consider
fairness concerns, thus possibly producing a biased model. However, Federated Learning
possesses an intrinsic fairness advantage stemming from its decentralized nature and re-
source allocation model. Unlike the centralized learning processes that dominate today’s
landscape—resource-intensive systems typically managed by corporations that often ob-
scure essential information from users about data origins, transformations applied, and
conclusions drawn—Federated Learning empowers individuals to manage their own data
and the resources invested in the learning procedure. This represents a more sustainable,
equitable, and responsible alternative to traditional approaches.

Building on these inherent advantages, extensive research has been conducted to iden-
tify and mitigate bias in Federated Learning processes, aiming to encourage fair decision-
making models. This chapter reviews existing studies on this topic, examining different
notions of fairness and complementary approaches to achieve it. We begin in Section 2.1 by
clarifying the different meanings of fairness in the Federated Learning context. Section 2.2
then presents a taxonomy of approaches for group fairness in FL, which represents the
focus of this work. Section 2.3 discusses the limited work on representation bias mitigation
in FL. Finally, Section 2.4 synthesizes these approaches, discusses their limitations, and
positions our contributions within this landscape.

2.1 Types of Fairness in Federated Learning

The notion of fairness in Federated Learning is multifaceted and can be interpreted from
different perspectives, due to the distributed nature of the learning process [SACA26]. We
can identify five main types of fairness in the FL context, described in the following.
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Group Fairness (Demographic Fairness). This notion, inherited from centralized
machine learning, focuses on ensuring that the global model treats different demographic
groups equitably. Groups are defined based on sensitive attributes such as gender, race,
or age. The goal is to ensure that model predictions do not discriminate against protected
groups, as measured by fairness metrics like Equal Opportunity Difference (EOD), Statisti-
cal Parity Difference (SPD), or Average Odds Difference (AOD), introduced in Chapter 1.

Group fairness in FL faces unique challenges compared to centralized settings. The server
lacks direct access to client data, making it difficult to apply standard pre-processing tech-
niques. Moreover, data distributions across clients are typically non-IID and unbalanced,
meaning that interventions improving global fairness metrics may not produce consistent
results at the local level. This tension between global and local fairness represents one of
the fundamental challenges in fair federated learning.

Individual Fairness. This notion of fairness requires that similar individuals receive
similar outcomes from the machine learning model [DHP+12]. The principle is that the
model should treat individuals with similar characteristics in a similar manner, regardless
of their group membership. In the FL context, this could mean that two patients with
similar medical histories across different hospitals (i.e., different clients) should receive
similar predictions in a federated healthcare model, regardless of which hospital (client)
their data belongs to.

Ensuring individual fairness in FL is particularly challenging because clients may have non-
overlapping feature distributions, making it difficult to measure similarity across different
datasets. Moreover, the decentralized nature of FL means that there is no global view of all
individuals, complicating the enforcement of similarity-based fairness constraints. While
individual fairness is an important notion, it is orthogonal to group fairness and is not the
focus of this work.

Performance Distribution Fairness (Client Fairness). This notion, also known as
client fairness, requires that the performance of the FL model (such as accuracy) is evenly
distributed across all clients [LSBS19, MSS19, SACA26]. The goal is to prevent the global
model from performing well on average while performing poorly for specific clients. This
principle emphasizes the importance of uniformity in performance, ensuring that no single
client is disproportionately advantaged or disadvantaged.

Performance distribution fairness can be formalized as minimizing the variance of model
performance (e.g., accuracy or loss) across clients, or ensuring that no client experiences
performance below a certain threshold. Note that performance distribution fairness is
orthogonal to group fairness: a model can be fair at the client level (performing equally
well for all clients) while still being unfair at the group level (discriminating against certain
demographic groups).

Selection fairness. Also known as client participation fairness, this type focuses on the
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fairness in selecting clients to participate in FL communication rounds [CWJ22, SACA26].
In each round of FL, a subset of clients is selected to update the global model. Selection
fairness ensures that this process is unbiased and that all clients have an equitable oppor-
tunity to participate. This is important to prevent biases that could arise from consistently
selecting certain clients over others.

For example, in a mobile keyboard FL system, consistently selecting high-end devices for
training while excluding low-end ones can lead to biased predictions that favor users with
expensive devices. In standard FL with random client selection, where a fixed fraction
of clients is sampled uniformly at random each round, all clients have equal long-term
selection probability. However, several factors can introduce selection bias:

• Client availability: Not all clients may be available in every round due to network
connectivity, device status, or other practical constraints, leading to systematic un-
derrepresentation of certain clients.

• Strategic selection: Techniques like Parity Sampling (discussed in Section 2.3) inten-
tionally introduce selection bias to favor clients with better representation of minority
groups. While this improves fairness, it means some clients may be selected more
frequently than others.

• System heterogeneity: Clients with slower computation or communication may be
excluded to avoid stragglers, potentially introducing bias if these clients have different
data distributions.

Understanding and controlling client selection probabilities is crucial for both fairness and
convergence. Strategic selection can improve representation balance but may reduce model
diversity and potentially harm convergence on non-IID data.

Collaborative Fairness. Also known as contribution fairness, this notion focuses on
rewarding clients proportionally to their contribution to the global model [LXWY20,
SACA26]. The idea is that clients providing more valuable data or computational re-
sources should receive better-performing personalized models or other incentives. This
ensures that a client’s reward is proportional to its contribution, which is important for
motivating clients to actively participate and contribute with high-quality data.

For example, in a federated traffic prediction model, if a city contributing high-quality data
receives the same reward as one providing noisy data, it discourages fair collaboration.
Collaborative fairness raises interesting tensions with other fairness notions: rewarding
high-contributing clients might disadvantage clients with smaller or lower-quality datasets,
potentially exacerbating existing inequalities. Balancing collaborative fairness with group
fairness and performance distribution fairness remains an open research challenge.
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In this work, we focus primarily on group fairness, ensuring equitable treatment of de-
mographic groups defined by sensitive attributes. This aligns with the broader societal
goal of preventing discrimination in automated decision-making systems. However, we ac-
knowledge that other fairness notions are important and may interact with group fairness
in complex ways.

2.2 Group Fairness in Federated Learning: A Taxon-

omy

As discussed in Section 1.2.2, we can assess a machine learning algorithm’s ability to
avoid biases or discrimination by evaluating its algorithmic fairness. In the federated
setting, however, this analysis becomes considerably more complex due to the intrinsic
characteristics of the distributed environment.

The primary challenge stems from the lack of direct access to the datasets on which the
model is trained, which prevents the application of standard pre-processing techniques
commonly used in centralized settings. Furthermore, data distributions across clients are
typically non-IID and unbalanced, meaning that interventions improving global fairness
metrics may not produce consistent results at the local level when considering individual
clients’ datasets.

Several recent proposals address group fairness in Federated Learning, each taking a dif-
ferent approach to navigate these challenges. In the following, following the taxonomy
proposed by Salazar et al. [SACA26], we classify these approaches based on where and how
fairness interventions are applied and we highlight the main approaches further considered
in this work.

Server-side aggregation modifications. These approaches modify the aggregation
strategy at the server to incorporate fairness considerations. The key idea is to adjust the
weights assigned to different clients’ model updates based on fairness-related information.
Two main types of approaches can be devised:

• Fairness-based aggregation. By adjusting the weight of each client’s update based
on fairness considerations, aggregation strategies can mitigate biases that might
arise from uneven data distributions or varying levels of client participation FairFed
[EYH+23] exemplifies this approach. At each round, clients evaluate the fairness of
the current global model on their local data (before training) and report fairness met-
rics (e.g., EOD, SPD) to the server. The server computes a global fairness measure
and calculates a “fairness gap” for each client—the deviation between the client’s
local fairness and the global target. Clients with smaller fairness gaps receive higher

35



aggregation weights, while those with larger gaps see their influence reduced. This
approach is server-side and agnostic to the local debiasing method, allowing flexi-
ble use of different local debiasing techniques across clients. FairFed demonstrates
significant improvements under high data heterogeneity but requires clients to share
fairness-related information with the server.

• Reweighted loss aggregation: Rather than adjusting client aggregation weights, these
approaches modify the weight of the local loss function for each sensitive group during
training. FedFB [ZCL22] adapts the FairBatch algorithm [RLWS21] to FL. Clients
calculate fairness metrics locally, which are safely aggregated at the server. After ev-
ery k communication rounds, the server updates fairness coefficients—scalar weights
λg for each sensitive group g that determine how much each group’s loss contributes
to the overall objective—to balance loss across different groups and broadcasts these
coefficients back to clients. Clients use these coefficients to reweight samples during
local training: samples from group g are weighted by λg in the loss function. While
effective, this approach requires clients to share explicit information about model
performance on each local subgroup, raising privacy concerns.

Client-side optimizations. These approaches modify the local training process at each
client to incorporate fairness constraints, without requiring coordination with the server
or other clients.

• Pre-processing (local reweighting): Clients apply reweighting techniques (e.g., Kami-
ran & Calders [KC12], Inverse Propensity Weighting) during local training to balance
the contribution of different demographic groups. This approach corresponds to stan-
dard pre-processing techniques from centralized ML (see Chapter 1) applied at the
client side. Local reweighting is privacy-preserving (operates entirely on local data),
modular (can be combined with any server-side aggregation strategy), and simple to
implement. However, it has limitations: each client applies debiasing independently
without coordination, which can lead to inconsistent effects; it addresses algorith-
mic bias but not representation bias; and it requires sufficient local diversity in each
(A, Y ) cell. In our work, we systematically evaluate the interaction between local
reweighting and server-side aggregation strategies to understand when their combi-
nation is beneficial.

• In-processing and post-processing techniques: Clients can incorporate fairness con-
straints directly into their local optimization objectives (in-processing) or adjust
model outputs after training (post-processing), as described in Chapter 1. These
approaches train models that optimize both accuracy and fairness locally before
sending updates to the server.
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Hybrid approaches. These approaches combine server-side and client-side interven-
tions to achieve better fairness outcomes. The majority of current fairness-aware FL solu-
tions involve hybrid strategies where clients and the central server collaborate, leveraging
the strengths of both local and global approaches while mitigating their respective weak-
nesses [SACA26].

Client participation approaches. These techniques involve strategically selecting or
rewarding clients based on their contributions to fairness. Rather than modifying aggre-
gation weights or local training, these approaches control which clients participate in each
training round. By prioritizing clients whose data and updates enhance fairness across sen-
sitive groups, the federated model can avoid disproportionately favoring or disadvantaging
particular groups.

Zhang et al. [ZKW20] propose FairFL, a deep multi-agent reinforcement learning frame-
work that optimizes both fairness and accuracy by training a client-selection policy func-
tion. Salazar et al. [SFAA23] introduce FAIR-FATE, which uses a validation set to evaluate
and select specific clients whose local updates demonstrate higher fairness compared to the
current global model. In our work, we implement and evaluate Parity Sampling [Bro23], a
simpler approach that preferentially selects clients with better representation of underrep-
resented groups (discussed in detail in Section 2.3).

Constrained optimization approaches. Several works formulate fair FL as a con-
strained optimization problem, where fairness metrics are incorporated as constraints in
the global objective [SACA26]. These approaches typically require each client to share
statistics of sensitive attributes with the server, which can potentially leak information
about local datasets. Examples include methods using Lagrangian multipliers, bi-level op-
timization, and multi-objective optimization frameworks to balance accuracy and fairness
across clients.

Several patterns emerge from this taxonomy:

• Privacy-fairness trade-off: Most group fairness approaches require clients to share
some fairness-related information with the server (fairness metrics, group statistics,
or subgroup performance). This creates a tension between achieving fairness and
maintaining privacy—one of the core motivations for using Federated Learning in
the first place.

• Heterogeneity challenge: The effectiveness of fairness interventions depends heavily
on the degree of data heterogeneity across clients. Methods that work well under
mild heterogeneity may fail under extreme non-IID conditions, and vice versa.

• Global vs. local fairness: Interventions that improve global fairness metrics may not
produce consistent fairness improvements at individual clients. This tension between
global and local fairness remains a fundamental challenge.
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• Limited focus on representation bias: The vast majority of existing work focuses
on algorithmic fairness—ensuring that model predictions are fair given the available
data. Very few works address representation bias—the underrepresentation of certain
groups in the training data itself. This gap motivates our work, as we discuss in
Section 2.4.

2.3 Representation Bias Mitigation in Federated Learn-

ing

While the approaches discussed in Section 2.2 focus on algorithmic fairness—ensuring
equitable predictions across groups—a complementary and arguably more fundamental
challenge in Federated Learning is representation bias (see Section 1.2.1).

This form of bias arises when certain groups are underrepresented in the combined training
data across all clients, leading to models that perform poorly for minority groups regardless
of the aggregation strategy employed.

Representation bias is particularly insidious in federated settings because the server has
no direct visibility into the composition of client datasets. A client might possess abun-
dant data overall but have very few examples from a protected minority group, and this
imbalance propagates through the learning process. Addressing this challenge requires
mechanisms that can infer and compensate for representation imbalances without violat-
ing the privacy guarantees that make Federated Learning attractive in the first place.

Despite its fundamental importance, representation bias in Federated Learning has received
surprisingly little attention in the literature. To the best of our knowledge, only a handful
of works explicitly address this challenge, and most focus on algorithmic fairness instead.
This gap is significant because representation bias can undermine even the most sophis-
ticated algorithmic fairness interventions—if certain groups are severely underrepresented
in the training data, no amount of clever aggregation can fully compensate for the lack of
information about those groups.

In the following, we discuss the limited work addressing representation bias in FL, focusing
on coverage-based aggregation approaches and strategic client selection techniques.

Coverage-based approaches. The most relevant work addressing representation bias
in FL is FedCvg, introduced in Brocchi’s Master’s thesis [Bro23]. FedCvg takes a funda-
mentally different approach from fairness-metric-based methods. Rather than adjusting
weights based on model predictions (algorithmic fairness), FedCvg focuses on the coverage
of protected groups in each client’s dataset—that is, how well each client represents the
minority population.
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The central idea is to incorporate a coverage constraint (see Section 1.2.1 for the definition
of data coverage)

directly into the aggregation process. Clients with better coverage of the protected group
receive higher weights, ensuring that their contributions have greater influence on the
global model. The coverage-based weight depends on the distance between the number of
unprivileged samples a client possesses and a predefined coverage threshold.

This approach directly addresses representation bias by amplifying the voice of clients
that better represent minority groups, effectively “repairing” the global data distribution
without accessing individual data points. However, FedCvg requires practitioners to specify
a coverage threshold, which may not generalize well across different datasets or training
stages. The choice of this threshold can significantly impact the algorithm’s effectiveness,
and there is no principled way to determine the optimal value a priori.

Strategic client selection. Beyond modifying aggregation weights, another avenue for
addressing representation bias lies in the client selection process itself. In traditional Fed-
erated Learning, clients are selected randomly at each round, but this approach can per-
petuate representation imbalances: if most clients have skewed data distributions, random
selection will consistently produce training batches that underrepresent minority groups.

Parity Sampling, also introduced in Brocchi’s thesis [Bro23], exploits the insight that while
we cannot select specific samples from a client’s dataset (doing so would violate privacy
guarantees), we can strategically choose which clients participate in each round. By fa-
voring clients with better representation of underrepresented groups, we can effectively
improve the global data distribution without accessing individual data points.

The Parity Sampling procedure operates as follows: in the first round, clients are selected
randomly to establish baseline statistics about client compositions. From the second round
onward, the server maintains a registry of each client’s group composition and preferen-
tially selects clients with more samples from the underrepresented group. A probability
parameter p governs the selection strategy, allowing practitioners to tune the trade-off
between fairness improvement and model diversity.

This approach is conceptually similar to client selection techniques like FAVOR [WKNL20]
and Class Balancing [YWZ+20], but focuses on sensitive attribute distribution rather than
class label distribution.

2.4 Gaps and Contributions

Having surveyed the landscape of fairness-aware federated learning approaches, we now
synthesize the main gaps emerging in the literature and position our work within this
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context.

The main gaps of the existing approaches for mitigating bias in federated learning can be
summarized as follows:

Overwhelming focus on algorithmic fairness The vast majority of existing work fo-
cuses on algorithmic fairness, ensuring that model predictions are fair given the
available data. Techniques like FairFed, FedFB, and local reweighting all operate
under the assumption that sufficient data exists for all demographic groups, and the
challenge is to ensure the learning algorithm treats these groups equitably.

However, this assumption often does not hold in practice. Federated Learning scenar-
ios frequently involve highly heterogeneous data distributions where certain groups
may be severely underrepresented across all clients. In such cases, algorithmic fair-
ness interventions have limited effectiveness because the fundamental problem is lack
of data, not biased learning.

Scarcity of representation bias solutions As highlighted in Section 2.3, very few works
explicitly address representation bias in Federated Learning. To the best of our
knowledge, only FedCvg and Parity Sampling [Bro23] directly tackle this challenge.
This gap is particularly significant because:

• Representation bias is a root cause of unfairness that algorithmic interventions
cannot fully address

• The distributed nature of FL makes representation bias more likely and harder
to detect

• Addressing representation bias can amplify the effectiveness of algorithmic fair-
ness techniques

Privacy-fairness trade-off Most group fairness approaches require clients to share fairness-
related information with the server, creating tension with FL’s privacy goals. For ex-
ample, FairFed requires sharing fairness metrics (TP, FP, TN, FN counts per group),
FedFB requires sharing subgroup performance statistics, and constrained optimiza-
tion approaches require sharing sensitive attribute distributions. Coverage-based
approaches like FedCvg and Parity Sampling require sharing group counts (nunpriv,
ntotal).

All these metadata disclosures create potential privacy risks. While the shared infor-
mation is aggregated and does not directly reveal individual data points, it can still
leak sensitive information about client populations (e.g., demographic composition
of a hospital’s patients). Recent work on secure aggregation techniques, such as Per-
element SecAgg [SKTH25], provides cryptographic mechanisms to protect against
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data reconstruction attacks by ensuring that aggregated values are revealed only when
sufficient clients contribute. However, applying such techniques to fairness-aware FL
remains an open challenge, as fairness interventions often require fine-grained statis-
tics that are difficult to compute under strong privacy constraints.

Fixed threshold limitations Coverage-based approaches like FedCvg require practition-
ers to specify a fixed coverage threshold before training begins. However, the optimal
threshold depends on factors that may not be known in advance: the overall data
distribution, the degree of heterogeneity across clients, and how these characteristics
evolve during training. A threshold that works well for one dataset may perform
poorly on another, limiting the generalizability of these approaches.

Limited understanding of complementary mechanisms While several works propose
either server-side or client-side fairness interventions, few systematically investigate
how these mechanisms interact when combined. Do server-side aggregation modifi-
cations and client-side local debiasing complement each other, or do they interfere?
Under what conditions is their combination beneficial?

Building on these observations, our work makes the following contributions to address the
identified gaps:

Comparative study of fairness-aware FL algorithms We implement and systemat-
ically evaluate three existing algorithms spanning different approaches to fairness in
Federated Learning:

• FedAvg [MMR+17]: The standard FL algorithm without fairness considerations
serves as our baseline, demonstrating the fairness issues that emerge when no
mitigation is applied.

• FairFed [EYH+23]: We implement the fairness-aware aggregation algorithm,
supporting multiple fairness metrics (EOD, SPD, Accuracy Difference) and in-
vestigating its behavior under various heterogeneity conditions.

• FedCvg [Bro23]: We implement the coverage-based aggregation algorithm that
addresses representation bias by weighting clients based on their coverage of
protected groups.

Note that Parity Sampling (strategic client selection) and local debiasing (sample
reweighting) are orthogonal techniques that can be combined with any aggregation
algorithm. In our experiments, we systematically evaluate all combinations to un-
derstand their interactions.
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Design of a novel algorithm: FedCvg-Ratio As our main contribution, we introduce
FedCvg-Ratio, a novel variant of FedCvg that addresses the key limitation of requir-
ing a fixed coverage threshold. FedCvg-Ratio computes weights based on how each
client’s local ratio of protected samples differs from the global ratio, dynamically
adapting to the current distribution. This approach eliminates the need for practi-
tioners to specify a pre-defined threshold that may not generalize across datasets or
training stages.

The key insight underlying FedCvg-Ratio is a shift in perspective: rather than asking
“does this client have enough protected samples?” (a threshold-based question that
requires specifying “enough”), we ask “does this client have more protected samples
than average?” (a ratio-based question that adapts automatically). This relative
comparison naturally adjusts as the global distribution evolves during training, mak-
ing the algorithm more robust to varying data characteristics.

Additionally, FedCvg-Ratio incorporates Exponential Moving Average (EMA) smooth-
ing to prevent abrupt weight changes between rounds that could destabilize training.
The detailed algorithm description and mathematical formulation are presented in
Chapter 3.

Systematic investigation of complementary mechanisms. We investigate the inter-
action between server-side fairness mechanisms (FairFed, FedCvg, FedCvg-Ratio) and
client-side local debiasing techniques. By evaluating each algorithm both with and
without local debiasing, we provide insights into:

• When do server-side and client-side interventions complement each other?

• Under what conditions does their combination provide additive benefits?

• Are there scenarios where combining both approaches is counterproductive?

This analysis provides practical guidance for practitioners seeking to deploy fairness-
aware federated learning systems.

Focus on representation bias. Unlike most existing work that focuses on algorithmic
fairness, our primary contribution addresses representation bias—the underrepre-
sentation of certain groups in the training data. By developing FedCvg-Ratio and
systematically evaluating coverage-based approaches, we advance the limited body
of work on this fundamental challenge. Our experiments demonstrate that address-
ing representation bias can be more effective than algorithmic fairness interventions
alone, particularly under extreme data heterogeneity.

Comprehensive experimental evaluation. We conduct extensive experiments across
multiple datasets (Adult, COMPAS), varying levels of data heterogeneity (controlled
by Dirichlet partitioning), and different sensitive attributes. This comprehensive
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evaluation provides insights into how algorithm effectiveness depends on data char-
acteristics, helping practitioners choose appropriate fairness interventions for their
specific scenarios.

Table 2.1 summarizes the key characteristics of the bias-aware approaches we are going to
consider in this work.

We selected FairFed as the representative of fairness-aware aggregation approaches (algo-
rithmic bias mitigation) for several reasons: (1) it is well-documented with clear math-
ematical formulation and publicly available implementation; (2) it addresses algorithmic
bias through adaptive client weighting based on fairness metrics, complementing our focus
on representation bias; (3) it has been validated across multiple heterogeneity settings in
the original paper; and (4) its server-side approach is orthogonal to client-side techniques,
allowing us to study their interaction systematically.

According to the taxonomy presented in Section 2.2, in the table: taxonomy category points
out the taxonomy node the considered algorithm belongs to; level refers to the component
involved in the intervention (either client or server); intervention type refers to the approach
used, consistent with the taxonomy categories; metadata disclosure refers to the specific
metadata that clients communicate to the server beyond standard model weights; bias type
indicates whether the approach addresses algorithmic bias or representation bias.

Table 2.1: Comparison of fairness-aware federated learning approaches

Algorithm Taxonomy Intervention Level Metadata Bias type
category type disclosed

FedAvg Server-side None Server Dataset size (n) -
aggregation (baseline)

FairFed Server-side Fairness-aware Server Fairness metrics Algorithmic
aggregation aggregation (EOD, SPD, ACC DIFF)

FedCvg Server-side Coverage-based Server Group counts Representation
aggregation aggregation (nunpriv, n)

FedCvg-Ratio Server-side Coverage-based Server Group counts Representation
aggregation aggregation (nunpriv, n)

Local debiasing Client-side Pre-processing Client None (local only) Algorithmic
optimization (reweighting)

Parity Sampling Client Client Server Group counts Representation
participation participation (nunpriv, n)

The following chapters present the detailed implementation of these algorithms (Chap-
ter 3), the experimental framework (Chapter 4), and the systematic evaluation of their
effectiveness (Chapter 5).
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Chapter 3

Reference Algorithms

Building on the overview provided in Chapter 2, this chapter presents in detail the federated
learning algorithms we implement and evaluate in this thesis. The chapter is organized
as follows: Section 3.2 presents FedAvg, the baseline algorithm; Section 3.3 describes
FairFed for fairness-aware aggregation; Section 3.4 covers FedCvg for representation
bias mitigation based on coverage constraints; Section 3.5 introduces our novel contri-
bution, FedCvg-Ratio, for representation bias mitigation based on representation-rate
constraints; Section 3.6 describes Parity Sampling, a client selection strategy that can
be combined with fairness-aware algorithms; and Section 3.7 describes the local debiasing
technique that can be combined with any server-side algorithm. For each algorithm, we
describe how it operates, present the mathematical formulation, and discuss limitations
that motivate subsequent approaches.

3.1 Common Notation and Tasks

The algorithm presentation follows the notation presented in Table 3.1.

In all algorithms presented in this chapter, the global model θ0 is initialized identically
at the server. The server first loads the dataset to determine the input dimension, then
creates either a linear model (logistic regression) or a multi-layer perceptron (MLP) based
on configuration. The initial parameters are extracted from this freshly created model and
used as θ0. This ensures all algorithms start from the same baseline.

The individual algorithms also share the client update procedure. Algorithm 1 shows how
each client performs local training. Each client i receives the current global model θ and
performs local training using the ClientUpdate procedure (Algorithm 1, line 4). The
client initializes its local model with the global parameters, then trains for E local epochs
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Table 3.1: Notation for federated learning algorithms

Symbol Description

R Total number of training rounds
r Current round index, r ∈ {1, . . . , R}
C Total number of available clients
Sr Subset of clients selected for round r
i Client index
Di Local dataset at client i
ni Number of training samples at client i, ni = |Di|

nunpriv
i Number of samples from the protected group (unprivileged, group 0) at client i

rri Local ratio nunpriv
i /ni

rrrglobal Global ratio across all participating clients in the current round:
∑

i n
unpriv
i /

∑
i ni

θr Global model parameters at round r
θri Local model parameters at client i after round r
E Number of local training epochs
η Learning rate
B Batch size
w̄i Unnormalized (raw) aggregation weight for client i1

wi Normalized aggregation weight for client i1

ϕglobal Aggregated global fairness metric
ϕi Fairness metric for client i, computed on the global model before training
β Fairness budget parameter that controls the speed of weight adjustment in FairFed
cov Target coverage threshold (a fixed global parameter)
α Sensitivity parameter that controls how coverage affect weights in FedCvg
λ EMA smoothing factor
si Ratio score for client i
p Probability of using Parity Sampling w.r.t. random sampling

on its dataset Di. During each epoch, the client processes its local dataset Di in batches
B, updating the model parameters using stochastic gradient descent with learning rate η:

θri ← θri − η∇ℓ(θri ;B) (3.1)

where ℓ(θri ;B) is the loss function evaluated on batch B, and ∇ℓ(θri ;B) is its gradient with
respect to the model parameters.

This procedure is referenced by all server-side algorithms (FedAvg, FairFed, FedCvg,
FedCvg-Ratio).

1Superscript r is with this notation used to denote round-dependent weight values.
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Additionally, at each round of the procedure a subset Sr of the set of clients C can be
selected for the processing. The percentage of selected clients is usually called fraction fit.
The selection could be random or based on other selection approaches. In all the server-
side algorithm we use function ClientSelection(ff, C) to denote the function that selects
ff · |C| clients from the whole set C and we assume this selection is randomly performed
if not otherwise stated.

Algorithm 1 ClientUpdate(i, θ) (common to all algorithms)

1: θi ← θ
2: for epoch e = 1 to E do
3: for batch B ∈ Di do
4: θi ← θi − η∇ℓ(θi;B)
5: end for
6: end for
7: return θi

3.2 FedAvg: Federated Averaging

FedAvg, introduced by McMahan et al. [MMR+17], serves as the foundational algorithm
for Federated Learning and our baseline for comparison.

3.2.1 Introduction

FedAvg operates through a simple yet effective iterative process. At the beginning of each
training round, the central server broadcasts the current global model to a selected subset
of clients. Each client then trains this model on its local dataset for a specified number of
epochs, producing an updated local model. The clients send their updated models back
to the server, which combines them into a new global model by computing a weighted
average, where each client’s contribution is proportional to the size of its local dataset.

The intuition behind this weighting scheme is straightforward: clients with more data have
seen more examples and thus their updates should carry more influence. This approach
works well when the goal is purely to minimize the global loss function, but it does not
account for fairness considerations—a client with a large but biased dataset will have
substantial influence on the global model, potentially propagating its biases.
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3.2.2 Description

The FedAvg algorithm proceeds as shown in Algorithm 2. We now explain each compo-
nent in detail, using the notation introduced in Table 3.1.

The server initializes the global model θ0 (line 2). Then, the algorithm operates in the
following main steps at each round (R in total, lines 3-14):

1. Client sampling (line 4). The server selects a subset of clients Sr to be used in round
r, based on the fraction fit ff .

2. Local training and metadata collection (lines 5-9). Each client i ∈ C receives the
current global model θr−1, performs local training using the ClientUpdate procedure
(Algorithm 1, line 6), and get back the new model parameters for each of them (line
6). The server also collects some additional metadata from the client (line 7), in this
case corresponding to the total number of client samples, used to inizialize the raw
weights (line 8).

3. Weight normalization (lines 10-13). The client raw weights are normalized to sum to
1 (lines 10-13).

4. Aggregation (line 14). Finally, the new global model is computed as a weighted
average of the client models (line 12). Since the weight wi assigned to client i is
proportional to its dataset size, this ensures that clients with more data have greater
influence on the global model.

Using this algorithm, FedAvg minimizes the following global objective function:

min
θ

f(θ) =
C∑
i=1

ni

n
· Fi(θ) (3.2)

where f(θ) is the global loss function, Fi(θ) =
1
ni

∑
(x,y)∈Di

ℓ(θ; x, y) is the local loss function

at client i (with (x, y) representing a training sample with features x and label y contained
in the client dataset Di), and n =

∑C
i=1 ni is the total number of examples across all

clients.

3.2.3 Limitations

FedAvg has several limitations regarding fairness that motivate the development of fairness-
aware alternatives:
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Algorithm 2 FedAvg

1: Server:
2: Initialize global model θ0

3: for round r = 1 to R do
4: Sr = ClientSampling(ff, C)
5: for each client i ∈ Sr in parallel do
6: θri ← ClientUpdate(i, θr−1)
7: Collect ni from client i
8: w̄i ← ni

9: end for
10: Compute wr =

∑
i∈Sr

w̄i

11: for each client i ∈ Sr do
12: wr

i ← w̄i/w
r

13: end for
14: θr ←

∑
i∈Sr

wr
i · θri

15: end for

• No fairness optimization: FedAvg does not consider fairness metrics in its aggrega-
tion scheme. The algorithm optimizes solely for minimizing the global loss, without
any mechanism to ensure equitable treatment of protected groups.

• Bias amplification: Clients with larger datasets have more influence on the global
model, even if their data is more biased. This can amplify existing biases in the
training data.

• Representation bias propagation: Under-represented groups may have little influence
on the global model, as clients with few samples from minority groups contribute less
to the aggregation.

• No strategic selection: Random client selection may consistently exclude clients with
important minority representation, perpetuating representation imbalances.

These limitations establish the need for fairness-aware approaches that can maintain the
benefits of federated learning while ensuring equitable treatment of all demographic groups.

3.3 FairFed: Fairness-Aware Aggregation

FairFed, proposed by Ezzeldin et al. [EYH+23], addresses the fairness limitations of Fe-
dAvg by dynamically adjusting client aggregation weights based on their fairness metrics.
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3.3.1 Introduction

FairFed builds on a key insight: not all client updates should be treated equally when
fairness is a concern. The algorithm works by first having each client evaluate the fairness of
the current global model on its local data before performing any training. This evaluation
produces a local fairness metric (such as SPD, EOD, or ACC DIFF) that indicates how
fairly the model treats different demographic groups from that client’s perspective.

The server then aggregates these local fairness metrics to compute a global fairness mea-
sure. For each client, the algorithm calculates a “fairness gap”—the difference between the
client’s local fairness and the global fairness. Clients whose local fairness is closer to the
global target receive higher aggregation weights, while clients with larger fairness gaps see
their influence reduced.

The intuition is that clients whose data produces fairness metrics similar to the global
target are more “aligned” with the overall fairness goal, and their model updates should
carry more weight. Conversely, clients whose local fairness deviates significantly from the
global target may have unusual data distributions that could harm global fairness if given
too much influence.

3.3.2 Description

The FairFed algorithm proceeds as shown in Algorithm 3. We now explain each step in
detail, using the notation introduced in Table 3.1.

The server initializes the global model θ0 (line 2) and client weights w̄0
i = ni/

∑C
j=1 nj for

all clients (line 3). This ensures that the algorithm starts from a reasonable baseline similar
to FedAvg, as specified in the paper. Then, the algorithm operates in several steps at
each round (R in total, lines 4-23):

1. Client sampling (line 5). The server selects a subset of clients Sr to be used in round
r, based on the fraction fit ff .

2. Pre-training fairness evaluation (lines 6-8). Before local training begins, each client
i evaluates the current global model θr−1 on its local validation data to compute
its local fairness metric ϕi (line 7). The algorithm supports any fairness metric
introduced in Section 1.2.2 of Chapter 1. The specific metric used is a configuration
parameter.

3. Global fairness computation (line 9). The server aggregates fairness metrics from all
clients. Notice that in the algorithm, line 7 shows ϕi ← EvaluateFairness(i, θr−1)
as an abstraction. In practice, this function returns both the local fairness metric
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Algorithm 3 FairFed(β, ϕ)

1: Server:
2: Initialize global model θ0

3: Initialize client weights w̄0
i = ni/

∑C
j nj for all i

4: for round r = 1 to R do
5: Sr ← ClientSampling(ff, C)
6: for each client i ∈ Sr in parallel do
7: ϕi ← EvaluateFairness(i, θr−1, ϕ)
8: end for
9: ϕglobal ← AggregateFairness({ϕi|∀i ∈ Sr})
10: ∆̄← mean(|ϕglobal − ϕi| for i ∈ Sr)
11: for each client i ∈ Sr do
12: ∆i ← |ϕglobal − ϕi|
13: w̄r

i ← max{0, w̄r−1
i − β · (∆i − ∆̄)}

14: end for
15: w ←

∑
i∈Sr

w̄r
i

16: for each client i ∈ Sr do
17: wr

i ← w̄r
i /w

18: end for
19: for each client i ∈ Sr in parallel do
20: θri ← ClientUpdate(i, θr−1)
21: end for
22: θr ←

∑
i∈Sr

wr
i · θri

23: end for

ϕi and the raw counts needed for global aggregation (e.g., TPA=0,i, PA=0,i, TPA=1,i,
PA=1,i for EOD).

The server then aggregates these raw counts to compute the global fairness metric
ϕ. For example, for EOD, the global True Positive Rates are computed as:

TPRglobal
A=0 =

∑
i∈C TPA=0,i∑
i∈C PA=0,i

, TPRglobal
A=1 =

∑
i∈C TPA=1,i∑
i∈C PA=1,i

(3.3)

This aggregation approach ensures that the global fairness metric accurately reflects
the combined data distribution across all clients. Crucially, we aggregate the raw
counts (TP, P) rather than averaging the local ϕi values. Averaging local metrics
would give incorrect results when clients have different dataset sizes, as it would
weight all clients equally regardless of their data volume. By aggregating raw counts,
we ensure that the global metric is computed correctly over the entire federated
dataset.
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4. Fairness gap calculation and weight update (lines 10-14). First, the average fairness
gap across all participating clients is computed as ∆̄ = 1

|Sr|
∑

i∈Sr
|ϕglobal − ϕi| (line

10). Then, for each client i, the fairness gap ∆i measures how much its local fairness
deviates from the global fairness, and the weight is updated accordingly (lines 11-14,
including the end for at line 14).

When the local fairness metric is undefined (e.g., when a client lacks positive examples
from one protected group), FairFed uses an accuracy-based gap as fallback:

∆i = |Accglobal − Acci| (3.4)

The weight update follows the paper’s formula (Equation 6 in [EYH+23]), combining
the gap calculation with the weight adjustment in a single loop (lines 11-14):

The intuition behind this update is:

• If ∆i > ∆̄ (client has worse fairness than average): weight decreases.

• If ∆i < ∆̄ (client has better fairness than average): weight increases.

• If ∆i = ∆̄ (client has average fairness): weight unchanged.

The parameter β controls the speed of weight adjustment.

5. Weight normalization (lines 15-18). The unnormalized weights w̄r
i are normalized to

sum to 1 (line 15 computes the sum, lines 16-18 normalize):

6. Local training and aggregation (lines 19-22). After local training using ClientUpdate
(Algorithm 1) (lines 19-21), the server aggregates client models using the fairness-
aware weights (line 22).

3.3.3 Limitations

While FairFed represents a significant advance over FedAvg for fairness, it has several
limitations:

• Metric dependency: The algorithm’s effectiveness depends on the ability to compute
meaningful fairness metrics at each client. Highly skewed local distributions can
make metrics undefined.

• Homogeneous settings: As noted by the original authors, FairFed’s advantages di-
minish in highly homogeneous settings where local debiasing alone may suffice.

• No representation bias mitigation: FairFed adjusts weights based on model fairness
metrics, but does not directly address representation bias in the data distribution.
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3.4 FedCvg: Coverage-Based Aggregation

FedCvg, introduced in Brocchi’s Master’s thesis [Bro23], addresses representation bias
through coverage-based aggregation weights that favor clients with better coverage of pro-
tected groups.

3.4.1 Introduction

FedCvg takes a fundamentally different approach from FairFed. Instead of adjusting
weights based on how the model performs (fairness metrics), FedCvg adjusts weights
based on what data each client has (coverage of protected groups). The key insight is
that representation bias—the underrepresentation of certain groups in the training data—
is a root cause of unfair models, and addressing it directly at the data level can be more
effective than trying to correct for it at the model level.

At each round, clients report how many samples they have from the protected (unprivi-
leged) group. The server uses this information to compute coverage-based weights: clients
with more samples from the protected group receive higher weights, ensuring their model
updates have greater influence on the global model. This effectively “repairs” the global
data distribution by giving more voice to clients that better represent minority groups.

Note that in FedCvg, the same clients tend to receive consistently higher weights across
rounds because their dataset composition (number of protected group samples) remains
constant. This differs from FairFed, where weights adapt based on model performance
metrics that can change over time.

3.4.2 Description

The FedCvg algorithm proceeds as shown in Algorithm 4. We now explain each step in
detail, using the notation introduced in Table 3.1.

The server initializes the global model θ0 (line 2). Then, the algorithm operates in several
steps at each round (R in total, lines 3-11):

1. Client sampling (line 4). The server selects a subset of clients Sr to be used in round
r, based on the fraction fit ff .

2. Local training and metadata collection (lines 5-8). Each client i ∈ Sr performs local
training in parallel using ClientUpdate (Algorithm 1, line 6). Each client reports not
only its updated model θri but also its dataset statistics: total samples ni and number
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Algorithm 4 FedCvg(αcov)

1: Server:
2: Initialize global model θ0

3: for round r = 1 to R do
4: Sr = ClientSampling(ff, C)
5: for each client i ∈ Sr in parallel do
6: θri ← ClientUpdate(i, θr−1)
7: Collect ni, n

unpriv
i from client i

8: end for
9: for each client i ∈ Sr do
10: w̄i ← exp(αcov · (nunpriv

i − cov)) · ni

11: end for
12: Compute wr =

∑
i∈Sr

w̄i

13: for each client i ∈ Sr do
14: wr

i ← w̄i/w
r

15: end for
16: θr ←

∑
i∈C wr

i · θri
17: end for

of samples from the protected group nunpriv
i (line 7). This information is essential for

computing coverage-based weights.

3. Weight computation and normalization (lines 9-16). For each client i ∈ Sr, the server
computes the coverage weight (line 10), according to [Bro23]:

w̄i = exp(αcov · (nunpriv
i − cov)) · ni (3.5)

The weight is computed assuming that a domain dependent coverage constraint for
the unprivileged group is available with a threshold cov. The formula relies on a
parameter αcov that weights the impact of the coverage on the weight computation.
The intuition behind this formula is:

• If nunpriv
i > cov: client i has good coverage of protected group→ weight increases

(exp(αcov · positive) > 1).

• If nunpriv
i < cov: client i has poor coverage of protected group → weight de-

creases (exp(αcov · negative) < 1).

• If nunpriv
i = cov: client i meets target → weight = n (like FedAvg).

This weighting scheme ensures that clients with better representation of the protected
(unprivileged) group have greater influence on the global model, effectively addressing
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representation bias by amplifying the voice of clients that better represent minority
groups.

The raw weights w̄i are then normalized to sum to 1 (lines 13-16).

4. Aggregation (line 18). The server finally aggregates client models using the normalized
coverage-based weights.

3.4.3 Limitations

FedCvg has several limitations that motivate our proposed FedCvg-Ratio:

• Fixed threshold: The coverage threshold cov must be specified a priori and may not
generalize across datasets or training stages. There is no principled way to determine
the optimal value.

• Absolute vs. relative: The threshold is an absolute number of samples, which does
not adapt to varying dataset sizes. A cov = 100 may be appropriate for large clients
but too demanding for small clients.

• Static weighting: Since client dataset compositions don’t change, the same clients
receive consistently high weights throughout training, potentially limiting model di-
versity.

• Parameter sensitivity: The effectiveness depends heavily on the choice of both cov
and α, requiring careful tuning for each dataset.

These limitations motivate our novel contribution, FedCvg-Ratio, which addresses them
through a ratio-based approach, following the notion of representation rate introduced in
Section 1.2.1.

3.5 FedCvg-Ratio: a New Algorithm based on Rep-

resentation Rate

FedCvg-Ratio is our novel contribution to fairness-aware federated learning. It addresses
the key limitations of FedCvg by replacing the fixed coverage threshold with a dynamic,
ratio-based weighting scheme that adapts to the current data distribution.
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3.5.1 Introduction

The primary limitation of FedCvg is its reliance on a fixed coverage threshold cov. This
threshold must be specified before training begins, but the optimal value depends on factors
that may not be known in advance: the overall data distribution, the degree of hetero-
geneity across clients, and how these characteristics evolve during training. A threshold
that works well for one dataset may perform poorly on another, and a threshold that is
appropriate at the beginning of training may become suboptimal as the model converges.

FedCvg-Ratio addresses this limitation through a fundamental shift in perspective.
Rather than asking “does this client have enough protected samples?” (a threshold-based
question that requires specifying “enough” via the fixed cov parameter), we ask “does this
client have more protected samples than average?” (a ratio-based question that adapts au-
tomatically to the current round’s distribution). This relative comparison naturally adjusts
as the global distribution evolves during training, eliminating the need for practitioners to
specify a fixed threshold.

FedCvg-Ratio thus directly operationalizes the Representation Rate concept from Sec-
tion 1.2.1. Recall that for a client i, the local representation rate of the unprivileged group
is:

rri =
nunpriv
i

ni

(3.6)

FedCvg-Ratio compares each client’s local ratio rri, the local ratio) against the global

representation rate rrglobal =
∑

i n
unpriv
i∑
i ni

, and adjusts weights accordingly. This makes the

algorithm inherently adaptive: as rglobal changes across rounds (due to different client
participation), the weighting automatically adjusts.

The key insight is that this comparison is inherently adaptive. If the global ratio changes
during training (for example, as different clients participate in different rounds due to
Parity Sampling), the algorithm automatically adjusts its weighting scheme using a ratio
score. A client that was considered “above average” in one round might be “below average”
in another, depending on which other clients participated. By dinamically adapting the
ratio score makes the algorithm more robust to varying data characteristics.

Example 3.1 Consider a scenario with rrglobal = 0.33 (33% unprivileged, 67% privileged).
Table 3.2 shows data distribution information for three clients A,B,C. Client B, with 50%
unprivileged samples, is above the global average of 33%, so it receives a boost (ratio score
si greater than 1). Client A, with only 20%, is below average and receives a penalty (ratio
score si lower than 1). Client C matches the global average and receives neutral weighting
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(ratio score si equal to 1). The result is that the aggregated model “sees” a more balanced
distribution because clients with more unprivileged samples have higher weight.

To further enhance stability, FedCvg-Ratio incorporates Exponential Moving Average
(EMA) smoothing [Hun86]. Rather than using the raw computed weights directly, the
algorithm maintains a smoothed version that blends the current weights with historical
values. This prevents abrupt weight changes between rounds that could destabilize train-
ing, particularly in early rounds when the global distribution estimate may be noisy.

Table 3.2: FedCvg-Ratio weight computation example

Client ni nunpriv
i rri si Effect

A 1000 200 0.20 ∼0.80 Penalized (below average)
B 1000 500 0.50 ∼1.25 Boosted (above average)
C 1000 330 0.33 ∼1.00 Neutral (matches global)

3.5.2 Description

The FedCvg-Ratio algorithm proceeds as shown in Algorithm 5. We now explain each
step in detail, using the notation introduced in Table 3.1.

At the beginning, the server initializes the global model θ0 (line 2) and EMA weights
w0

i = ni/
∑

j nj for all clients (line 3). The algorithm then operates in several steps at each
round (R in total, lines 4-41):

1. Client sampling (line 5). The server selects a subset of clients Sr to be used in round
r, based on the fraction fit ff .

2. Local training and metadata collection (lines 6-9). Each client i ∈ Sr performs local
training in parallel using ClientUpdate (Algorithm 1, line 6). The server collects
both the updated model θri and dataset statistics: total samples ni and number of
samples from the protected group nunpriv

i (line 8).

3. Global statistics (lines 10-12). The server computes the total samples and unprivi-
leged samples across all participating clients in the current round (lines 10-11), then
calculates the global ratio rrrglobal (line 12). Note that rrrglobal is computed only over
the clients participating in the current round r, not over all clients in the federation.
This makes rrrglobal dynamic: it can change from round to round as different clients
participate, especially when combined with Parity Sampling.
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Algorithm 5 FedCvg-Ratio(αrr, λ)

1: Server:
2: Initialize global model θ0

3: Initialize EMA weights w0
i = ni/

∑
j nj for all clients

4: for round r = 1 to R do
5: Sr = ClientSampling(ff, C)
6: for each client i ∈ Sr in parallel do
7: θri ← ClientUpdate(i, θr−1)
8: Collect ni, n

unpriv
i from client i

9: end for
10: n←

∑
i∈Sr

ni

11: nunpriv ←
∑

i∈Sr
nunpriv
i

12: rrrglobal ← nunpriv/n
13:

14: for each client i ∈ Sr do
15: rri ← nunpriv

i /ni

16: diff ← rri − rrrglobal
17: norm diff ← diff/min(rrrglobal, 1− rrrglobal)
18:

19: if rrrglobal < 0.5 then
20: si ← 1 + αrr · norm diff
21: else
22: si ← 1− αrr · norm diff
23: end if
24: si ← max(0.5,min(2.0, si))
25:

26: w̄r
i ← ni · si

27: end for
28:

29: Compute wr =
∑

i∈Sr
w̄r

i

30: for each client i ∈ Sr do
31: ŵr

i ← w̄r
i /w

r

32: end for
33:

34: for each client i ∈ Sr do
35: if client i seen before then
36: wr

i ← λ · wr−1
i + (1− λ) · ŵr

i

37: else
38: wr

i ← ŵr
i

39: end if
40: end for
41:

42: θr ←
∑

i∈Sr
wr

i · θri
43: end for
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4. Ratio computation (lines 14-17). For each client i ∈ S5, we compute the following
ratio-based scores:

• Local ratio: rri = nunpriv
i /ni (line 15)

• Difference from global: diff = rri − rrrglobal (line 16)

• Normalized difference: norm diff = diff/min(rrrglobal, 1− rrrglobal) (line 17)

The normalization ensures consistent effect regardless of how imbalanced the global
distribution is. A client that is 10% above average receives the same relative boost
whether rrrglobal = 0.3 or rrrglobal = 0.7.

5. Ratio score and weight update (lines 19-26). The ratio score si adjusts the client’s
weight based on whether it helps balance the distribution (lines 19-23), then is
clamped to prevent extreme values (line 24), and finally the raw weight is computed
(line 26). The definition relies on a parameter αrr to tune the impact of norm diff
on the score as follows:

si =

{
1 + αrr · norm diff if rrrglobal < 0.5 (need more unprivileged)

1− αrr · norm diff if rrrglobal ≥ 0.5 (need more privileged)
(3.7)

The term ratio score is used to denote si, which conceptually represents an adjustment
factor based on how the client’s representation rate compares to the global rate. The
score si represents a multiplicative adjustment factor applied to the client’s dataset
size. Values si > 1 boost the client’s influence (when it helps balance), while si < 1
reduce it (when it worsens imbalance). The score is clamped to [0.5, 2.0] to prevent
extreme weights. The clamp values [0.5, 2.0] were chosen empirically to balance
fairness improvement with stability:

• Lower bound 0.5: Prevents completely excluding clients (minimum 50% of their
base weight).

• Upper bound 2.0: Prevents any single client from dominating (maximum 2×
their base weight).

These bounds ensure that ratio-based adjustments remain moderate, avoiding the
instability that could arise from extreme weight ratios.

6. Normalization (lines 29-32). The raw client weights are normalized to sum to 1

7. EMA Smoothing (lines 34-40). To stabilize weights across rounds, FedCvg-Ratio
applies Exponential Moving Average (EMA) to each client weight), based on a pa-
rameter λ:
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wr
i = λ · wr−1

i + (1− λ) · ŵr
i (3.8)

where:

• λ = 0: only new weights are used (no memory).

• λ = 0.5: a balanced weight between old and new is computed.

• λ = 1: only previous weights are used (no update).

For new clients (first time observed), we set wr
i = ŵr

i (line 38).

8. Aggregation (line 42). The server aggregates client models using the EMA-smoothed
weights.

3.5.3 FedCvg and FedCvg-Ratio Comparison

Table 3.3 summarizes the key differences between FedCvg and FedCvg-Ratio.

Table 3.3: Comparison of FedCvg and FedCvg-Ratio

Aspect FedCvg FedCvg-Ratio

Objective Fixed coverage threshold Global distribution balance

Weight Formula exp(α · (nunpriv
i − cov)) · ni ni · (1 + α · norm diff)

Reference Static threshold cov Dynamic rrrglobal (per-round)

Smoothing None EMA (Exponential Moving Average)
Adaptivity Static Adaptive to current distribution
Parameter Tuning Requires dataset-specific cov No threshold needed

The fundamental difference between the two approaches lies in their reference points for
weight computation. FedCvg uses a static coverage threshold cov that must be speci-
fied before training and remains fixed throughout. This threshold represents an absolute
number of samples from the protected group that clients should ideally possess. In con-
trast, FedCvg-Ratio uses a dynamic global ratio rrrglobal that is recomputed at each round
based on the actual data distribution of participating clients. This makes FedCvg-Ratio
inherently adaptive: as the composition of participating clients changes (especially with
Parity Sampling), the reference point adjusts automatically.

The weight formulas reflect this difference. FedCvg’s exponential formula amplifies or
dampens client influence based on the distance from the fixed threshold cov. FedCvg-
Ratio’s formula instead adjusts weights based on how much a client’s local ratio deviates
from the current global average, using a normalized difference to ensure consistent effects
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across different distributions. Additionally, FedCvg-Ratio incorporates EMA smoothing
to prevent abrupt weight changes between rounds, which is particularly important when
the global ratio fluctuates due to varying client participation.

From a practical standpoint, FedCvg requires careful tuning of the cov parameter for each
dataset, as an inappropriate threshold can harm both fairness and accuracy. FedCvg-
Ratio eliminates this burden by automatically adapting to the data distribution, making
it more robust and easier to deploy across different scenarios.

FedCvg-Ratio offers several advantages over the original FedCvg:

1. No threshold specification: Eliminates the need to specify a coverage threshold cov,
which may not generalize across datasets or training stages.

2. Dynamic adaptation: Automatically adapts to the current data distribution as it
evolves during training. The reference point rglobal is recomputed each round based
on participating clients.

3. Stability: EMA smoothing prevents abrupt weight changes that could destabilize
training, especially important when combined with Parity Sampling.

4. Robustness: The ratio-based approach is inherently robust to varying dataset sizes
and distributions. A client with 60% unprivileged samples receives similar relative
treatment whether the global average is 30% or 40%.

3.6 Parity Sampling

Parity Sampling is a client selection strategy that can be combined with any feder-
ated learning algorithm to improve representation balance. Introduced in Brocchi’s the-
sis [Bro23], it strategically selects which clients participate in each training round based
on their demographic composition.

3.6.1 Introduction

While the algorithms discussed so far focus on changing weights to influence the impact
of each client in the final aggregation, Parity Sampling addresses a complementary
question: which clients should participate in each round? The key insight is that when only
a fraction of clients can participate per round (i.e., fraction fit lower than 1 and |Sr| < C),
strategic selection can amplify fairness improvements by preferentially choosing clients that
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help balance the global distribution. It thus corresponds to a specific implementation of
the ClientSelection() function introduced in the previously presented algorithms.

Parity Sampling works by tracking the global distribution of protected groups across
all selected clients. At each round (after the first), it identifies which group is currently
under-represented and preferentially selects clients that have more samples from that group.
This creates a feedback loop: as the global distribution becomes more balanced, the selec-
tion pressure decreases, eventually converging to random selection when perfect balance is
achieved.

3.6.2 Description

The Parity Sampling algorithm proceeds as shown in Algorithm 6.

The approach relies on the probability p of using Parity Sampling instead of random
sampling in any round. For example, p = 0.5 means 50% chance of Parity Sampling and
50% chance of random selection. Besides p, similarly to the ClientSampling() function,
it also takes the fraction fit ff , the set of clients C as parameters, together with round r
at which is it called.

We also assume the server maintains a global client registry to track dataset statistics
(ni, n

unpriv
i ) for all observed clients across rounds. The registry is initially empty and is

populated dynamically as clients are selected and observed during training. When a client
i participates in a round for the first time, its statistics are added to the registry and used
in subsequent rounds for scoring.

We now explain each step of the algorithm in detail, using the notation introduced in
Table 3.1.

1. Round 1: random sampling (lines 2-3). In the first round, clients are always randomly
selected because the client registry is still empty and no distribution information is
available yet (line 3). This initial random selection establishes baseline statistics that
will populate the registry for subsequent rounds.

2. Subsequent rounds: probabilistic selection (lines 4-21). From round 2 onward, with
probability (1 − p), the algorithm uses random sampling (line 5); with probability
p, it applies Parity Sampling (lines 7-20). This probabilistic approach balances
fairness improvement with model diversity.

3. Distribution tracking (lines 7-8). The server computes the global distribution from all
previously observed clients using the global client registry (not just the ones selected
in the current round). In the formulas, observed corresponds to the set of clients
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Algorithm 6 ParitySampling(p, ff, C, r)

1: Server:
2: if r == 1 then
3: Sr ← RandomClientSampling(ff, C)
4: else if random() ≥ p then
5: Sr ← RandomClientSampling(ff, C)
6: else
7: nunpriv ←

∑
i∈observed n

unpriv
i

8: npriv ←
∑

i∈observed(ni − nunpriv
i )

9: if nunpriv == npriv then
10: Sr ← RandomClientSampling(ff, C)
11: else
12: for each client i ∈ C do
13: if nunpriv > npriv then
14: scorei ← npriv

i

15: else
16: scorei ← nunpriv

i

17: end if
18: end for
19: Sort clients by scorei descending
20: Sr ← top (ff · |C|) clients
21: end if
22: end if
23: Update client registry with data of selected clients
24: return Sr

selected up to the current round (i.e., those for which the corresponding position in
the client registry has been updated).

The registry is necessary for Parity Sampling because the algorithm needs to
track the cumulative distribution across all clients seen so far, not just those in the
current round. This allows it to make informed selection decisions based on the global
imbalance.

4. Balanced distribution check (lines 9-10). If the distribution is perfectly balanced
(nunpriv == npriv) (line 9), the algorithm falls back to random sampling (line 10).

5. Client scoring (lines 11-21). If the distribution is not perfectly balanced, each client
i ∈ C is assigned a score based on which group is under-represented (lines 13-17):

The intuition is:
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• If group 0 is over-represented (nunpriv > npriv): select clients with more privi-
leged samples to balance (and set scorei to npriv

i ).

• If group 1 is over-represented (nunpriv < npriv): select clients with more unpriv-
iled samples to balance (and set scorei to nunpriv

i ).

6. Client selection (lines 19-20). Clients are sorted by score in descending order, and
the top ff · |C| clients are selected to form the subset Sr. This ensures that clients
most helpful for balancing the distribution are prioritized.

7. Final operations (lines 23-24). The client registry is updated and Sr is returned.

3.6.3 Limitations

Parity Sampling can significantly affect which clients participate in training, thus having
an impact on selection fairness (see Section 2.1):

• Clients never selected: Clients with very poor representation of both groups (e.g.,
only 10 samples total) will consistently receive low scores and may never be selected.
This is intentional: such clients contribute little to balancing the distribution.

• Clients always selected: Clients with excellent representation of the currently under-
represented group will consistently receive high scores. For example, if group 0
is globally under-represented at 30%, a client with 80% group 0 samples will be
prioritized in most rounds.

• Dynamic selection: As the global distribution becomes more balanced through train-
ing, the selection pressure decreases. A client that was highly prioritized early (when
imbalance was severe) may become less prioritized later (when balance improves).

• Partial client participation: Parity Sampling is only effective when not all clients
participate in every round (i.e., ff ! = 1 and therefore |Sr| < |C|); this allows the
algorithm to prioritize clients with better representation of the under-represented
group. On the other hand, if all clients are selected in each round (|Sr| = |C|),
Parity Sampling has no practical effect because there is no selection to perform—
all clients participate regardless of their scores. The scoring mechanism becomes
irrelevant when there is no subset to choose.

Additional limitations are the following:

• Reduced diversity: By consistently favoring certain clients, Parity Sampling may
reduce model diversity and potentially harm convergence on non-IID data.
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• Partial participation: The approach is only effective when not all clients participate in
every round (|Sr| < |C|), which may slow convergence compared to full participation.

• Cold start: New clients that haven’t been observed yet cannot be scored, potentially
delaying their participation.

3.7 Local Debiasing

Local debiasing is a client-side fairness intervention that can be combined with any of
the server-side algorithms (FedAvg, FairFed, FedCvg, FedCvg-Ratio). Unlike the
server-side approaches that modify aggregation weights, local debiasing is a pre-processing
approach to limit algorithmic bias (see Section 1.2.2); it operates during local training by
reweighting samples based on their demographic group membership.

3.7.1 Introduction

Local debiasing addresses a fundamental challenge in federated learning: clients may have
highly skewed distributions of (A, Y ) combinations, where A is the sensitive attribute
and Y is the label. For example, a client might have many samples with (A = 1, Y = 1)
(privileged group, positive label) but few with (A = 0, Y = 0) (unprivileged group, negative
label). This imbalance can lead to biased local models that, when aggregated, produce a
biased global model.

The key insight behind local debiasing is that we can correct for these imbalances during
training by assigning different weights to training samples based on their group member-
ship. Samples from underrepresented (A, Y ) cells receive higher weights, while samples
from overrepresented cells receive lower weights. This effectively balances the contribution
of each demographic group during local training, even when the underlying data distribu-
tion is skewed.

The approach is particularly attractive in federated settings because it operates indepen-
dently at each client without requiring coordination with the server or other clients. This
preserves the privacy guarantees of federated learning while still addressing representation
imbalances. Each client can apply local debiasing based solely on its own data distribution,
without revealing demographic information to the server.
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3.7.2 Description

We now describe the reweighting approach proposed by Kamiran and Calders [KC12],
a pre-processing technique introduced in Section 1.2.2 that modifies the training data
distribution to achieve statistical parity.

For clarity, recall that A ∈ {0, 1} denotes the binary sensitive attribute (0 = unprivileged,
1 = privileged) and Y ∈ {0, 1} denotes the binary label, as introduced in Chapter 1. We
denote by w(A, Y ) the weight assigned to samples in cell (A, Y ).

Local debiasing operates in several steps, described in the following.

1. Objective. The goal is to assign weights such that the weighted joint distribution
Pweighted(A, Y ) becomes independent, i.e., the sensitive attribute and label are sta-
tistically independent in the weighted distribution:

Pweighted(A, Y ) = P (A) · P (Y ) (3.9)

This ensures that the model trained on the reweighted data does not learn spurious
correlations between the sensitive attribute and the label.

2. Weight Formula. The weight for each sample with sensitive attribute value A and
label Y is computed as:

w(A, Y ) =
P (Y ) · P (A)

P (A, Y )
(3.10)

where:

• P (Y ) is the marginal probability of label Y in the client’s dataset

• P (A) is the marginal probability of sensitive attribute A in the client’s dataset

• P (A, Y ) is the joint probability of (A, Y ) in the client’s dataset

The intuition is straightforward: if a cell (A, Y ) is overrepresented (high P (A, Y )),
its samples receive lower weights. If a cell is underrepresented (low P (A, Y )), its
samples receive higher weights. The formula ensures that after reweighting, the
expected proportion of each cell matches the product of the marginals.

3. Implementation. During local training, each client:

(a) Computes the empirical probabilities P (A), P (Y ), and P (A, Y ) from its local
dataset
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Table 3.4: Local debiasing weight computation example

Cell (A, Y) Count P(A,Y) P(A) P(Y) Weight

(0, 0) 10 0.10 0.30 0.40 0.30× 0.40/0.10 = 1.20
(0, 1) 20 0.20 0.30 0.60 0.30× 0.60/0.20 = 0.90
(1, 0) 30 0.30 0.70 0.40 0.70× 0.40/0.30 = 0.93
(1, 1) 40 0.40 0.70 0.60 0.70× 0.60/0.40 = 1.05

(b) Calculates weights w(A, Y ) for each of the four cells: (0, 0), (0, 1), (1, 0), (1, 1)

(c) Applies these weights during training by passing them to the loss function (e.g.,
weighted cross-entropy)

Example 3.2 Consider a client with 100 samples distributed as described in Table
3.4. The underrepresented cell (A = 0, Y = 0) receives the highest weight (1.20),
effectively increasing its influence during training. The overrepresented cell (A =
1, Y = 1) receives a weight close to 1.0. After reweighting, the effective distribution
becomes more balanced.

4. Integration with server-side algorithms. Local debiasing is orthogonal to the choice
of server-side aggregation algorithm. It can be enabled or disabled independently for
any algorithm (FedAvg, FairFed, FedCvg, FedCvg-Ratio). This modularity
allows us to study the complementary effects of client-side and server-side fairness
interventions.

3.7.3 Limitations

While local debiasing is a powerful technique, it has several limitations:

• Need for a sufficient sample set per cell: The reweighting approach requires that each
client has at least some samples in each (A, Y ) cell. If a cell is completely empty, the
weight cannot be computed. In practice, this can be problematic with highly skewed
data distributions.

• May not address all fairness metrics: Local debiasing aims for statistical parity
(independence between A and Y ), but this may not be sufficient for other fairness
notions like equal opportunity or equalized odds. The technique does not directly
optimize for these metrics.
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• Potential for overfitting: Aggressive reweighting can lead to overfitting, especially
when underrepresented cells have very few samples. The high weights assigned to
these samples can cause the model to overfit to their specific characteristics.

• No Coordination across clients: Each client applies local debiasing independently
based on its own data distribution. This lack of coordination means that clients may
apply conflicting reweighting schemes, potentially reducing the effectiveness of the
technique at the global level.

• Interaction with server-side methods: The interaction between local debiasing and
server-side fairness interventions is not always additive. In some cases, combining
both approaches may not yield better results than using either alone, as we will show
in our experimental evaluation.

Despite these limitations, local debiasing remains a valuable tool in the fairness-aware fed-
erated learning toolkit, particularly when combined judiciously with server-side approaches.
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Chapter 4

Experimental Setup

This chapter presents the experimental framework designed to evaluate the fairness-aware
federated learning algorithms described in Chapter 3. We begin by introducing the Flower
framework that provides the foundation for our implementation (Section 4.1), then describe
the datasets (Section 4.2) and data partitioning strategies (Section 4.3) that shape the
heterogeneity conditions under which we evaluate the algorithms. Section 4.4 presents the
algorithm variants we compare, Section 4.5 outlines the experimental design and parameter
configurations, Section 4.7 describes the experimental scenarios we investigate Section 4.6
summarizes the metrics used for the comparison and Section 4.8 provides information for
reproducing the obtained results.

4.1 The Flower Framework

Implementing and evaluating federated learning algorithms requires a robust framework
that can handle the complexities of distributed training while remaining flexible enough to
accommodate custom aggregation strategies. For this thesis, we selected Flower [BTM+20],
an open-source federated learning framework that has gained significant traction in both
research and industry settings.

The choice of Flower over alternatives such as TensorFlow Federated (TFF) [BEG+19],
PySyft [RTD+18], or FedML [HLS+20] was driven by several considerations. First, Flower
is framework-agnostic: it works seamlessly with PyTorch [PGM+19], TensorFlow [ABC+16],
JAX [BFH+18], and other machine learning libraries, allowing us to leverage PyTorch’s
flexibility for model development.

Second, Flower provides a clean separation between the federated learning logic and the
underlying infrastructure, making it straightforward to implement custom aggregation
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strategies—a crucial requirement for fairness-aware algorithms like FairFed and FedCvg.
Third, Flower supports both simulation model (where all clients run in a single process)
and distributed deployment, enabling us to develop and test locally before scaling to larger
experiments.

Perhaps most importantly for our work, Flower’s strategy abstraction provides a natural
extension point for implementing fairness-aware aggregation. The strategy abstraction in
Flower is a design pattern that encapsulates the server-side logic for client selection and
model aggregation. By implementing a custom Strategy class, we can override specific
methods (e.g., aggregate fit()) to define fairness-aware weighting schemes while inher-
iting robust default behavior for client communication, model serialization, and failure
handling. This approach allows us to implement custom aggregation strategies without
modifying core framework code.

4.1.1 Architecture and Training Flow

Flower implements the standard federated learning architecture with a central server coor-
dinating multiple distributed clients. Figure 4.1 illustrates the key components and their
interactions during a typical training round.

Flower Server
Strategy

(FedAvg, FairFed,
FedCvg...)

Client 1 Client 2 Client K

fit() / evaluate() fit() / evaluate() fit() / evaluate()

parameters
+ config

gRPC
updates
+ metrics

Coordination & Aggregation

Local Training & Evaluation

Figure 4.1: Flower framework architecture

The server orchestrates the entire federated learning process through a Strategy object
that defines how clients are selected and how their updates are aggregated. For fairness-
aware algorithms, we override the aggregation method to implement custom weighting
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schemes: according to what presented in Chapter 3, FairFed computes weights based on
fairness gaps, FedCvg uses coverage-based weights, and FedCvg-Ratio applies ratio-based
adjustments with EMA smoothing.

Each client wraps a local machine learning model and dataset, implementing methods
for training (fit()) and evaluation (evaluate()). For fairness-aware algorithms, clients
extend these methods to return additional metadata: FairFed clients report fairness metrics
computed on the global model before training, while FedCvg and FedCvg-Ratio clients
report group counts that the server uses for representation-based weighting (see also Table
2.1).

Our implementation follows a modular structure where each algorithm is implemented as a
separate Flower application. Each application consists of a task.py file containing dataset
loading and model definitions, a client app.py file implementing the client logic, and a
server app.py file defining the custom aggregation strategy. This organization ensures
consistency across algorithms while keeping algorithm-specific logic cleanly separated.

4.2 Datasets

We evaluate our algorithms on two well-established fairness-sensitive datasets commonly
used in the fairness literature: Adult Income [KB96] and COMPAS Recidivism [Pro16].

Both datasets involve binary classification tasks where the goal is to predict a binary out-
come (income level or recidivism risk) while ensuring fairness with respect to sensitive
attributes. The Adult Income dataset is derived from the 1994 U.S. Census database, with
the task of predicting whether an individual’s annual income exceeds $50,000 (binary clas-
sification: ≤$50K vs. >$50K). The raw dataset contains 48,842 samples with 14 features
(6 continuous, 8 categorical). After preprocessing—which includes handling missing values
through mode imputation, one-hot encoding categorical features, and removing the cen-
sus weight feature (fnlwgt)—we obtain 48,842 samples with approximately 108 features.
The class distribution is imbalanced (75% ≤$50K, 25% >$50K). Attribute sex is used as
sensitive attribute, with females corresponding to 33% of the dataset and males to 67%.

The COMPAS Recidivism dataset contains criminal history data used to predict two-
year recidivism risk (binary classification: recidivism vs. no recidivism). This dataset
gained attention following ProPublica’s 2016 investigation [ALMK16] revealing racial bias
in the COMPAS algorithm. The raw dataset contains 7,214 samples. After applying
the ProPublica screening filter (±30 days between arrest and COMPAS screening) and
standard preprocessing, we obtain 6,172 samples with 11 features, of which approximately
5,000 males (81%) and 1,172 females (19%). The class distribution is more balanced (54%
no recidivism, 46% recidivism), but the sensitive attribute distribution is highly skewed,
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with males designated as the unprivileged group and females as the privileged group. Also
in COMPAS, sex is used as sensitive attribute.

The designation of privileged and unprivileged groups in the two datasets follows the
definition of the favorable outcome within each task.

For the Adult dataset, the favorable outcome is defined as earning an income greater than
$50K. Empirical evidence shows that women are significantly underrepresented in the high-
income category. Therefore, females are usually defined as the unprivileged group in this
context, as they are less likely to receive the favorable outcome.

For the COMPAS dataset, the favorable outcome is defined as being classified as low
risk. Since male defendants receive high-risk classifications more frequently than female
defendants, males are sometimes treated as the unprivileged group with respect to this
outcome. This allows fairness metrics to capture potential disparities in the probability of
receiving a favorable prediction.

It is important to emphasize that the terms “privileged” and “unprivileged” are used in
a technical sense required for the computation of group fairness metrics. These labels do
not imply normative judgments, but rather identify the group that is less likely to receive
the favorable outcome in each specific prediction task.

These two datasets provide complementary characteristics for our evaluation. Adult of-
fers a larger sample size with moderate sensitive attribute imbalance but significant class
imbalance, while COMPAS provides a smaller dataset with balanced classes but extreme
sensitive attribute imbalance. Additionally, Adult females are the minority group while
in COMPAS males are the majority ones. This diversity allows us to evaluate algorithm
robustness across different data characteristics.

4.3 Data Partitioning Strategies

A critical aspect of Federated Learning experiments is how data is distributed across clients,
as the partitioning method directly shapes the heterogeneity of local datasets and the
fairness challenges that emerge during training. We employ two families of partitioning
strategies, each creating different types of non-IID distributions.

4.3.1 Dirichlet Partitioning

The Dirichlet distribution has become the de facto standard for creating non-IID parti-
tions in Federated Learning research [HQB19]. Following the experimental setup from the
FairFed paper [EYH+23], we partition data based solely on the sensitive attribute. For
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each sensitive attribute value a ∈ {0, 1}, we independently sample proportions from a
symmetric Dirichlet distribution with concentration parameter α:

p(a) ∼ Dir(α, . . . , α) (4.1)

The concentration parameter α controls the degree of heterogeneity. We test five values
ranging from highly non-IID (α = 0.1) to effectively IID (α = 5000), with intermediate
values at α ∈ {0.2, 0.5, 10}. To prevent empty clients with low α values, we enforce a
minimum of 100 samples per client.

4.3.2 Coverage-Based Partitioning

The coverage-based partitioning methods were introduced in the Master’s thesis of Mar-
tina Brocchi [Bro23] as experimental setups to evaluate the FedCvg algorithm under con-
trolled heterogeneity conditions. Unlike Dirichlet partitioning where heterogeneity emerges
stochastically, these methods create controlled non-IID distributions based on an explicit
coverage constraint, allowing precise control over which clients have good representation
of the protected group.

The coverage constraint (see Section 3.4 for a definition) defines the minimum number of
unprivileged samples a client must have to be considered a “good client”. Given a coverage
threshold cov and tolerance τ , the minimum samples threshold is c · (1− τ). For example,
with cov = 1000 and τ = 0.1, a good client must have at least 1000 ·0.9 = 900 unprivileged
samples.

The number of clients is computed automatically based on the dataset size and coverage
constraint. Let nunpriv be the total number of unprivileged samples in the dataset, and
let pgood be the desired percentage of good clients (e.g., 0.5 for 50%). The algorithm first
determines how many good clients can be created: kgood = ⌊nunpriv/cov⌋. Then, the total
number of clients is k = kgood/pgood. The remaining k−kgood clients are designated as “bad
clients” with poor representation of the unprivileged group.

We use two variants, described in details in [Bro23]: cov same size, where all clients
receive approximately the same number of samples but vary in their group distribution,
and cov diff size, which allows both client sizes and group distributions to vary, simulating
a more realistic scenario.

In our experiments, we test three coverage values for each dataset, chosen to create different
levels of representation challenge:

• Adult dataset (nunpriv = 16, 117 females): cov ∈ {4497, 2570, 1999}
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– cov = 4497 (27.9% of unprivileged samples): high coverage (few clients, each
with many unprivileged samples).

– cov = 2570 (15.9% of unprivileged samples): medium coverage (moderate num-
ber of clients).

– cov = 1999 (12.4% of unprivileged samples): low coverage (more clients, each
with fewer unprivileged samples).

• COMPAS dataset (nunpriv = 4, 998 males): cov ∈ {1067, 610, 474}

– cov = 1067 (21.3% of unprivileged samples): high coverage.

– cov = 610 (12.2% of unprivileged samples): medium coverage.

– cov = 474 (9.5% of unprivileged samples): low coverage.

These values are proportional to the dataset sizes, with Adult coverage values being ap-
proximately 4.21 of COMPAS values (e.g., 4497/1067 ≈ 4.21). This ratio is chosen to
create comparable representation challenges across datasets, accounting for their different
sizes and distributions. Lower coverage values create more clients with less representation
of the protected group, making the fairness challenge more difficult.

For all coverage-based experiments, we use τ = 0.1 and pgood = 0.5 (50% good clients),
meaning half the clients have adequate representation of the unprivileged group while the
other half have poor representation. This creates a balanced scenario where the aggregation
algorithm must decide how much to weight clients with good or poor coverage. We also
set tolerance τ = 0.1 (10%), allowing a small margin below the exact coverage threshold.

The choice of 50% good clients represents a middle ground: with fewer good clients (e.g.,
25%), the fairness challenge becomes more severe as most clients have poor representa-
tion; with more good clients (e.g., 75%), the challenge becomes easier. While varying
this percentage could provide additional insights into algorithm behavior under different
representation scenarios, we focus on the 50% case as it represents a realistic and challeng-
ing setting. Exploring different percentages of good clients (25%, 50%, 75%) remains an
interesting direction for future work.

4.4 Compared Algorithms

Our experimental evaluation compares the three main algorithms presented in Chapter 3
(FedAvg, FairFed, FedCvg, and FedCvg-Ratio). For each algorithm, we test mul-
tiple configurations by varying key parameters and combining each base technique with
two orthogonal techniques, namely Parity Sampling (PS in the following) under specific
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probabilities and fraction fits (see Section 3.6) and Local Debiasing (LD in the following)
considering the Kamiran and Calders reweighting approach (see Section 3.7).

When considering parity sampling, we assume it is used in all the rounds of a reference
approach (thus parameter r is not specified). In addition, we consider one single value for
the fraction fit ff equal to 0.7 will be considered; for this reason, we will not highlight
this parameter in the name of the variants. This value represents a balance between
strategic client selection (allowing the server to choose which 70% of clients participate)
and maintaining sufficient client participation for stable training. Values closer to 1.0 would
limit the server’s ability to strategically select clients, while values significantly lower than
0.7 would reduce client participation too much, potentially harming convergence. When
parity sampling is not used, all clients are considered at each round (i.e., ff is equal to 1).
Finally, we do not list parameter C, which depends on the chosen data partitioning and
set-up.

More precisely, we consider the following approaches:

• FedAvg variants:

– FedAvg: baseline without local debiasing and without parity sampling.

– FedAvg+LD: variant with local debiasing.

– FedAvg+PS(p): variant with parity sampling with probability p ∈ [0, 1],
where p = 0 means random selection and p = 1 means always selecting clients
with more unprivileged samples.

– FedAvg+LD+PS(p): variant with local debiasing and parity sampling with
probability p.

• FairFed variants:

– FairFed(ϕ): variant considering metric ϕ (ϕ ∈ {SPD,EOD,ACC DIFF})
without local debiasing (differently from what proposed in [EYH+23]) and with-
out parity sampling.

– FairFed(ϕ)+LD: variant with local debiasing.

– FairFed(ϕ)+PS(p): variant with parity sampling with probability p.

– FairFed(ϕ)+LD+PS(p): variant with local debiasing and parity sampling
with probability p.

For the FairFed execution, a value for parameter β, controlling the weight update
rate (see Section 3.3) has to be set. As recommended in the original paper, we set β
to 1 and we do not specify it in the algorithm notation.

• FedCvg variants:
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– FedCvg(αcov): variant for a certain value for α (representing the coverage
sensitivity parameter, controlling how much coverage affects weights).

– FedCvg(αcov)+LD: variant with local debiasing.

– FedCvg(αcov)+PS(p): variant with parity sampling with probability p.

– FedCvg(αcov)+LD+PS(p): variant with local debiasing and parity sampling
with probability p.

• FedCvg-Ratio variants:

– FedCvg-Ratio(αrr,λ): variant for a certain value for α (representing the ratio
sensitivity parameter, controlling how much the ratio affects weights) and λ
(representing the EMA smoothing factor).

– FedCvg-Ratio(α,λ)+LD: variant with local debiasing.

– FedCvg-Ratio(αrr,λ)+PS(p): variant with parity sampling with probability
p.

– FedCvg-Ratio(αrr,λ)+LD+PS(p): variant with local debiasing and parity
sampling with probability p.

Based on some preliminarly performed experiments, we choose 0.5 as value for αrr

and do not further specify it in the algorithm notation.

In the following, we refer to FedCvg and FedCvg-Ratio variants as to representation-
based or representation-aware approaches.

4.5 Experimental Design

Our experimental evaluation is organized around a systematic exploration of algorithm be-
havior under different configurations. Experiments run on standard hardware using CPU-
bound computation with 8GB+ RAM. The Flower framework handles client simulation
in a single process, enabling reproducible experiments without distributed infrastructure.
All experiment configurations and results are saved in a structured format that facilitates
systematic analysis and comparison.

All experiments share a common base configuration designed to ensure fair comparison
across algorithms. Table 4.1 summarizes the key parameters:

• Training parameters: We train for 100 rounds with 1 local epoch per round to prevent
excessive client drift while allowing sufficient training time. We test three learning
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Table 4.1: Base experimental configuration

Parameter Value

Training parameters:
Number of rounds 100
Local epochs per round 1
Learning rate {0.1, 0.01, 0.001}
Batch size 32
Optimizer SGD

Model:
Architecture Logistic Regression

Data split:
Train/Test split 80% / 20%

Client configuration:
Number of clients (Dirichlet) 5
Number of clients (Coverage) Computed automatically

based on coverage value

Reproducibility:
Random seeds {42, 123, 456, 789, 101112}

rates ({0.1, 0.01, 0.001}) to find the optimal value for each dataset and algorithm
combination. The batch size is fixed at 32, and we use standard stochastic gradient
descent (SGD) as the optimizer.

• Model: We use logistic regression as our model architecture, chosen for its inter-
pretability, fast training, and widespread use in fairness research. This simple model
allows us to focus on the effects of different aggregation strategies without confound-
ing factors from complex model architectures.

• Data split: We use a standard 80/20 train/test split. The training data is distributed
across clients according to the partitioning strategy, while the test set remains cen-
tralized at the server for consistent evaluation.

• Client configuration: The number of clients differs between partitioning strategies.
For Dirichlet partitioning, we use a fixed number of 5 clients, following the experi-
mental setup from the FairFed paper [EYH+23]. For coverage-based partitioning, the
number of clients is computed automatically based on the coverage value and per-
centage of good clients (see Section 4.3), typically resulting in 7-15 clients depending
on the coverage value.

• Reproducibility: Each configuration is run with five different random seeds
({42, 123, 456, 789, 101112}), allowing us to report mean and standard deviation for
all metrics and distinguish genuine improvements from random fluctuations.
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Table 4.2: Parameter values

Algorithm Parameter Values

FairFed β 1
ϕ {SPD,EOD,ACC DIFF}

FedCvg αcov {0.0001, 0.01}
cov dataset based (see Section 4.3.2)

FedCvg-Ratio αrr 0.5
λ {0.5, 0.9}

PS p {0.5, 0.7}
ff 0.7

Table 4.2 summarizes the parameters used to define the algorithm variants. As previously
discussed, we consider the β value proposed in [EYH+23], value 0.5 for αrr, and value
0.7 for the fraction fit under parity sampling. We test two EMA smoothing factors, with
λ ∈ {0.5, 0.9}, where λ = 0.5 provides moderate smoothing and λ = 0.9 provides strong
smoothing to prevent abrupt weight changes.

We remark that, within the FedCvg family, parameter αcov controls the strength of the
coverage-based correction: the high the value the stronger the coverage-based impact. On
the other hand, the coverage threshold cov is differently set based on the partitioning
method. Under coverage-based partitioning, cov coincide with the threshold of a coverage
constraint on the unprivileged group, defined in a domain-dependent way (e.g., 4497, 2570,
or 1999 for Adult). Under Dirichlet partitioning, cov is set to the mean unprivileged
sample count per client, computed by: (1) performing the Dirichlet partition, (2) counting
unprivileged samples in each client, and (3) taking the mean of these counts. This adaptive
approach allows FedCvg to apply coverage-based weighting consistently across different
partitioning strategies.

4.6 Evaluation Metrics

We evaluate algorithms using both performance and fairness metrics. Performance is mea-
sured through accuracy, loss, and precision. Fairness is assessed using the metrics defined in
Chapter 1: Statistical Parity Difference (SPD), Equal Opportunity Difference (EOD), Av-
erage Odds Difference (AOD), and Accuracy difference (ACC DIFF). All fairness metrics
have values closer to 0 indicating better fairness. All metrics are computed on a held-out
global test set to ensure unbiased evaluation.

In addition, to evaluate the overall trade-off between accuracy and fairness, we introduce
a new combined metric that captures both objectives simultaneously. The metric, called
Fairness-Accuracy Score (FAS) is defined as follows:
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FAS = Accuracy×
(
1− EOD+ SPD + AOD+AccDiff

4

)
(4.2)

This metric rewards methods that achieve both high accuracy and low fairness violations
across all four fairness metrics. Higher FAS values indicate better overall performance,
balancing both accuracy and fairness. More precisely, the FAS metric has the following
properties:

• When all fairness metrics, including accuracy difference, are 0 (perfect fairness), FAS
equals the accuracy. On the other hand, when the average of fairness metrics is 1
(maximum unfairness), FAS equals 0.

• When accuracy is 0 (minimum accuracy), FAS equals 0; when it is 1 (maximum
accuracy), FAS equals the 1 minus the average fairness metric value.

4.7 Experimental Scenarios

Our evaluation consists of two main experiments, described in the following.

Experiment 1 – Impact of dataset heterogeneity. The goal of the first experiment
is to compare the reference algorithms with respect to different levels of client dataset
heterogeneity, defined in terms of different Dirichlet partitioning, as described in
Section 4.3.1.

The considered Dirichlet partitionings span from highly non-IID distributions (α =
0.1, where clients have very skewed sensitive attribute distributions) to effectively IID
distributions (α = 5000, where all clients have similar sensitive attribute distribu-
tions). For all the algorithm versions, we consider all the parameter values pointed out
in Table 4.2 and α ∈ {0.1, 0.2, 0.5, 10, 5000}, on both Adult and COMPAS datasets.

We analyse the behaviour of the considered techniques to determine: (a) their trend
for each considered metric and different heterogeneity levels; (b) the impact of local
debiasing, determining whether client-side and server-side interventions are comple-
mentary or redundant; (c) the impact of parity sampling; (d) the interaction between
local debiasing and parity sampling; (e) their behaviour with respect to the combined
performance metric FAS.

Experiment 2 – Impact of coverage-based partitioning. The goal of the second ex-
periment is to compare the reference algorithms with respect to different levels of
client dataset heterogeneity, defined in terms of coverage-constraints, as described in
Section 4.3.2.
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To this aim, we consider the two partitioning variants presented in Section 4.3.2
(cov same size, cov diff size) and the coverage thresholds discussed in Section 4.3.2
(Adult: {4497, 2570, 1999}; COMPAS: {1067, 610, 474}). For all the algorithm ver-
sions, we consider all the parameter values pointed out in Table 4.2, on both Adult
and COMPAS datasets.

The analysis is performed as explained for Experiment 1.

The analysis also identifies the impact of the parameter values (αcov and λ) on FedCvg
and FedCvg-Ratio on the considered metrics.

4.8 Reproducibility

To ensure full reproducibility of our experimental results, we provide a comprehensive
open-source implementation available on GitHub.1 The complete codebase includes imple-
mentations of all algorithms (FedAvg, FairFed, FedCvg, FedCvg-Ratio) as Flower
applications, data partitioning utilities for both Dirichlet and coverage-based methods,
experiment orchestration scripts, and analysis tools. The Adult and COMPAS datasets
are automatically downloaded from their public sources (UCI Machine Learning Repos-
itory [KB96] and ProPublica [Pro16]) during the first run, with all preprocessing steps
documented in the code.

The implementation requires Python 3.9+ and uses the Flower framework [BTM+20] for
federated learning simulation. After cloning the repository and installing dependencies
via pip install -r requirements.txt, all experiments can be reproduced using the
run grid.py script, which orchestrates multiple runs with different configurations and
automatically saves results in a structured format. For example, to reproduce Experiment
1 with Dirichlet partitioning:

python3 src/experiments/run_grid.py \

--run fedavg fairfed fedcvg fedcvg-ratio \

--dataset adult compas \

--partition-methods dirichlet \

--dirichlet-alphas 0.1 0.2 0.5 10 5000 \

--seeds 42 123 456 789 101112 \

--rounds 100

Coverage-based experiments can be reproduced by specifying
--partition-methods cov same size cov diff size along with the appropriate cover-
age values (e.g., --coverages 4497 2570 1999 for Adult dataset).

1https://github.com/leonardogonfiantini/federating_learning_master_thesis
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4.8.1 Algorithm-Specific Parameters

Each algorithm accepts specific command-line flags that control its behavior, including
options for local debiasing (Section 3.7) and parity sampling (Section 3.6):

• FedAvg family:

– --fedavg-local-debias true/false: Enable Kamiran-Calders reweighting
(Section 3.7)

– --fedavg-parity-ps 0.5 0.7: Parity Sampling probability (Section 3.6)

– --fedavg-fraction-fits 0.7: Client selection fraction (required with Parity
Sampling)

• FairFed family:

– --fairfed-betas 1.0: Weight update rate (β parameter, Section 3.3)

– --fairfed-metrics eod spd acc diff: Fairness metric to optimize

– --fairfed-local-debias true/false: Enable local debiasing

– --fairfed-parity-ps 0.5 0.7: Parity Sampling probability

– --fairfed-fraction-fits 0.7: Client selection fraction

• FedCvg family:

– --fedcvg-coverage-alphas 0.0001 0.01: Coverage sensitivity parameter (αcov,
Section 3.4)

– --fedcvg-local-debias true/false: Enable local debiasing

– --fedcvg-parity-ps 0.5 0.7: Parity Sampling probability

– --fedcvg-fraction-fits 0.7: Client selection fraction

• FedCvg-Ratio family:

– --fedcvg-ratio-coverage-alphas 0.5: Ratio sensitivity parameter (αrr, Sec-
tion 3.5)

– --fedcvg-ratio-ema-lambdas 0.5 0.9: EMA smoothing factor (λ, Section 3.5)

– --fedcvg-ratio-local-debias true/false: Enable local debiasing

– --fedcvg-ratio-parity-ps 0.5 0.7: Parity Sampling probability

– --fedcvg-ratio-fraction-fits 0.7: Client selection fraction

The script automatically generates all combinations of these parameters and runs each
configuration with all specified random seeds, ensuring comprehensive coverage of the
experimental space.
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4.8.2 Output Structure

Results are saved in timestamped directories under experiments/ with a hierarchical struc-
ture that organizes data by dataset, algorithm, and configuration. Each experiment run
creates the following directory tree:

experiments/YYYYMMDD_HHMMSS/

experiment_config.json # Complete experiment configuration

combined_summary.csv # Final metrics for all runs

dataset_name/ # e.g., adult, compas

algorithm_name/ # e.g., fedavg, fairfed, fedcvg

config_label/ # e.g., dir_alpha0.1_debias_true

accuracy.csv # Per-round accuracy values

loss.csv # Per-round loss values

eod.csv # Per-round EOD values

spd.csv # Per-round SPD values

aod.csv # Per-round AOD values

precision.csv # Per-round precision values

config.json # Run-specific configuration

metrics_info.json # Metadata about metrics

The experiment config.json file at the root contains the complete experiment configura-
tion, including all algorithm parameters, random seeds, and execution metadata, ensuring
that every experiment can be exactly reproduced. The combined summary.csv file ag-
gregates final metrics (last round values) from all runs, facilitating comparative analysis
across configurations. Each CSV file within a configuration directory contains time-series
data with one row per training round, enabling detailed analysis of convergence behavior
and fairness evolution during training.

Plots matching those presented in Chapter 5 can be generated using
create experiment plots.py, which reads the CSV files and produces comparison charts
for all metrics. Interrupted experiments can be resumed using the --resume flag, which
automatically detects completed runs by checking for the presence of all expected CSV files
and skips them. All sources of randomness—including data partitioning, model initializa-
tion, client selection, and training batch shuffling—are controlled by the seed parameter,
guaranteeing identical results across runs.
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Chapter 5

Experimental Results

This chapter presents the experimental results from evaluating the fairness-aware federated
learning algorithms described in Chapter 3 under the experimental setup defined in Chap-
ter 4. We conduct two main experiments to assess algorithm performance across different
data partitioning strategies and heterogeneity conditions.

Section 5.1 presents Experiment 1, which evaluates algorithms under Dirichlet-based parti-
tioning with varying heterogeneity levels (α ∈ {0.1, 0.2, 0.5, 10.0, 5000.0}). This experiment
analyzes how sensitive attribute imbalance across clients affects fairness-aware aggregation
strategies. We examine baseline algorithm performance (Section 5.1.2), the impact of local
debiasing (Section 5.1.3) and parity sampling (Section 5.1.4) as bias mitigation techniques,
their interaction (Section 5.1.5), and combined performance metrics (Section 5.1.6).

Section 5.2 presents Experiment 2, which evaluates algorithms under coverage-based parti-
tioning with explicit representation constraints. This experiment tests whether controlling
client group representation directly improves fairness outcomes. We analyze three coverage
levels for each dataset (Adult: 1999, 2570, 4497 samples per client; COMPAS: 474, 610,
1067 samples per client). The analysis follows the same structure as Experiment 1: baseline
comparison (Section 5.2.2), local debiasing impact (Section 5.2.3), parity sampling impact
(Section 5.2.4), technique interaction (Section 5.2.5), and combined metrics (Section 5.2.6).

Section 5.3 synthesizes findings from both experiments, providing algorithm family recom-
mendations for different deployment scenarios based on data characteristics, heterogeneity
levels, and operational constraints.
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5.1 Experiment 1: Dirichlet Partitioning

The goal of the first experiment is to compare the reference algorithms with respect to
different levels of client dataset heterogeneity, defined in terms of different Dirichlet par-
titioning, as described in Section 4.3.1. The considered Dirichlet partitionings span from
highly non-IID distributions (α = 0.1, where clients have very skewed sensitive attribute
distributions) to effectively IID distributions (α = 5000, where all clients have similar
sensitive attribute distributions).

To this aim, we first provide information about client data distributions (Subsection 5.1.1)
and we discuss how we manage coverage in FedCvg variants under Dirichlet partitioning.
Then, we present and discuss the obtained results with the goal of analyzing baseline
aggregation algorithms (Subsection 5.1.2), the impact of local debiasing (Subsection 5.1.3),
the impact of parity sampling (Subsection 5.1.4), the interaction between local debiasing
and parity sampling (Subsection 5.1.5), and the top approaches when considering the FAS
combined metric (Subsection 5.1.6).

For all the algorithm versions described in Section 4.4, we consider one configuration for
each combination of parameter values pointed out in Table 4.2 and all the metrics listed
in Section 4.6 but FAS, which will be discussed in Subsection 5.1.6.

Tables A.1–A.5 in Appendix A present the comprehensive performance comparison on
the Adult dataset while Tables B.1–B.5 in Appendix B present results for the COMPAS
dataset, which has different characteristics (smaller size: 6,172 samples vs 48,842 for Adult;
different sensitive attribute encoding: 81% male unprivileged (COMPAS) vs 33% female
unprivileged (Adult)). In both cases, results are organized by heterogeneity level, with each
table showing all the considered metrics for one α value. Following the FairFed paper
methodology, we select the configuration corresponding to the best EOD value (closest
to zero) across learning rates and report the mean across five random seeds. We observe
that COMPAS consistently exhibits negative AccDiff values, indicating that the privileged
group (female, 19% minority) attains substantially higher accuracy than the unprivileged
group (male, 81% majority).

5.1.1 Client Data Distribution

Table 5.1 summarizes the resulting client distributions (average size per client; minimum,
average, and maximum percentage of unprivileged samples; standard deviation) across the
considered heterogeneity levels for both the considered datasets. Statistics are averaged
over the 5 random seeds.

We observe the following:
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Table 5.1: Client data distribution statistics under Dirichlet partitioning (averaged over 5
seeds)

Dataset α Avg Size Min Unpriv Mean Unpriv Max Unpriv Std Unpriv
per Client (%) (%) (%) (%)

Adult Dataset (Global: 33% female unprivileged, 67% male privileged)
0.1 9,768 2% 33% 95% 38%
0.2 9,768 5% 33% 82% 29%
0.5 9,768 12% 33% 65% 20%
10.0 9,768 22% 33% 45% 9%
5000.0 9,768 31% 33% 35% 2%

COMPAS Dataset (Global: 81% male unprivileged, 19% female privileged)
0.1 1,234 8% 81% 99% 42%
0.2 1,234 25% 81% 98% 31%
0.5 1,234 48% 81% 95% 19%
10.0 1,234 68% 81% 90% 8%
5000.0 1,234 79% 81% 83% 2%

• General trends: For each α value, the client dataset size coincide in average and that,
by construction, in average the average percentage of unprivileged samples correspond
to the percentage of unprivileged samples in the dataset but the standard deviation
decreases while decreasing the level of heterogeneity (i.e., for higher α values).

• High heterogeneity (α = 0.1, 0.2): Low α values create extreme representation imbal-
ances. At α = 0.1 on Adult, unprivileged representation (females) ranges from 2% to
95% across clients (std=38%), meaning some clients have almost no female samples
while others have almost exclusively females. As we will see, this severe imbalance
makes fairness particularly challenging.

• Moderate heterogeneity (α = 0.5): α values around 0.5 produce substantial but less
extreme variation. On Adult, unprivileged representation (females) ranges from 12%
to 65% (std=20%), ensuring all clients have meaningful representation of both groups
while maintaining non-IID characteristics.

• Near-IID (α = 10.0, 5000.0): High α values leads to client distributions approaching
the global one. At α = 5000 on Adult, all clients have 31-35% female (unprivileged)
representation (std=2%), essentially IID. This α setting serves as a control condition
to isolate the effect of heterogeneity.

• Dataset comparison: COMPAS shows similar heterogeneity patterns but with higher
baseline imbalance (81% male unprivileged vs 33% female unprivileged in Adult).
This extreme global imbalance compounds the challenges created by client-level het-
erogeneity.
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Unlike coverage-based partitioning where we explicitly designate good clients, Dirichlet
partitioning creates a continuous spectrum. We can retrospectively identify clients with
adequate representation (e.g., ≥30% of minority group), but this varies by seed and α. At
α = 0.1, typically 2-3 out of 5 clients have balanced representation, while at α = 5000, all
5 clients are ‘good’.

For the FedCvg execution a value for the coverage parameter cov should anyhow be se-
lected. As explained in Section 4.4, when using Dirichlet partitioning, cov is set to the
mean of the unprivileged sample count per client. This adaptive approach allows FedCvg
to apply coverage-based weighting consistently across different heterogeneity levels. Ta-
ble 5.2 shows the computed coverage values for each α level, averaged across the 5 random
seeds.

Table 5.2: FedCvg coverage parameter (cov) under Dirichlet partitioning (mean unpriv-
ileged samples per client, averaged over 5 seeds)

Dataset α Coverage Mean Coverage Median (Std) Good Clients (%)

Adult Dataset (Total unprivileged: 16,117 females)
0.1 3,223 613 (992) 32%
0.2 3,223 1,253 (1,251) 40%
0.5 3,223 1,955 (1,225) 48%
10.0 3,223 2,556 (268) 60%

5000.0 3,223 2,584 (11) 60%

COMPAS Dataset (Total unprivileged: 4,999 males)
0.1 1,000 370 (228) 40%
0.2 1,000 405 (124) 36%
0.5 1,000 523 (99) 44%
10.0 1,000 605 (59) 56%

5000.0 1,000 616 (1) 60%

We observe the following:

• Constant mean across α: The coverage mean is constant across all α values because it
represents the total number of unprivileged samples divided by the number of clients
(5). For Adult, unprivileged are females (3,223 mean per client); for COMPAS,
unprivileged are males (1,000 mean per client). This value serves as the baseline
coverage threshold for FedCvg’s weighting mechanism.

• Median varies with heterogeneity: The median unprivileged count per client varies
dramatically with α, reflecting the actual distribution heterogeneity. At α = 0.1
on Adult, the median is only 613 (mean 3,223), indicating that most clients have
far fewer unprivileged samples than the mean due to extreme skew. At α = 5000,
median and mean converge (2,584 vs 3,223), confirming near-IID conditions.
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• Good clients increase with α: The percentage of good clients (those with a number
of unprivileged samples greater than the mean of unprivileged samples) increases
with α. At α = 0.1, only 32% of clients on Adult are good, reflecting extreme
heterogeneity. At α = 5000, 60% are good, approaching the theoretical 50% expected
in IID conditions. COMPAS shows similar patterns, with good clients ranging from
36-40% at low α to 60% at high α. We observe however a reduction of good clients
for α = 0.2.

• High variability at low α: The standard deviation of the median across seeds is highest
at low α values (992 for Adult at α = 0.1), indicating that the exact distribution
of unprivileged samples varies significantly across random seeds. This variability
decreases as α increases, reaching near-zero at α = 5000 (std=11).

• Comparison with coverage-based partitioning: For COMPAS, the coverage values
used in coverage-based partitioning are comparable to the Dirichlet mean (1,000),
but the key difference is that coverage-based partitioning explicitly ensures 50% of
clients meet the threshold, while Dirichlet creates a continuous distribution where
the number of good clients varies by seed and α (36-60% for COMPAS).

We expect that the client data distribution has an impact on the considered algorithms:

• FedAvg family: Since it weights clients by dataset size, it will give equal influ-
ence to clients regardless of their sensitive attribute distribution. For Adult, this
means clients with 2% female (unprivileged) and 95% female receive equal per-sample
weight, propagating representation bias to the global model.

• FairFed family: It adjusts weights based on fairness metrics computed on each
client’s data. Thus, clients with extreme imbalances may have undefined fairness
metrics (e.g., no positive examples from one group), triggering the accuracy-gap
fallback. For Adult at α = 0.1, clients with only 2% females may lack sufficient
samples for reliable fairness computation.

• FedCvg/FedCvg-Ratio family: They explicitly account for representation im-
balances by boosting clients with better unprivileged representation. For Adult at
α = 0.1, clients with 95% female (unprivileged) will receive much higher weights than
those with 2% female, directly addressing representation bias. For COMPAS, clients
with more males (unprivileged) are favored.

• Parity Sampling: It can strategically select the 2-3 ‘good clients’ when the differ-
ences among client data distributions are significant (e.g., at α = 0.1), but it might
become less effective for more homogeneous distributions (e.g., α = 5000). For Adult,
it selects clients with higher female representation; for COMPAS, clients with higher
male representation.
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• Local Debiasing: In this case, effectiveness depends on having sufficient samples
for each combination of sensitive and target attributes. For Adult at α = 0.1, clients
with only 2% female representation may have too few female samples for effective
reweighting.

5.1.2 Comparison of Aggregation Algorithms

In this experiment, for each dataset, we compare the considered algorithm variants with
respect to the heterogeneity level for all the metrics under analysis. For FedCvg-Ratio,
the two configurations corresponding to λ = 0.5 and λ = 0.9 yield nearly indistinguishable
results across all reported metrics; therefore, for clarity, only the λ = 0.5 variant is shown.

5.1.2.1 Adult Dataset

Figure 5.1 summarizes the baseline performance of the considered methods on the Adult
dataset across different levels of heterogeneity α (the lower the more heterogeneous).

Trends comparison. From the plots, FedCvg is strongly influenced by the value of
αcov. With a small value (α = 0.0001), its behavior is close to FedAvg and the FairFed
variants in both fairness metrics and accuracy. When α = 0.01, the impact of coverage
becomes more pronounced, often improving fairness, especially under higher heterogeneity,
at the cost of lower accuracy, thus highlighting a clearer trade-off. In this setting, Fed-
Cvg shows trends very similar to FedCvg-Ratio, suggesting that a stronger coverage
contribution makes its aggregation behavior closer to the ratio-based formulation. Overall,
FedCvg-Ratio remains stable and achieves competitive fairness results while maintain-
ing accuracy comparable to the other methods, representing a balanced compromise. The
FairFed variants show similar overall trends across heterogeneity levels, with differences
that reflect the specific fairness objective they target. However, no single variant consis-
tently dominates the others on its corresponding metric, suggesting that the impact of the
fairness constraint depends on the heterogeneity setting and the trade-off with accuracy.

Accuracy. In terms of predictive performance (Fig. 5.1(a)), FedAvg achieves the high-
est accuracy under high and moderate heterogeneity (up to α = 0.5), reaching 0.850 at
α = 0.2, and 0.838 at α = 0.1. In the same regimes, Fed-Cvg(0.01) and FedCvg-Ratio
achieve the worst results, especially for α = 0.1. As α increases and data become more
homogeneous, FedCvg-Ratio becomes competitive, while FedCvg(0.01) accuracy re-
mains low. FairFed variants exhibit slightly lower but relatively stable accuracy across all
regimes. These results confirm that, at the baseline level, FedAvg is primarily optimized
for predictive performance, particularly under high or moderate heterogeneity, whereas
representation-aware methods can match or closely approach its accuracy in near-IID con-

87



(a) Accuracy (b) EOD

(c) SPD (d) AOD

(e) AccDiff

Figure 5.1: Baseline performance on the Adult dataset across heterogeneity levels α (the
lower the more heterogeneous).
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ditions.

Fairness metrics. Fairness trends are particularly informative. In Fig. 5.1(b), Fed-
Cvg(0.01) and FedCvg-Ratio achieve markedly lower EOD values under strong non-IID
conditions compared to the other approaches. For instance, at α = 0.1, FedAvg reports
EOD= 0.104, while FedCvg-Ratio reduces it to 0.031, corresponding to an improvement
of over 70%. Similar gaps are observed at α = 0.2. The FairFed variants improve over
FedAvg in several heterogeneous settings, but their gains are generally more moderate and
less consistent than those of representation-based methods. Analogous patterns emerge for
SPD and AOD, where representation-based aggregation substantially mitigates disparities
in highly heterogeneous regimes. As α increases and client distributions approach IID, these
differences progressively shrink, indicating that the corrective effect of representation-aware
aggregation is most pronounced under strong heterogeneity. While representation-based
variants generally achieve the most favorable results in EOD and AOD, their advantage
becomes less evident in near-IID settings; the FairFed family, in contrast, exhibits more
stable but comparatively smaller fairness improvements across heterogeneity levels, with
values between those of FedAvg and representation-based approaches.

Accuracy difference. The AccDiff metric (Fig. 5.1(e)) shows a different behavior: by in-
creasing α, thus moving towards IID distributions, the difference increases (thus, disparity
increases) for all techniques except FedCvg(0.01) and FedCvg-Ratio, with the second
one leading to the best results for homogeneous settings. This suggests that parity in
predictive accuracy across groups is achieved through mechanisms partially distinct from
those governing fairness metrics.

Conclusions. The results show three distinct behaviors. FedAvg achieves the highest
accuracy, particularly under high and moderate heterogeneous settings, but as expected
exhibits larger fairness disparities on the Adult dataset, which is inherently imbalanced
across target classes. The FairFed variants provide moderate and more stable fairness
improvements while preserving competitive accuracy, yet without consistently dominating
across metrics. In contrast, representation-based methods, especially FedCvg-Ratio, de-
liver the strongest fairness gains under non-IID conditions and maintain clear advantages
in AccDiff, highlighting the effectiveness of representation-aware aggregation in mitigat-
ing disparities induced by skewed data distributions. As α increases and data become
more homogeneous, differences between methods progressively shrink, and disparities nat-
urally decrease. In this case, representation-based aggregation seems to primarily act as a
corrective mechanism in highly heterogeneous regimes.

5.1.2.2 COMPAS Dataset

Figure 5.2 summarizes the baseline performance of the considered methods on the COM-
PAS dataset across different levels of heterogeneity α.
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Trend comparison. From the COMPAS plots, FedCvg remains influenced by αcov, but
the difference between α = 0.0001 and α = 0.01 is much less pronounced than in Adult.
The two variants show very similar trends across both accuracy and fairness metrics. More-
over, their behavior is still close to that of FedCvg-Ratio, suggesting that on COMPAS
the strength of the coverage term does not substantially change the aggregation dynamics.
FedCvg-Ratio for this dataset guarantees the best values for accuracy and fairness met-
rics, almost consistently with respect to heterogeneity levels, but leads to the worst results
for the accuracy difference, especially in highly heterogeneous environments. As expected,
FedAvg remains competitive only when considering accuracy. The FairFed family pro-
vides moderate and relatively stable fairness improvements over FedAvg, typically with
limited accuracy degradation. However, as in Adult, no single FairFed variant clearly
dominates on its target metric. Overall, on COMPAS the differences between FedAvg,
FairFed, and representation-based approaches are less sharply separated.

Accuracy. Accuracy does not exhibit a uniform trend with respect to α. For all α
values, FedCvg-Ratio guarantees the highest accuracy. This is especially evident for
strong heterogeneity (α = 0.1 and 0.2) scenarios. For α = 0.1, FedCvg-Ratio and
FairFed(EOD) have similar trends but for α = 0.2 FairFed(EOD) significantly down-
grades. At α = 0.5, all the methods become comparable, with FedAvg slightly out-
performing representation-based approaches. When data becomes more homogeneous,
FedCvg-Ratio and FedCvg(0.0001) have similar trends and improve over the other
approaches. This trend becomes more evident in the near-IID regime (α = 5000). Over-
all, predictive performance does not simply converge across methods as heterogeneity de-
creases; instead, representation-aware aggregation becomes increasingly competitive, and
eventually superior, in more homogeneous regimes.

Fairness metrics. Fairness behavior is strongly regime-dependent. Under high hetero-
geneity (α = 0.1), representation-based aggregation substantially reduces disparity: for
instance, FedCvg-Ratio halves EOD compared to FedAvg (0.029 vs 0.059), and sim-
ilar improvements are observed for SPD and AOD. This advantage persists at α = 0.2
and remains visible at α = 0.5. However, a clear inversion appears at α = 10, where
representation-aware methods exhibit significantly larger disparity than FedAvg and the
FairFed family across all fairness metrics. In the near-IID setting (α = 5000), fair-
ness gaps remain higher for representation-based strategies. Hence, unlike what might be
expected, fairness does not monotonically improve as α increases; instead, representation-
aware aggregation is particularly effective in highly heterogeneous settings, while its relative
benefit diminishes—and may reverse—in more homogeneous regimes.

Accuracy difference. The behavior of AccDiff further highlights the non-monotonic na-
ture of the trends. For α = 0.1, 0.2, and 0.5, representation-aware methods generally yield
larger accuracy gaps between groups than the other approaches, with worst results achieved
by FedCvg-Ratio. At α = 10, however, representation-based approaches like FedCvg-
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Ratio achieve a smaller disparity. This advantage does not fully persist at α = 5000,
where differences become comparable again. Therefore, AccDiff follows a pattern partially
distinct from EOD, SPD, and AOD, suggesting that mechanisms affecting classification
accuracy across groups are not perfectly aligned with those governing error-rate dispari-
ties.

Conclusions. The analysis shows that on COMPAS the impact of the aggregation strategy
is highly heterogeneity-dependent. The FedCvg variants behave very similarly to each
other and close to FedCvg-Ratio, indicating that the strength of the coverage term plays
a limited role on this dataset. Representation-aware methods provide clear fairness gains
under strong non-IID conditions and remain competitive in accuracy, especially FedCvg-
Ratio, but may incur larger fairness or accuracy gaps in intermediate-to-high α regimes.
FedAvg remains mainly accuracy-oriented, while the FairFed family offers moderate
and more stable fairness improvements without clearly dominating across settings. These
regime-dependent results are likely influenced by the intrinsic properties of COMPAS and
the choice of the majority group.

5.1.3 Impact of Local Debiasing

Figures 5.3 and 5.4 report the impact of Local Debiasing (LD) across different heterogeneity
levels on the Adult dataset. Each bar in the histograms represents the variation ∆ =
(A+ LD)−A for a specific metric, where A is one of the considered algorithms. Negative
values indicate an improvement for fairness metrics (SPD, EOD, AOD, AccDiff), while
positive values indicate an improvement in Accuracy. For what concerns FairFed, for
SPD, EOD, and AccDiff we report only the variant trained on that metric, to simplify the
analysis.

5.1.3.1 Adult Dataset

Trend comparison. First of all, we observe that for all the metrics, variations are
very low, under 0.05. However, the emerging pattern is that LD systematically improves
fairness-related metrics. Indeed, EOD, SPD, and AOD exhibit predominantly negative ∆
values for any heterogeneity level, indicating lower disparity after introducing LD. The
impact on AccDiff and accuracy are less evident but also in this case better results are
achieved for low α values. In those cases, as expected, the magnitude of the improve-
ment is typically modest compared to the gains observed in fairness metrics. The highest
improvements are achieved by FedCvg(0.0001), especially in high and moderate hetero-
geneous environments, while FedCvg(0.01) and FedCvg-Ratio achievements are less
evident, especially at high heterogeneity levels, probably because in those situations local
debiasing limits the effect of coverage and ratio-based approaches. The impact of local

91



(a) Accuracy (b) EOD

(c) SPD (d) AOD

(e) AccDiff

Figure 5.2: Baseline performance on the COMPAS dataset across heterogeneity levels α
(the lower the more heterogeneous).
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debiasing on FedAvg and the FairFed family is quite similar, especially at moderate
and low heterogenous levels.

High heterogeneity. Under strong non-IID conditions, LD produces the largest fairness
gains. In particular, for α = 0.1, reductions in EOD and AOD are particularly pronounced
across most techniques. The improvement in fairness is often accompanied by a slight
accuracy improvement. For α = 0.2, the behavior remains similar but slightly attenuated.
Fairness gains persist while the impact on accuracy is generally smaller or null.

Moderate heterogeneity. At intermediate heterogeneity, LD still improves fairness met-
rics, though the magnitude of ∆ decreases compared to the highly non-IID case. Inter-
estingly, some methods (e.g., FedCvg(0.0001)) significantly improve EOD and AOD and
accuracy at the same time, suggesting that LD can act as a stabilizing regularizer when
data heterogeneity is moderate.

Low heterogeneity. When the data distribution approaches IID, the effect of LD becomes
less pronounced for all techniques. Fairness improvements are smaller in magnitude (with
the higher improvement achieved by FedCvg methods) and the variations across methods
tend to shrink. This indicates that LD is most beneficial in heterogeneous settings, where
disparities across clients are stronger.

Conclusions. The results suggest that LD is particularly effective as a fairness-enhancing
mechanism (especially on EOD, and to a lesser extent AOD) in highly non-IID federated
settings, with limited and controlled impact on accuracy. As α increases and the setting
approaches IID, the impact of LD becomes progressively negligible. The effects are less
evident on techniques relying on coverage or ratio-based aggregation (FedCvg(0.01) and
FedCvg-Ratio), demonstrating that representation-based server-side approaches repre-
sent in this case a valuable alternative to client-side debiasing techniques.

We observe that these results are expected considering the characteristics of the Adult
dataset and the choice of the unpriviled group. Indeed, in Adult, women are significantly
underrepresented in the favorable outcome (income ≥ 50K), producing a clear imbalance
in the joint distribution of gender and label. Since reweighing directly adjusts this distri-
bution to reduce dependence between the sensitive attribute and the outcome, it effectively
mitigates demographic disparities.

5.1.3.2 COMPAS Dataset

Trend comparison. For the COMPAS dataset, variations are mostly around 0, with
only few exceptions related to different techniques for different heterogeneous levels. No
significant trends are identified.

High heterogeneity. Under strong heterogeneity (α = 0.1 and α = 0.2), LD produces
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(a) α = 0.1

(b) α = 0.2

(c) α = 0.5

(d) α = 10

(e) α = 5000

Figure 5.3: Impact of LD across heterogeneity levels on the Adult dataset.

94



mixed and metric-dependent effects but overall only few improvements are observed. More
precisely, accuracy generally remains stable or slightly decreases at α = 0.1, with a more
visible degradation for FairFed(EOD). Regarding fairness and accuracy difference, LD
improves the metrics only in few specific cases; for example, negative values for SPD or
AOD are observed in certain representation-based variants. We observe that, for α = 2,
the LD effects are more evident on FedCvg-Ratio, with main benefits on accuracy and
fairness metrics.

Moderate heterogeneity. At intermediate heterogeneity (α = 0.5), the impact of LD
is very limited. Accuracy variations are close to zero across methods, and fairness metrics
exhibit only marginal changes, with small positive and negative ∆ values that do not
reveal a clear systematic trend. This suggests that in moderately heterogeneous regimes
the baseline optimization is already relatively stable and LD does not substantially reshape
the fairness–accuracy balance.

Low heterogeneity. In low-heterogeneity and IID regimes (α = 10 and α = 5000), LD
effects become more evident but remain method-dependent. Accuracy changes are mostly
small and occasionally positive. For some representation-based configurations at α = 10,
AccDiff decreases significantly. However, this often coincides with positive ∆ values in
SPD, EOD, or AOD. At α = 5000, most ∆ values are close to zero, showing that LD has
minimal influence when client distributions are fully homogeneous.

Conclusions. LD does not uniformly improve fairness across heterogeneity levels. The
effects are irregular and metric-dependent. This results are in line with the characteristics of
the COMPAS dataset when gender is treated as the sensitive attribute. Indeed, since local
debiasing methods mainly enforce demographic parity, while COMPAS fairness tensions
concern error-rate trade-offs, adjusting instance weights produces only marginal changes
in the model.

5.1.4 Impact of Parity Sampling

5.1.4.1 Adult Dataset

Trend comparison. The introduction of parity sampling (PS) has in general a limited
impact (variations up to 0.03), with either a positive or negative impact. The highest
benefits on fairness metrics are obtained with FedAvg, where the impact of PS is mostly
positive and higher for higher heterogeneity level, at the price of a lower accuracy. For
FedCvg variants and FedCvg-Ratio, the impact of PS often becomes positive for near-
IID configurations. The behavior of FairFed variants is more heterogeneous and depends
on the considered metric and the heterogeneity level. For all approaches, the impact is
mostly null for IID configurations.
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(a) α = 0.1

(b) α = 0.2

(c) α = 0.5

(d) α = 10

(e) α = 5000

Figure 5.4: Impact of LD across heterogeneity levels on the COMPAS dataset.
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High heterogeneity. In the high-heterogeneity regime (α = 0.1 and α = 0.2), the im-
pact of PS is often negative. When p = 0.7, the effects are even more pronounced: some
techniques of the FairFed family show accuracy improvements (∆ > 0), but often accom-
panied by deteriorations in fairness metrics (positive ∆). The behavior varies significantly
across methods and FedCvg(0.01) and FedCvg-Ratio exhibit larger oscillations in
fairness metrics.

Moderate heterogeneity. With intermediate heterogeneity (α = 0.5), the effect of
PS appears more balanced. For p = 0.5, some methods slightly improve fairness metrics,
while accuracy changes remain limited (often slightly negative for FedAvg). With p = 0.7,
differences become more noticeable but less extreme than in the high-heterogeneity case.
In this regime, PS can yield selective improvements without systematically degrading the
other metrics. Overall, medium heterogeneity seems to provide the most stable trade-off
between accuracy and fairness under PS.

Low heterogeneity. Under low heterogeneity (α = 10 and α = 5000), the differences
between configurations with and without PS are minimal. For α = 5000, almost all metrics
exhibit ∆ values close to zero, for both p = 0.5 and p = 0.7, indicating that PS is essentially
neutral. Similarly, for α = 10, variations remain small, although minor fluctuations can
be observed. In this regime, the trade-off between accuracy and fairness is weak, and the
methods behave similarly. Therefore, the benefit of PS is marginal when the client data
distribution is already relatively homogeneous.

Conclusions. The benefit of using PS is less evident than using LD, often leading to worst
values compared to the baselines. Better trade-offs are observed for medium heterogeneity.
The most significant positive impact on fairness metrics is achieved by techniques which
do not apply any specific bias-oriented aggregation method, like FedAvg, particularly
under high heterogeneity. Fairness improvements come at the price of accuracy downgrade.
Increasing p from 0.5 to 0.7 generally amplifies the PS effect. The most affected metric is
SPD which. This is expected since PS try to amplify statistical parity. As α increases, the
effect of PS progressively vanishes. This is expected since for more homogeneous samples
parity sampling is not very effective.

5.1.4.2 COMPAS Dataset

Trend comparison. With COMPAS, the impact of PS is even more limited than with
Adult. We notice a generalized downgrade of accuracy for FedAvg, with some exceptions
for p = 0.7 and high heterogeneity. At the same time, the impact on EOD and AOD
for all techniques and all heterogeneity levels is highly variable and clear trends cannot
be identified. At the same time, we notice however a generalized positive impact (thus a
reduction) on the accuracy difference and SPD for almost all techniques and heterogeneity
levels.
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(a) α = 0.1, p = 0.5 (b) α = 0.1, p = 0.7

(c) α = 0.2, p = 0.5 (d) α = 0.2, p = 0.7

(e) α = 0.5, p = 0.5 (f) α = 0.5, p = 0.7

(g) α = 10, p = 0.5 (h) α = 10, p = 0.7

(i) α = 5000, p = 0.5 (j) α = 5000, p = 0.7

Figure 5.5: Impact of PS across heterogeneity levels on the Adult dataset.
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High heterogeneity. In high heterogeneity, PS acts as a moderate corrective mech-
anism: it slightly adjusts fairness gaps, with limited impact on accuracy, and interacts
more visibly with methods that do not already encode strong fairness constraints. For
FedAvg, PS slightly improves fairness metrics at α = 0.2 but at the same time accuracy
downgrades. The FairFed family exhibits more variable behavior, probably because. As
already observed, this indicates that when fairness constraints are already embedded in
the optimization, PS acts as a secondary adjustment rather than a primary driver of fair-
ness gains. For FedCvg methods, PS may slightly improve some fairness gaps but can
also introduce small trade-offs in accuracy. The FedCvg-Ratio variants tend to show
very limited sensitivity to PS in this regime, suggesting that their ratio-based reweighting
already dominates the fairness–accuracy trade-off.

Moderate heterogeneity. At intermediate heterogeneity (α = 0.5), FedCvg variants
and FedCvg-Ratio guarantees slightly better fairness and accuracy difference values The
impact on the other techniques is marginal.

Low heterogeneity. For high α values, we notice some improvements on accuracy and
accuracy difference for α = 10 No other clear trend emerges.

Conclusions. On COMPAS the effect of PS is even more irregular and metric-dependent
across all heterogeneity regimes, often below 0.01. This behavior might be due to the
structural properties of COMPAS, which is smaller and characterized by extreme sensitive
attribute imbalance but balanced classes, and the choice of the unprivileged group. In such
a setting, altering the sampling probability directly affects group representation, leading to
heterogeneous and less predictable outcomes. Overall, while a larger p acts as a stronger
but relatively predictable fairness intervention on Adult, on COMPAS it behaves more
as a perturbation factor, increasing variability without consistently improving disparity
metrics.

5.1.5 Interaction of Local Debiasing with Parity Sampling

After having discussed the impact of LD and PS separately, we now discuss their joint effect.
To this aim, Table 5.3 presents a comprehensive analysis of EOD values at α = 0.1, 0.5, 5000
for both Adult and COMPAS datasets, including all algorithm variants. We considered
EOD as reference metric since the results reported in the tables in the appendix corresponds
to the configurations leading to the best EOD values among all the considered learning
rates.

Adult dataset. On Adult, the LD+PS combination is more effective for algorithms
where LD already induces a substantial fairness improvement. At α = 0.1, FedAvg re-
duces EOD from 0.104 (Baseline) to 0.065 with LD, and further to 0.062 with LD+PS, indi-
cating a small but consistent complementary effect. A similar pattern holds for
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(a) α = 0.1, p = 0.5 (b) α = 0.1, p = 0.7

(c) α = 0.2, p = 0.5 (d) α = 0.2, p = 0.7

(e) α = 0.5, p = 0.5 (f) α = 0.5, p = 0.7

(g) α = 10, p = 0.5 (h) α = 10, p = 0.7

(i) α = 5000, p = 0.5 (j) α = 5000, p = 0.7

Figure 5.6: Impact of PS across heterogeneity levels on the COMPAS dataset.
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Table 5.3: Effect of Local Debiasing and Parity Sampling combinations at α = 0.1, 0.5, 5000
(EOD values)

α = 0.1

Adult Dataset COMPAS Dataset

Algorithm Baseline PS LD LD+PS Baseline PS LD LD+PS

FedAvg 0.104 0.100 0.065 0.062 0.059 0.056 0.059 0.060

FedCvg(0.0001) 0.097 0.101 0.051 0.047 0.034 0.036 0.036 0.035
FedCvg(0.01) 0.030 0.044 0.015 0.018 0.039 0.033 0.039 0.035

FedCvg-Ratio(0.5) 0.031 0.037 0.025 0.019 0.029 0.028 0.028 0.029
FedCvg-Ratio(0.9) 0.031 0.035 0.025 0.026 0.029 0.027 0.028 0.027

FairFed(EOD) 0.089 0.093 0.039 0.031 0.063 0.058 0.064 0.061
FairFed(AccDiff) 0.090 0.094 0.042 0.036 0.055 0.059 0.055 0.058
FairFed(SPD) 0.103 0.094 0.052 0.050 0.057 0.058 0.056 0.058

α = 0.5

Adult Dataset COMPAS Dataset

Algorithm Baseline PS LD LD+PS Baseline PS LD LD+PS

FedAvg 0.087 0.067 0.069 0.048 0.036 0.042 0.037 0.037

FedCvg(0.0001) 0.113 0.104 0.064 0.056 0.042 0.034 0.041 0.033
FedCvg(0.01) 0.059 0.065 0.023 0.030 0.045 0.038 0.045 0.035

FedCvg-Ratio(0.5) 0.044 0.042 0.027 0.015 0.032 0.030 0.033 0.030
FedCvg-Ratio(0.9) 0.044 0.041 0.027 0.016 0.032 0.031 0.033 0.030

FairFed(EOD) 0.077 0.072 0.059 0.043 0.041 0.047 0.041 0.047
FairFed(AccDiff) 0.085 0.066 0.053 0.040 0.033 0.043 0.033 0.045
FairFed(SPD) 0.087 0.072 0.057 0.045 0.043 0.048 0.039 0.047

α = 5000

Adult Dataset COMPAS Dataset

Algorithm Baseline PS LD LD+PS Baseline PS LD LD+PS

FedAvg 0.068 0.066 0.039 0.038 0.053 0.056 0.051 0.055

FedCvg(0.0001) 0.069 0.068 0.043 0.043 0.065 0.070 0.064 0.061
FedCvg(0.01) 0.069 0.068 0.043 0.044 0.065 0.069 0.064 0.062

FedCvg-Ratio(0.5) 0.042 0.031 0.012 0.016 0.064 0.063 0.066 0.062
FedCvg-Ratio(0.9) 0.042 0.032 0.012 0.014 0.064 0.065 0.066 0.063

FairFed(EOD) 0.069 0.068 0.039 0.039 0.055 0.052 0.053 0.052
FairFed(AccDiff) 0.067 0.068 0.038 0.038 0.055 0.053 0.054 0.055
FairFed(SPD) 0.069 0.067 0.037 0.038 0.054 0.054 0.054 0.051
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FairFed(EOD), which moves from 0.089 (Baseline) to 0.039 with LD and further to 0.031
under LD+PS. Here, PS amplifies the corrective effect of LD, suggesting that parity sam-
pling refines the local representation adjustments introduced by LD. The strongest synergy
appears in fairness-oriented methods such as FairFed(EOD) and FairFed(AccDiff),
where LD already aligns model updates toward parity and PS further reduces residual
imbalance. Moderate synergy is also visible for FedCvg(0.0001) and FedCvg(0.01),
especially at α = 0.1 and α = 0.5, where LD+PS consistently yields slightly lower EOD
than LD alone (e.g., 0.064→ 0.056 at α = 0.5 for FedCvg(0.0001)). In contrast, the syn-
ergy is weaker for FedCvg-Ratio variants. Although LD significantly improves fairness
(e.g., 0.031 → 0.025 at α = 0.1 for λ = 0.5), the addition of PS produces only marginal
adjustments (0.019–0.026 range). This suggests that ratio-based reweighting already inter-
nalizes most of the fairness correction, leaving limited room for PS to provide additional
gains.

At intermediate heterogeneity (α = 0.5), the LD+PS combination generally tracks LD
alone across families, with the largest relative gains still observed for FedAvg and FairFed
variants. Under near-IID conditions (α = 5000), synergy becomes negligible across all
techniques. In this regime, fairness disparities are already stable, and both LD and PS
operate near their performance floor, leading to near-identical EOD values between LD
and LD+PS.

COMPAS dataset. On COMPAS, the interaction between LD and PS is markedly less
effective and more technique-dependent. At α = 0.1, FedAvg shows virtually no benefit
from LD (EOD remains 0.059) and LD+PS slightly worsens it (0.060), indicating the
absence of complementarity. For FairFed(EOD), LD increases EOD (0.063 → 0.064),
and LD+PS partially recovers (0.061), but does not outperform the baseline configuration,
highlighting a corrective rather than synergistic interaction.

Among FedCvg methods, synergy is minimal and inconsistent. For example, at α =
0.2, FedCvg(0.01) improves under PS (0.039 → 0.033), but LD does not reinforce this
trend, and LD+PS remains close to LD alone. Similarly, FedCvg-Ratio variants display
negligible or method-specific shifts under LD+PS, often mirroring LD with differences in
the third decimal place.

At α = 0.5, some localized gains appear (e.g., FedCvg-Ratio(λ = 0.5) moves from
0.032 to 0.030 under LD+PS), but these changes are small and do not indicate systematic
synergy across the family. Under near-IID conditions (α = 5000), the interaction is largely
neutral: LD+PS either matches LD or produces marginal fluctuations, without consistent
amplification of fairness improvements.

Overall, the least synergy is observed for FedAvg and FedCvg variants on COMPAS,
while limited and occasional complementarity is visible only in certain fairness-oriented
configurations.
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Table 5.4: Top 5 methods by Combined FAS (Adult dataset, Dirichlet partitioning)

α Method Acc EOD SPD AOD AccDiff FAS

High Heterogeneity (α = 0.1)
FedCvg(0.0001)+LD+PS(0.5) 0.845 0.047 0.140 0.039 0.114 0.773
FedCvg(0.0001)+LD 0.845 0.051 0.136 0.039 0.114 0.773
FedCvg(0.0001)+LD+PS(0.7) 0.844 0.051 0.136 0.037 0.115 0.773
FairFed(AccDiff)+LD+PS(0.5) 0.834 0.036 0.113 0.026 0.125 0.771
FedAvg+LD+PS(0.7) 0.846 0.062 0.140 0.042 0.115 0.770

Moderate Heterogeneity (α = 0.5)
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.833 0.024 0.099 0.017 0.126 0.778
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.833 0.024 0.102 0.019 0.126 0.777
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.833 0.026 0.100 0.018 0.127 0.777
FedCvg-Ratio(0.5)+LD 0.833 0.027 0.102 0.019 0.127 0.776
FedCvg-Ratio(0.9)+LD 0.833 0.027 0.102 0.019 0.127 0.776

Low Heterogeneity (α = 5000)
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.842 0.016 0.124 0.019 0.115 0.784
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.832 0.013 0.105 0.014 0.125 0.778
FedCvg-Ratio(0.5)+LD 0.832 0.012 0.107 0.016 0.124 0.778
FedCvg-Ratio(0.9)+LD 0.832 0.012 0.107 0.016 0.124 0.778
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.832 0.016 0.105 0.014 0.125 0.778

Conclusions. Across datasets, synergy is strongest for techniques where LD already
produces substantial fairness gains and where the aggregation rule explicitly incorporates
fairness objectives. This is evident in Adult for FairFed(EOD) and, to a lesser extent,
FedAvg. Synergy is moderate for FedCvg methods and weakest for FedCvg-Ratio,
whose internal reweighting mechanism appears to subsume most fairness adjustments.

As a consequence, in COMPAS, the limited standalone effectiveness of LD constrains
the potential for complementarity. When LD produces negligible improvement, PS cannot
systematically amplify fairness gains and instead induces metric-level variability. Hence,
the degree of LD+PS synergy depends not only on heterogeneity level but also on the
intrinsic sensitivity of each algorithmic family to fairness-aware local adjustments and
sampling interventions.

5.1.6 Analysis of Combined Performance Metrics

To better analyze the interaction between bias-aware and accuracy-based metrics. Ta-
bles 5.4 and 5.5 present the top-performing methods by combined FAS (see Section 4.6)
for Adult and COMPAS datasets at representative heterogeneity levels.

We observe the following:
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Table 5.5: Top 5 methods by Combined FAS (COMPAS dataset, Dirichlet partitioning)

α Method Acc EOD SPD AOD AccDiff FAS

High Heterogeneity (α = 0.1)
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.555 0.029 0.023 0.017 -0.058 0.554
FedCvg-Ratio(0.5)+LD 0.554 0.028 0.025 0.018 -0.060 0.553
FedCvg-Ratio(0.9)+LD 0.554 0.028 0.025 0.018 -0.060 0.553
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.554 0.027 0.022 0.017 -0.058 0.553
FedCvg-Ratio(0.5)+PS(0.5) 0.554 0.028 0.022 0.017 -0.057 0.553

Moderate Heterogeneity (α = 0.5)
FedCvg-Ratio(0.5) 0.522 0.032 0.027 0.019 -0.054 0.519
FedCvg-Ratio(0.9) 0.522 0.032 0.027 0.019 -0.054 0.519
FedCvg-Ratio(0.5)+LD 0.522 0.033 0.027 0.019 -0.054 0.519
FedCvg-Ratio(0.9)+LD 0.522 0.033 0.027 0.019 -0.054 0.519
FedCvg-Ratio(0.5)+PS(0.5) 0.521 0.031 0.028 0.019 -0.054 0.518

Low Heterogeneity (α = 5000)
FedCvg-Ratio(0.5) 0.571 0.064 0.072 0.057 -0.052 0.551
FedCvg-Ratio(0.9) 0.571 0.064 0.072 0.057 -0.052 0.551
FedCvg(0.0001) 0.571 0.065 0.074 0.058 -0.051 0.550
FedCvg(0.0001)+LD 0.570 0.064 0.074 0.058 -0.051 0.549
FedCvg-Ratio(0.5)+LD 0.570 0.066 0.074 0.059 -0.049 0.549

• FedCvg-Ratio dominates on both datasets. Across most heterogeneity levels, FedCvg-
Ratio variants consistently achieve the highest FAS on both Adult and COM-
PAS. For example, on Adult, FedCvg-Ratio+LD+PS reaches FAS = 0.784 at
α = 5000. On COMPAS, FedCvg-Ratio (without LD) achieves FAS = 0.551 at
α = 5000, confirming that ratio-based aggregation provides the strongest overall
fairness–accuracy balance.

• The effect of LD and PS is dataset-dependent. The dataset-dependent effect of LD
and PS, already observed in Sections 5.1.3 and 5.1.4, is highlighted also when con-
sidering FAS. Indeed, on Adult, all top-5 configurations, for each heterogeneity level,
include LD. On COMPAS, as already discussed, LD yields minimal gains and the
best-performing configuration at α = 5000 does not include LD.

• High heterogeneity leads to different optimal strategies. When considering α = 0.1,
optimal strategies differ on the two datasets On Adult, FedCvg(0.0001)+LD+PS(0.5)
achieves the best FAS (0.773), prioritizing strong accuracy (0.845) alongside sub-
stantial fairness gains. On COMPAS, FedCvg-Ratio(0.5)+LD+PS(0.5) achieves
the best FAS (0.554). This divergence suggests that optimal techniques depend
on dataset size and imbalance severity. We observe that in this regime, better re-
sults are anyway obtained when limiting the impact of coverage-based aggregation
(αcov = 0.0001)

104



• Moderate heterogeneity favors FedCvg-Ratio. At α = 0.5, for both datasets,
FedCvg-Ratio variants lead to the highest FAS values. On Adult, FedCvg-
Ratio(0.5)+LD+PS achieves the best FAS on Adult (0.778), showing that combining
ratio-based aggregation, local debiasing, and parity sampling is most effective when
data are moderately non-IID and LD operates reliably. As already observed in Section
5.1.3, LD is not effective on COMPAS.

• Near-IID regimes benefit from PS on Adult. At α = 5000, FedCvg-Ratio variants
still provides the best results for Adult (in combination with LD and PS). In par-
ticular, when considering LD with PS and parity sampling probablity equal to 0.5,
FedCvg-Ratio improves FAS from 0.778 to 0.784, indicating that strategic client
sampling remains beneficial even when distributions are nearly homogeneous. On
COMPAS, FedCvg-Ratio and FedCvg variants have similar combined behavior
and, as already observed, LD is not very effective.

• Substantial FAS range differences across datasets. Adult reaches FAS values in the
range 0.770–0.784, whereas COMPAS ranges between 0.519 and 0.554, a gap of
roughly 40%. This difference reflects structural dataset characteristics: COMPAS
is smaller (6K vs. 49K samples), more imbalanced (81% vs. 67% male), and achieves
lower overall accuracy (0.52–0.57 vs. 0.83–0.85). These factors impose intrinsic limits
on attainable fairness–accuracy trade-offs.

5.2 Experiment 2: Coverage-Based Partitioning

The goal of the second experiment is to compare the reference algorithms under coverage-
based data partitioning, which creates heterogeneity focused on representation disparity
rather than label distribution. This partitioning strategy follows the methodology pro-
posed in Brocchi’s thesis [Bro23], where “good clients” satisfy a coverage constraint for the
unprivileged group while “bad clients” have limited representation. Unlike Dirichlet parti-
tioning, which creates stochastic heterogeneity across both labels and sensitive attributes,
coverage-based partitioning provides explicit control over representation imbalance, allow-
ing us to systematically evaluate how algorithms respond to varying degrees of minority
group under-representation.

To this aim, we first provide information about client data distributions (Subsection 5.2.1);
then, we present and discuss the obtained results with the goal of analyzing baseline ag-
gregation algorithms (Subsection 5.2.2), the impact of local debiasing (Subsection 5.2.3),
the impact of parity sampling (Subsection 5.2.4), the interaction between local debiasing
and parity sampling (Subsection 5.2.5), and the top approaches when considering the FAS
combined metric (Subsection 5.2.6).
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For all the algorithm versions described in Section 4.4, we consider one configuration for
each combination of parameter values pointed out in Table 4.2 and all the metrics listed
in Section 4.6 but FAS, which will be discussed in Subsection 5.2.6.

Tables C.1–C.6 in Appendix C present the comprehensive performance comparison on the
Adult dataset under coverage-based partitioning, while Tables D.1–D.6 in Appendix D
present results for the COMPAS dataset. Results are organized by coverage value and
partitioning method, with each table showing all metrics for one configuration. Following
the FairFed paper methodology, we select the configuration corresponding to the best
EOD value (closest to zero) across learning rates and report the mean across five random
seeds. We observe that also in this case, COMPAS consistently exhibits negative AccDiff
values.

5.2.1 Client Data Distribution

Before analyzing algorithm performance, we characterize the data heterogeneity created
by coverage-based partitioning. Understanding client compositions is essential for inter-
preting fairness results, as representation imbalances at the client level directly impact the
effectiveness of different fairness interventions.

Coverage-based partitioning explicitly controls representation disparity by designating a
subset of clients as “good” (satisfying a coverage constraint) and the remainder as “bad”
(poor minority representation). Given a coverage value c and tolerance τ , a “good client”
must have at least c · (1− τ) unprivileged samples. We test the two variants presented in
Subsection 4.3.2:

• cov same size: All clients have approximately the same total samples, varying only
in group distribution.

• cov diff size: Both client sizes and group distributions vary, simulating realistic
scenarios.

The number of clients varies by coverage: higher coverage produces fewer clients (e.g.,
Adult coverage equal to 4497 produces ≈7 clients), while lower coverage produces more
clients (e.g., Adult coverage equal to 1999 produces ≈16 clients).

Table 5.6 summarizes the resulting client distributions (number of clients; percentage of
total unprivileged samples that each coverage value represents; minimum, average, and
maximum unprivileged samples per client) across the considered coverage values for both
datasets and partitioning methods. Statistics are averaged over the 5 random seeds.

We observe the following:
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Table 5.6: Client data distribution statistics under coverage-based partitioning (averaged
over 5 seeds)

Dataset Coverage Partition Num % of Min Mean Max
Method Clients Total Unpriv Unpriv Unpriv Unpriv

Adult Dataset (Total unprivileged: 16,117 females)
4497 same size 7 28% 450 4,664 4,950
4497 diff size 7 28% 380 4,664 5,200
2570 same size 13 16% 260 2,512 2,830
2570 diff size 13 16% 210 2,512 3,100
1999 same size 16 12% 200 2,041 2,200
1999 diff size 16 12% 180 2,041 2,400

COMPAS Dataset (Total unprivileged: 4,998)
1067 same size 5 21% 107 1,000 1,170
1067 diff size 5 21% 90 1,000 1,250
610 same size 8 12% 61 625 670
610 diff size 8 12% 50 625 720
474 same size 11 9% 47 454 520
474 diff size 11 9% 40 454 550

• Explicit control: Unlike Dirichlet, where “good clients” vary by seed and α, coverage-
based partitioning provides precise control. By construction (see Section 4.3.2) ex-
actly 50% of clients are “good” (meeting coverage constraint) by design. This explicit
structure enables more controlled evaluation of fairness interventions, particularly for
algorithms like FedCvg that are designed to leverage coverage information.

• Coverage as % of total: Coverage values represent different percentages of total un-
privileged samples. For example, in Adult, cov = 4497 corresponds to 28% of 16,117
total female samples, meaning each good client must have≥28% of all females. This is
a stringent constraint, resulting in only 7 clients total. In contrast, when cov = 1999
(12% of total females), we get 16 clients, each with fewer unprivileged samples but
more opportunities for strategic selection via Parity Sampling.

• Client count trade-off: Lower coverage produces more clients but smaller per-client
datasets. For example, in Adult, cov = 1999 produces 16 clients (avg 2,041 unprivi-
leged each), while cov = 4497 produces 7 clients (avg 4,664 unprivileged each). This
trade-off affects both training stability (fewer samples per client may reduce model
quality) and fairness interventions (more clients provide more selection opportunities
for Parity Sampling).

• Partition method differences: The diff size method shows slightly wider ranges (e.g.,
in Adult, with cov = 4497 we obtain unprivileged samples in the 380-5,200 range
while with the same size method the range is 450-4,950), simulating more realistic
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heterogeneity where both client sizes and compositions vary. However, mean values
remain identical across methods, ensuring fair comparison.

We expect that the coverage value and client data distribution have an impact on the
considered algorithms:

• FedAvg: Since it weights clients by dataset size, it will give equal influence to
“good” and “bad” clients regardless of their minority representation. This propagates
representation bias to the global model, particularly when bad clients dominate in
number or size.

• FairFed: It adjusts weights based on fairness metrics computed on each client’s
data. Bad clients with poor minority representation may have undefined fairness
metrics (e.g., no positive examples from one group), triggering the accuracy-gap
fallback. The explicit 50% good/bad split should enable more consistent fairness
metric computation compared to Dirichlet.

• FedCvg/FedCvg-Ratio: They explicitly account for representation imbalances by
boosting clients with better minority representation. The explicit coverage structure
should align well with their design: good clients will receive higher weights, directly
addressing representation bias. Lower coverage values (more clients) may enable
more fine-grained weight adjustments.

• Parity Sampling: With exactly 50% good clients, PS has clear targets to select.
Lower coverage (more clients) provides more selection opportunities, potentially im-
proving effectiveness compared to Dirichlet where good client identification is less
explicit.

• Local Debiasing: Effectiveness depends on having sufficient samples for each com-
bination of sensitive and target attributes. Bad clients with poor minority represen-
tation may have too few samples for effective reweighting, limiting LD’s impact on
those clients.

5.2.2 Comparison of Aggregation Algorithms

In this experiment, for each dataset, we compare the considered algorithm variants with
respect to the coverage value for all the metrics under analysis. For FedCvg-Ratio, the
two configurations corresponding to λ = 0.5 and λ = 0.9 yield nearly indistinguishable
results across all reported metrics; therefore, for clarity, only the λ = 0.5 variant is shown.

Unless specified otherwise, the analysis focuses on the diff size partitioning method, as
it introduces a more realistic form of heterogeneity where client sizes vary. The trends
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observed for same size are generally consistent with those reported here, with specific
differences noted in the Local Debiasing analysis (Subsection 5.2.3).

5.2.2.1 Adult Dataset

Figure 5.7 summarizes the baseline performance of the considered methods on the Adult
dataset across different coverage values (the lower the coverage, the more clients).

Trend comparison. For all techniques, when increasing coverage (fewer clients), accuracy
and accuracy difference improve while fairness metrics (EOD, SPD, AOD) degrade. From
the plots, FedCvg behavior varies with both αcov and coverage value. When αcov = 0.001,
the impact of coverage becomes more pronounced, generally improving fairness at the cost
of lower accuracy. FedCvg-Ratio shows more stable behavior across coverage values,
achieving best values for all the metrics but SPD. The FairFed variants show similar
overall trends across coverage levels, with differences reflecting the specific fairness objective
they target.

Accuracy. Predictive performance (Fig. 5.7(a)) improves for all techniques while decreas-
ing the number of clients.

FedCvg-Ratio consistently achieves the highest accuracy across all coverage values:
0.818 at cov=1999, 0.821 at cov=2570, and 0.846 at cov=4497. FedAvg and FairFed
variants achieve similar accuracy: approximately 0.797-0.799 at low/intermediate cover-
age, rising to 0.812 at high coverage. FedCvg variants show intermediate performance.
The accuracy advantage of FedCvg-Ratio reaches a 4.2% improvement over FedAvg
at cov=4497 (0.846 vs 0.812).These results indicate that representation-aware methods do
not necessarily sacrifice accuracy, and can even enhance it in certain regimes by ensuring
more robust model updates from representative clients.

Fairness metrics. Fairness trends reveal the strength of representation-based aggregation.
In Fig. 5.7(b), FedCvg(0.001) and FedCvg-Ratio achieve markedly lower EOD values
compared to other approaches across all coverage levels, with FedCvg-Ratio obtained
the best results. For instance, with cov = 1999, FedAvg reports EOD= 0.059, while
FedCvg-Ratio reduces it to 0.034, corresponding to an improvement of approximately
42% compared to FedAvg.

At cov = 1999, FedCvg-Ratio reduces also AOD to 0.029 compared to 0.035 of FedAvg
(17% improvement). However, FedCvg-Ratio shows substantially worse SPD: 0.075
vs FedAvg’s 0.040 (88% worse), highlighting a trade-off between equalized odds and
demographic parity. FairFed variants perform nearly as well as FedAvg, with some
slight variations in performance.

Accuracy difference. The AccDiff metric (Fig. 5.7(e)) improves while increasing the cov-
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(a) Accuracy (b) EOD

(c) SPD (d) AOD

(e) AccDiff

Figure 5.7: Baseline performance on the Adult dataset across coverage values (the lower
the coverage, the more clients).
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erage values. FedCvg-Ratio consistently achieves the lowest AccDiff across all coverage
values: 0.154 at cov = 1999, 0.149 at cov = 2570, and 0.118 at cov = 4497. All the other
approaches show higher and quite similar AccDiff values. The advantage of FedCvg-
Ratio increases with coverage, indicating better inter-group accuracy parity with fewer,
larger clients.

Conclusions. FedCvg-Ratio emerges as the strongest performer on Adult for all metrics
except SPD. Coverage level creates a clear trade-off: lower coverage (more clients) produces
better fairness metrics (EOD, SPD, AOD) but lower accuracy, while higher coverage (fewer
clients) favors accuracy and AccDiff at the expense of fairness.

5.2.2.2 COMPAS Dataset

Figure 5.8 summarizes the baseline performance of the considered methods on the COM-
PAS dataset across different coverage values.

Trend comparison. On COMPAS, unlike Adult where FedCvg-Ratio dominated, here
no single method excels across all metrics, reflecting the challenge of the extreme global
imbalance (81% male). Additionally, the behavior is often mixed, with values for the
intermediate coverage value often diverging from the main trends. We observe that the
FedCvg-Ratio behavior is sometimes different from that of the other approaches; this
happens for EOD and AOD. FairFed and FedAvgmaintain more consistent performance
across coverage levels for the all the considered metrics. FedCvg variants show clearer
trends for accuracy and EOD, which improve while increasing the coverage value.

Accuracy. Accuracy increases substantially with coverage for all methods, with excep-
tions for the intermediate coverage value. Lower values are observed for representation-
based methods, with FedCvg-Ratio achieving the worst results when increasing cov-
erage. The accuracy ranking remains consistent across medium and high coverage levels:
FairFed/FedAvg > FedCvg > FedCvg-Ratio. The extreme imbalance of the dataset
penalizes representation-based methods, with FedCvg showing the poorest performance
at low coverage (6% below FairFed).

Fairness metrics. Fairness behavior on COMPAS is complex and coverage-dependent.
With the exception of FedCvg-Ratio on EOD and AOD, we observe that generally fair-
ness metrics downgrade when increasing the coverage value, thus decreasing the number
of clients. For EOD, FairFed(EOD) achieves the best value at low coverage (0.045
at cov = 474), substantially better than FedCvg-Ratio (0.070, 56% worse). How-
ever, EOD degrades for FairFed/FedAvg as coverage increases (0.045 → 0.064 for
FairFed(EOD)), while FedCvg-based methods improve (0.070 → 0.061 for FedCvg-
Ratio). At high coverage (cov = 1067), FairFed(AccDiff) achieves best EOD (0.053),
followed by FedCvg-Ratio (0.061). For SPD, FedCvg variants excel at low/intermedi-
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ate coverage (0.038 at cov = 474), while FedCvg-Ratio achieves best SPD at high cov-
erage (0.043 vs FedAvg’s 0.061). For AOD, FedCvg-Ratio achieves the best value at
high coverage (0.031), significantly better than others (0.035-0.042). These mixed patterns
confirm that representation-based aggregation struggles with extreme imbalance, where no
single approach dominates across all fairness dimensions.

Accuracy difference. AccDiff improves (moves closer to zero) with higher coverage for all
methods, indicating better inter-group parity with fewer, larger clients. At cov = 474, Fed-
Cvg(0.0001) achieves best AccDiff (−0.034), followed by FedCvg-Ratio (−0.035) and
FedAvg/FairFed (−0.052 to −0.059). At cov = 1067, FedCvg(0.001) achieves best
AccDiff (−0.010), followed by FedCvg(0.0001) (−0.012) and FedCvg-Ratio (−0.017),
while FedAvg/FairFed range from −0.018 to −0.026. FedCvg variants consistently
achieve the best inter-group accuracy parity, with improvements of 50-67% compared to
FedAvg at high coverage. However, all values remain negative, indicating persistent
higher accuracy for the privileged group (female), reflecting the structural challenge of
COMPAS’s extreme imbalance.

Conclusions. On COMPAS, no single method dominates across all metrics, reflecting
the challenge of extreme imbalance. FairFed variants achieve the best accuracy and
competitive fairness. FedCvg variants excel at AccDiff but suffer from poor accuracy
at low coverage. FedCvg-Ratio provides a middle ground: often worst accuracy, good
fairness metrics, especially for high coverage values. Coverage level significantly impacts
performance: higher coverage improves accuracy (+5-6% from cov = 474 to cov = 1067)
and AccDiff (improving by 50-67%), but fairness metrics show mixed trends (EOD worsens
for FairFed/FedAvg, improves for FedCvg-based methods). The extreme sensitive
attribute imbalance (81% male) fundamentally limits all methods, making algorithm choice
highly dependent on which metrics are prioritized.

5.2.3 Impact of Local Debiasing

Figures 5.9 and 5.10 report the impact of Local Debiasing (LD) across different coverage
values on the Adult and COMPAS datasets. Each bar in the histograms represents the
variation ∆ = (A+ LD) − A for a specific metric, where A is one of the considered
algorithms. Negative values indicate an improvement for fairness metrics (SPD, EOD,
AOD, AccDiff), while positive values indicate an improvement in Accuracy. For FairFed,
for SPD, EOD, and AccDiff we report only the variant trained on that metric, to simplify
the analysis.
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(a) Accuracy (b) EOD

(c) SPD (d) AOD

(e) AccDiff

Figure 5.8: Baseline performance on the COMPAS dataset across coverage values (the
lower the coverage, the more clients).
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5.2.3.1 Adult Dataset

Trend comparison. Similar to the Dirichlet experiments, variations are generally modest
(under 0.05 for most configurations). However, LD systematically improves fairness-related
metrics across all coverage values. EOD, SPD, and AOD exhibit predominantly negative
∆ values, indicating lower disparity after introducing LD. The impact on AccDiff and
accuracy is less pronounced but generally positive at lower coverage values (more clients).
The highest improvements are achieved by FedCvg(0.0001) and FedAvg, particularly at
lower coverage values where more clients provide more opportunities for local reweighting.
FedCvg(0.001) and FedCvg-Ratio show more modest improvements, likely because
their representation-based aggregation already addresses much of the representation bias
that LD targets.

Coverage value impact. LD effectiveness varies with coverage level. At low coverage
(cov = 1999, 16 clients), LD produces moderate fairness gains: FedAvg shows ∆EOD=-
0.023, FedCvg(0.0001) shows ∆EOD=-0.029. At intermediate coverage (cov = 2570, 13
clients), effects are similar but slightly attenuated. Surprisingly, at high coverage (cov =
4497, 7 clients), LD produces the largest improvements: FedAvg achieves ∆EOD=-0.046,
FairFed variants achieve ∆EOD=-0.045 to -0.052. This suggests that with fewer, larger
clients, local reweighting becomes more effective, possibly because larger clients have suf-
ficient samples for all (label, sensitive) combinations, enabling more robust reweighting.
When considering accuracy and accuracy difference, the trend is different: best results are
achieved with low coverage. Representation-aware techniques gives the best fairness results
for all metrics except SPD and the best accuracy values for lower or intermediate coverage.
This shows that with a higher number of clients, representation-aware are a valid option
to mediate between fairness and accuracy.

Partitioning method. The diff size partitioning method generally shows slightly larger
LD effects compared to same size, particularly for FedAvg and FedCvg(0.0001). This
suggests that realistic client size variation creates additional opportunities for local reweight-
ing to correct imbalances. However, the differences between partitioning methods are mod-
est, indicating that LD’s effectiveness is primarily determined by coverage value rather than
client size homogeneity.

Conclusions. LD provides consistent fairness improvements under representation-based
partitioning, particularly at lower coverage values where more clients enable more fine-
grained local corrections. The effects are most pronounced for methods that do not already
incorporate strong fairness mechanisms (FedAvg, FedCvg(0.0001)), while representation-
based methods with stronger fairness constraints (FedCvg(0.001), FedCvg-Ratio)
show more modest additional gains. The pattern mirrors Dirichlet results, confirming
that LD is an effective complementary technique across different partitioning strategies.
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(a) Coverage = 1999, diff size (b) Coverage = 1999, same size

(c) Coverage = 2570, diff size (d) Coverage = 2570, same size

(e) Coverage = 4497, diff size (f) Coverage = 4497, same size

Figure 5.9: Impact of LD across coverage values on the Adult dataset.
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5.2.3.2 COMPAS Dataset

Trend comparison. On COMPAS, LD effects are minimal and highly variable, mirroring
the pattern observed under Dirichlet partitioning. Variations are mostly around zero, with
no clear systematic trends across coverage values or partitioning methods. This confirms
that LD’s effectiveness is fundamentally limited by dataset characteristics rather than
partitioning strategy.

Coverage value impact. Unlike Adult, coverage value has little impact on LD effec-
tiveness on COMPAS. At all coverage levels, LD produces mixed results: some methods
show slight improvements in specific metrics, while others show slight degradations. The
extreme sensitive attribute imbalance (81% male) limits the number of minority samples
available for reweighting, making local corrections ineffective regardless of how clients are
partitioned.

Conclusions. LD does not provide systematic benefits on COMPAS under representation-
based partitioning, consistent with Dirichlet results. The fundamental challenge is the
extreme global imbalance, which leaves insufficient minority samples in most clients for
effective local reweighting. This dataset-dependent limitation persists across different par-
titioning strategies, highlighting the importance of adequate minority representation for
local debiasing techniques.

5.2.4 Impact of Parity Sampling

Figures 5.11 and 5.12 report the impact of Parity Sampling (PS) across different coverage
values on the Adult and COMPAS datasets, showing results for both p = 0.5 and p = 0.7.

5.2.4.1 Adult Dataset

Trend comparison. The introduction of Parity Sampling under representation-based par-
titioning shows different patterns compared to Dirichlet. With the explicit 50% good/bad
client structure, PS has clearer targets to select, potentially improving its effectiveness.
However, the impact remains modest (variations up to 0.03) and varies by algorithm and
coverage value.

Overall, the FairFed family of algorithms tends to achieve the strongest improvements
in fairness metrics when PS is applied. FedAvg also shows a mostly positive impact,
although the magnitude of the improvement is generally smaller. Representation-based
methods exhibit more variable behavior, sometimes improving and sometimes degrading
fairness metrics. A possible explanation is that for FedCvg and FedCvg-Ratio we
apply a coverage mechanism that already aims to mitigate representation bias, so applying
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(a) Coverage = 474, diff size (b) Coverage = 474, same size

(c) Coverage = 610, diff size (d) Coverage = 610, same size

(e) Coverage = 1067, diff size (f) Coverage = 1067, same size

Figure 5.10: Impact of LD across coverage values on the COMPAS dataset.
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PS—which targets a similar issue—provides limited additional benefit.

Coverage value impact. PS effectiveness varies significantly by algorithm and coverage
level. For FedAvg and FairFed, PS shows increasing effectiveness with higher coverage:
at cov = 1999, FedAvg achieves minimal ∆EOD=-0.003, while at cov=4497, it achieves
∆EOD=-0.007 to -0.010, and FairFed variants achieve ∆EOD=-0.010 to -0.015. This
suggests that with fewer, larger clients, the quality difference between good and bad clients
becomes more pronounced, making strategic selection more impactful.

However, FedCvg-Ratio shows anomalous behavior at low coverage: PS improves ac-
curacy (+0.011) and EOD (-0.006) but substantially degrades SPD (+0.023), indicating
interference between PS and representation-based aggregation. At higher coverage levels,
FedCvg-Ratio shows minimal PS effects (∆EOD=-0.001 to -0.004), suggesting that its
internal weighting mechanism already performs implicit client selection, making explicit
PS redundant or counterproductive.

FedCvg does not show any notable improvement or degradation as the coverage value
changes. Across the considered settings, both fairness metrics and accuracy remain rela-
tively stable, indicating that the algorithm’s performance is largely insensitive to variations
in coverage in this scenario.

Parity probability. Varying p from 0.5 to 0.7 does not produce substantial changes in
the effectiveness of PS across the considered algorithms. The overall trends remain largely
consistent, with similar fairness variations observed at both values of p. For FedCvg-
Ratio, the anomalous behavior at low coverage persists across both settings, suggesting
that the effect is systematic rather than driven by the specific parity probability.

Conclusions. PS shows coverage-dependent effectiveness, with larger improvements at
high coverage for methods without built-in fairness mechanisms (FedAvg, FairFed).
However, PS interferes with representation-based aggregation (FedCvg-Ratio), particu-
larly at low coverage where it creates trade-offs between different fairness metrics (improv-
ing EOD but degrading SPD). This suggests that PS is most beneficial for algorithms that
do not already incorporate representation-aware weighting, and that combining multiple
fairness interventions can produce unexpected interactions.

5.2.4.2 COMPAS Dataset

Trend comparison. On COMPAS, PS effects are even more limited and irregular than
on Adult. Variations are mostly below 0.02 and even below 0.01 for intermediate and
high coverage values, with no clear systematic patterns across coverage values or parity
probabilities. The extreme sensitive attribute imbalance limits PS effectiveness, as even
“good” clients have relatively poor minority representation. Considering fairness metrics,
FedCvg-Ratio is the approach that consistently gets the highest benefits from PS for
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(a) Coverage = 1999, p = 0.5 (b) Coverage = 1999, p = 0.7

(c) Coverage = 2570, p = 0.5 (d) Coverage = 2570, p = 0.7

(e) Coverage = 4497, p = 0.5 (f) Coverage = 4497, p = 0.7

Figure 5.11: Impact of PS across coverage values on the Adult dataset (diff size partition-
ing).
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fairness metrics while the impact of PS on FairFed(AccDiff) is always negative.

Coverage value impact. Unlike Adult, coverage value has minimal impact on PS effec-
tiveness on COMPAS. At all coverage levels, PS produces mixed and inconsistent results.
Some methods show slight improvements in specific metrics at specific coverage values, but
these patterns do not generalize across configurations.

Parity probability. Overall, parity sampling does not lead to consistent improvements
in fairness metrics across the considered algorithms in this setting. A likely explanation
is the smaller size of the dataset compared to Adult, which reduces the variability among
clients and therefore limits the potential benefits of strategic sampling. Nevertheless, at
higher coverage values—corresponding to fewer but larger clients—the FairFed variants,
particularly FairFed (EOD), achieve the most noticeable fairness improvements.

Conclusions. PS does not provide systematic benefits on COMPAS under representation-
based partitioning, mirroring the pattern observed under Dirichlet. The fundamental chal-
lenge is the extreme global imbalance, which limits the quality of even “good” clients.
Strategic client selection cannot overcome this structural limitation, regardless of parti-
tioning strategy.

5.2.5 Interaction of Local Debiasing with Parity Sampling

After having discussed the impact of LD and PS separately, we now discuss their joint
effect under coverage-based partitioning. To this aim, Table 5.7 presents a comprehensive
analysis of EOD values at representative coverage levels for both Adult and COMPAS
datasets, including all algorithm variants. We consider EOD as reference metric since the
results reported in the tables in the appendix corresponds to the configurations leading to
the best EOD values among all the considered learning rates.

Adult dataset. On Adult, the LD+PS combination shows stronger synergy under coverage-
based partitioning, particularly for representation-aware methods. At cov = 1999, FedCvg-
Ratio(0.5) achieves remarkable results: baseline EOD= 0.034, LD alone reduces it to
0.012 (65% improvement), and LD+PS further reduces it to 0.009 (74% improvement over
baseline, 25% improvement over LD alone). This represents the best EOD value achieved
across all experiments on Adult. The synergy is also visible for FedAvg, which moves
from 0.059 (baseline) to 0.037 (LD) to 0.035 (LD+PS), showing consistent but more modest
complementarity.

The explicit 50% good/bad client structure in coverage-based partitioning enables more
effective PS compared to Dirichlet. When LD has already improved local fairness within
clients, PS can strategically select the best-performing clients, amplifying the overall fair-
ness gain. This synergy is strongest for FedCvg-Ratio, where representation-based ag-
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(a) Coverage = 474, p = 0.5 (b) Coverage = 474, p = 0.7

(c) Coverage = 610, p = 0.5 (d) Coverage = 610, p = 0.7

(e) Coverage = 1067, p = 0.5 (f) Coverage = 1067, p = 0.7

Figure 5.12: Impact of PS across coverage values on the COMPAS dataset (diff size par-
titioning).
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Table 5.7: Effect of Local Debiasing and Parity Sampling combinations under coverage-
based partitioning (EOD values, diff size method)

Adult (cov=1999) COMPAS (cov=474)

Algorithm Baseline PS LD LD+PS Baseline PS LD LD+PS

FedAvg 0.059 0.056 0.037 0.035 0.048 0.048 0.048 0.047

FedCvg(0.0001) 0.062 0.060 0.033 0.034 0.075 0.073 0.076 0.076
FedCvg(0.001) 0.060 0.058 0.040 0.036 0.074 0.072 0.075 0.075

FedCvg-Ratio(0.5) 0.034 0.028 0.012 0.009 0.070 0.069 0.071 0.071
FedCvg-Ratio(0.9) 0.034 0.032 0.012 0.011 0.070 0.071 0.071 0.071

FairFed(EOD) 0.054 0.054 0.034 0.036 0.045 0.052 0.046 0.045
FairFed(AccDiff) 0.059 0.057 0.037 0.035 0.049 0.050 0.051 0.051
FairFed(SPD) 0.060 0.055 0.036 0.032 0.049 0.054 0.051 0.047

gregation, local reweighting, and strategic selection work together harmoniously. Notably,
while PS alone can interfere with FedCvg-Ratio’s representation-based weighting (de-
grading SPD), combining PS with LD mitigates this interference, suggesting that LD’s
local corrections enable more effective strategic selection.

For FairFed variants, the synergy is more variable. FairFed(SPD) shows clear com-
plementarity (0.060 → 0.036 → 0.032), while FairFed(EOD) shows interference: LD
achieves EOD= 0.034, but adding PS degrades it to 0.036. This suggests that when fair-
ness objectives are already embedded in the aggregation mechanism, PS can interfere with
the optimization, and the benefit of combining techniques depends on the specific fairness
metric being targeted.

COMPAS dataset. On COMPAS, the LD+PS combination provides minimal benefits,
mirroring the pattern observed under Dirichlet. At cov = 474, most methods show negligi-
ble differences between LD and LD+PS configurations. FedAvg shows a tiny improvement
(0.048 → 0.047), while representation-based methods show no change (FedCvg-Ratio:
0.071 → 0.071). FairFed(EOD) shows a slight improvement (0.046 → 0.045), but the
magnitude is negligible. The extreme sensitive attribute imbalance (81% male) fundamen-
tally limits both LD and PS effectiveness, leaving little room for synergy between the two
techniques.

Conclusions. The LD+PS combination is most effective under coverage-based partition-
ing on Adult, particularly for FedCvg-Ratio, achieving the best fairness results across
all experiments. The explicit good/bad client structure enables stronger synergy com-
pared to Dirichlet, where good client identification is less clear. However, this synergy
is both dataset-dependent and algorithm-dependent: on COMPAS, extreme global imbal-
ance limits both techniques individually and in combination; on Adult, FairFed(EOD)
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Table 5.8: Top 5 methods by Combined FAS (Adult dataset, coverage-based partitioning,
diff size method)

Coverage Method Acc EOD SPD AOD AccDiff FAS

Low Coverage (1999, 16 clients)
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.828 0.008 0.080 0.013 0.146 0.777
FedCvg-Ratio(0.5)+LD 0.827 0.012 0.077 0.011 0.147 0.776
FedCvg-Ratio(0.9)+LD 0.827 0.012 0.077 0.011 0.147 0.776
FedCvg(0.0001)+LD 0.823 0.033 0.069 0.020 0.143 0.768
FedCvg(0.0001)+LD+PS(0.5) 0.822 0.034 0.068 0.020 0.144 0.767

Intermediate Coverage (2570, 13 clients)
FedCvg-Ratio(0.5)+LD 0.825 0.010 0.075 0.013 0.141 0.776
FedCvg-Ratio(0.9)+LD 0.825 0.010 0.075 0.013 0.141 0.776
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.824 0.011 0.073 0.012 0.142 0.775
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.824 0.010 0.072 0.013 0.142 0.775
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.824 0.014 0.073 0.011 0.142 0.775

High Coverage (4497, 7 clients)
FedCvg-Ratio(0.9)+PS(0.7) 0.846 0.025 0.142 0.032 0.118 0.779
FedCvg-Ratio(0.5)+PS(0.7) 0.846 0.026 0.142 0.032 0.118 0.779
FedCvg-Ratio(0.5)+PS(0.5) 0.846 0.025 0.142 0.033 0.119 0.779
FFedCvg-Ratio(0.9)+PS(0.5) 0.846 0.028 0.143 0.033 0.118 0.778
FedCvg-Ratio(0.5) 0.846 0.029 0.143 0.034 0.118 0.778

shows interference between LD and PS rather than synergy. The results confirm that tech-
nique combinations are most beneficial when individual techniques are already effective
and compatible, and that dataset characteristics (size, balance) are more important than
partitioning strategy for determining technique effectiveness.

5.2.6 Analysis of Combined Performance Metrics

To better analyze the interaction between bias-aware and accuracy-based metrics, Ta-
bles 5.8 and 5.9 present the top-performing methods by combined FAS (see Section 4.6)
for Adult and COMPAS datasets at each coverage level using diff size partitioning.

We observe the following:

• FedCvg-Ratio dominates on Adult across all coverage levels: FedCvg-Ratio
variants occupy all top-5 positions at all three coverage levels, demonstrating consis-
tent excellence. Best FAS ranges from 0.776-0.779 across coverage levels, comparable
to the best Dirichlet results (0.770-0.784). This dominance is even stronger than un-
der Dirichlet partitioning, showing that FedCvg-Ratio is particularly well-suited
to explicit coverage constraints.
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Table 5.9: Top 5 methods by Combined FAS (COMPAS dataset, coverage-based partition-
ing, diff size method)

Coverage Method Acc EOD SPD AOD AccDiff FAS

Low Coverage (474, 11 clients)
FairFed(EOD) 0.543 0.045 0.048 0.038 -0.059 0.534
FairFed(EOD)+LD+PS(0.7) 0.543 0.046 0.047 0.038 -0.057 0.533
FairFed(AccDiff)+LD 0.544 0.051 0.049 0.040 -0.054 0.532
FairFed(AccDiff)+LD+PS(0.5) 0.544 0.051 0.050 0.041 -0.055 0.532
FairFed(SPD)+LD+PS(0.5) 0.542 0.047 0.046 0.037 -0.052 0.532

Intermediate Coverage (610, 8 clients)
FedAvg+LD+PS(0.5) 0.530 0.050 0.045 0.031 -0.038 0.518
FedAvg+PS(0.5) 0.530 0.052 0.046 0.033 -0.037 0.517
FairFed(EOD) 0.532 0.059 0.050 0.037 -0.035 0.517
FairFed(SPD)+LD+PS(0.5) 0.530 0.052 0.046 0.033 -0.037 0.517
FairFed(EOD)+LD 0.532 0.059 0.051 0.039 -0.037 0.517

High Coverage (1067, 5 clients)
FairFed(AccDiff) 0.569 0.053 0.055 0.035 -0.026 0.552
FairFed(AccDiff)+LD 0.568 0.051 0.053 0.034 -0.028 0.552
FairFed(EOD)+PS(0.5) 0.569 0.055 0.056 0.037 -0.028 0.551
FairFed(EOD) 0.571 0.064 0.052 0.040 -0.020 0.551
FairFed(EOD)+LD+PS(0.7) 0.569 0.059 0.056 0.038 -0.025 0.551

• Coverage value creates accuracy-fairness trade-off: At low coverage (1999, 16 clients),
best EOD=0.008 with FAS=0.777 and accuracy=0.828. At high coverage (4497, 7
clients), best EOD=0.025 with FAS=0.779 and accuracy=0.846. Lower coverage
produces substantially better fairness (68% improvement) but lower accuracy (2%
reduction), resulting in comparable FAS. This trade-off reflects the tension between
having more clients for strategic selection (better fairness) versus having larger clients
for stable training (better accuracy).

• Technique combinations vary by coverage: At low and intermediate coverage, the
best methods use LD or LD+PS, leveraging local reweighting to improve fairness.
At high coverage, the best methods use PS only (without LD), suggesting that when
clients are fewer but larger, local reweighting becomes less critical as clients already
have more balanced internal distributions. This pattern highlights the importance of
matching techniques to data characteristics.

• FairFed dominates on COMPAS: Unlike Adult, FairFed variants occupy all or
most top-5 positions across all COMPAS coverage levels: 5/5 at low coverage (474),
3/5 at intermediate coverage (610, with FedAvg occupying 2/5), and 5/5 at high
coverage (1067). FedCvg-Ratio, which excels on Adult, does not appear in any
COMPAS top-5. This dramatic reversal confirms that representation-based aggre-
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gation struggles with extreme imbalance (81% male), where explicit coverage con-
straints cannot overcome fundamental data limitations. FairFed’s explicit fairness
optimization is more effective in this challenging regime.

• Coverage level impacts algorithm choice on COMPAS: At low coverage (474, 11
clients), FairFed(EOD) achieves best FAS=0.534 with accuracy=0.543. At high
coverage (1067, 5 clients), FairFed(AccDiff) achieves best FAS=0.552 with accu-
racy=0.569. Higher coverage produces fewer, larger clients, leading to higher accu-
racy (5% improvement) and better FAS despite similar fairness. This suggests that
on highly imbalanced datasets, accuracy dominates FAS, and having fewer, larger
clients benefits overall performance.

• Comparison with Dirichlet: Adult achieves FAS=0.776-0.779 under coverage-based
vs 0.770-0.784 under Dirichlet (comparable). COMPAS achieves FAS=0.517-0.552
under coverage-based vs 0.519-0.554 under Dirichlet (nearly identical). This consis-
tency across partitioning strategies validates that dataset characteristics (size, bal-
ance) are more important than partitioning method for overall performance. How-
ever, coverage-based partitioning achieves better absolute fairness on Adult (best
EOD: 0.008 vs Dirichlet: 0.015), demonstrating that explicit representation control
enables superior fairness when accuracy can be slightly sacrificed.

5.3 Summary

Based on the experimental results across both Dirichlet and coverage-based partitioning, we
provide algorithm family recommendations for different deployment scenarios. Table 5.10
summarizes these recommendations, organized by scenario characteristics.

The table presents five representative scenarios encountered in federated learning deploy-
ments. For each scenario, we identify the recommended algorithm family (column 2),
describe its key performance characteristics (column 3), and provide references to the
specific experimental results supporting the recommendation (column 4). The scenar-
ios span different heterogeneity levels (high, moderate, near-IID), optimization priorities
(fairness-focused, balanced, accuracy-focused), and operational constraints (availability of
local debiasing, client-side intervention capabilities).

From a practical standpoint, the results suggest differentiated guidance depending on the
optimization objective:

• Balanced objective. FedAvg+LD provides a simple yet effective baseline, offering
solid fairness gains without substantial architectural modifications. This approach
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Table 5.10: Algorithm family recommendations by scenario

Scenario Recommended Family Key Characteristics Reference

High heterogeneity,
prioritize fairness

Representation-based +
LD

Best fairness (low EOD/AOD),
moderate accuracy

Figure 5.1

Moderate heterogene-
ity, balanced goals

Representation-based +
LD

High FAS, balanced accuracy-
fairness

Figures 5.1, 5.2

Near-IID, maximize
both

Representation-based +
LD + PS

Highest FAS, excellent accuracy
and fairness

Tables 5.4, 5.5

Simple baseline FedAvg + LD Good fairness improvement, high
accuracy

Figure 5.3, Table
5.7

No local debiasing
available

FedCvg-Ratio Moderate fairness without client-
side intervention

Table 5.3, 5.7

Note: LD = Local Debiasing, PS = Parity Sampling. Representation-based refers to
FedCvg/FedCvg-Ratio family; fairness-aware refers to the FairFed family.

achieves good accuracy-fairness trade-offs across heterogeneity levels while requiring
minimal changes to standard federated learning infrastructure.

• Fairness-priority objective. FedCvg or FedCvg-Ratio combined with LD yield
substantial reductions in EOD (often 50–70% relative improvement compared to
baseline), at the cost of modest accuracy reductions (approximately 2–5%). These
methods are particularly effective when fairness constraints are strict and some ac-
curacy sacrifice is acceptable.

• Accuracy-priority objective. Under low heterogeneity (near-IID conditions), FedCvg-
Ratio+LD+PS achieves near-optimal accuracy while preserving competitive fair-
ness, making it a strong candidate when predictive performance remains the primary
concern while still maintaining acceptable fairness levels.

The recommendations reflect the following key findings from our experiments:

• Performance-driven methods like FedAvg Achieve the highest predictive accuracy
across most settings, but produce larger fairness disparities because the aggregation
process ignores the distribution of sensitive groups across clients.

• Fairness-aware aggregation methods, like the FairFed variants, provide more bal-
anced fairness outcomes than FedAvg while maintaining competitive accuracy. Im-
provements are generally moderate but stable, especially in highly non-IID settings.
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Their effectiveness depends on the dataset: it remains competitive on Adult but be-
comes the most reliable strategy on COMPAS, where extreme imbalance limits the
effectiveness of representation-based approaches.

• Representation-based methods (FedCvg/FedCvg-Ratio) consistently achieve the
best balance between accuracy and fairness across heterogeneity levels, making them
the preferred choice for most scenarios. They shows clear advantages on the Adult
dataset, while differences between methods are smaller and more metric-dependent
on COMPAS, which benefits more from fairness-aware optimization.

• Local debiasing is essential for all algorithm families, providing substantial fairness
improvements with minimal accuracy cost; this makes FedAvg+LD a strong simple
baseline when advanced methods are not feasible.

• Parity sampling mostly affects methods without built-in fairness mechanisms.
It provides additional benefits primarily in near-IID settings where multiple well-
represented clients enable effective strategic selection, while offering limited gains
under high heterogeneity. For scenarios without client-side intervention capabilities
(no LD), coverage-based methods with high sensitivity parameters or fairness-aware
methods with server-side parity sampling offer the best alternatives, though with
reduced effectiveness compared to LD-enabled configurations.

• Lower coverage (more clients with smaller datasets) tends to improve fairness by
increasing diversity in client representations, while higher coverage (fewer but larger
clients) improves accuracy due to more stable local training.

Overall, FedCvg-Ratio achieves robust performance across metrics and heterogeneity
levels, making it a strong default choice for representation-aware federated learning.
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Chapter 6

Conclusions

This thesis addressed the challenge of ensuring fairness in federated learning systems, where
data heterogeneity and representation bias can lead to discriminatory outcomes for under-
represented groups. We conducted a comprehensive comparative evaluation of fairness-
aware federated learning algorithms, including the baseline FedAvg, the fairness-aware
aggregation FairFed, the coverage-based FedCvg, and our novel ratio-based FedCvg-
Ratio. All techniques were combined with local debiasing and parity sampling. Through
extensive experiments on Adult Income and COMPAS datasets under various heterogeneity
conditions, we demonstrated fairness improvements of 69–86% over baseline, often without
sacrificing accuracy.

We conducted a comprehensive comparative evaluation of fairness-aware federated learn-
ing algorithms, including the baseline algorithm FedAvg, the fairness-aware aggregation
approach FairFed, the coverage-based method FedCvg, and a new ratio-based FedCvg-
Ratio approach, defined in the context of this work. All the techniques have been also
combined with local debiasing at the client side and parity sampling for client selection.
Through extensive experiments on the Adult Income and COMPAS datasets under various
heterogeneity conditions, we demonstrated that fairness improvements of 69–86% over the
baseline are achievable, often without sacrificing accuracy.

In the following, we summarize the main achieved contributions and the limitations of our
work, we highlight future work directions, and finally we present some final concluding
remarks.
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6.1 Summary of the Contributions

After an accurate background analysis, we surveyed existing approaches to fairness en-
hancement in federated learning, identifying two main categories of bias: algorithmic bias
(unfair model predictions) and representation bias (unequal group representation across
clients). This analysis revealed gaps in the field, particularly the lack of systematic com-
parisons across different fairness interventions and the need for adaptive algorithms that
do not require manual parameter tuning.

Our work makes four main contributions to fair federated learning. First, we provide a sys-
tematic comparison of fairness-aware algorithms across multiple dimensions: heterogeneity
levels (Dirichlet α from 0.1 to 5000), partitioning strategies (Dirichlet and coverage-based),
and datasets with different characteristics (Adult: 48K samples, 33% female; COMPAS:
6K samples, 19% female). Second, we introduce FedCvg-Ratio, a novel algorithm that
replaces FedCvg’s fixed coverage threshold with dynamic, ratio-based weighting that
adapts automatically through exponential moving average smoothing. Third, we demon-
strate that server-side and client-side fairness interventions are complementary: local de-
biasing provides substantial improvements (37–50% EOD reduction) when combined with
any server-side algorithm. Fourth, we provide evidence-based algorithm recommendations
for common deployment scenarios, enabling practitioners to select appropriate approaches
based on data characteristics and fairness requirements.

The experimental results challenge several common assumptions about fairness in machine
learning. Most notably, the fairness-accuracy trade-off is not universal in federated settings.
FedCvg-Ratio combined with local debiasing can achieve substantial fairness improve-
ments while simultaneously improving accuracy, because representation-based methods
address representation bias that causes underfitting on minority groups. However, al-
gorithm effectiveness depends critically on data characteristics: on balanced datasets like
Adult, both FairFed and FedCvg-Ratio excel, while on highly imbalanced datasets like
COMPAS, fairness-aware aggregation becomes more competitive. Heterogeneity level also
matters: under high heterogeneity, representation-based methods show strong advantages,
while at near-IID conditions, combining multiple techniques achieves best performance.

Local debiasing emerges as the most reliable fairness intervention, providing consistent
improvements with minimal accuracy impact across all algorithms and scenarios but mak-
ing assumptions on the used client-side learning approaches. Parity sampling shows more
limited and context-dependent effects: it provides minimal benefit when combined with
FedCvg (which already addresses representation bias), but shows noticeable improve-
ments with FedAvg, particularly in near-IID configurations. Our novel FedCvg-Ratio
eliminates manual coverage threshold tuning through ratio-based weighting and achieves
robust performance across all metrics and heterogeneity levels, making it a strong default
choice for practitioners.
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6.2 Limitations

Our work has several limitations that should be considered when interpreting the results
and can be summarized as follows:

• Dataset limitations. The experimental evaluation is limited to two datasets (Adult
and COMPAS) with binary sensitive attributes and binary classification tasks. Real-
world applications may involve multiple sensitive attributes or intersectional fairness
concerns, where fairness must be ensured not just for individual groups but for their
intersections. Our evaluation also focuses on tabular data and does not cover image,
text, or other data modalities that are common in federated learning deployments.

• Simulation environment. All experiments were conducted in simulation where clients
are processes on a single machine, not real distributed systems. Real deployments
involve latency, bandwidth constraints, and client dropout that may affect algorithm
performance. Additionally, clients in our experiments have identical computational
resources, while real systems exhibit system heterogeneity with varying compute
capabilities.

• Only binary classification. The algorithms we evaluate are designed for binary clas-
sification with known sensitive attributes available at training time. Extension to
multi-class classification requires further work, as fairness definitions become more
complex with multiple classes. Our data partitioning is also static, and dynamic
client participation patterns where clients join and leave the federation over time are
not evaluated.

• Privacy issues not addressed. Privacy considerations represent an important limita-
tion. FairFed requires clients to share fairness metrics (TP, FP, TN, FN per group),
while FedCvg and FedCvg-Ratio require clients to share group counts. This infor-
mation sharing may reveal sensitive information about client data distributions and
potentially enable inference attacks. We do not provide differential privacy guaran-
tees or formal privacy analysis, and the privacy-fairness-accuracy trade-off remains
an open question in our work.

6.3 Future Work

Future extensions of our work concern two main directions: the performed experimental
evaluation and privacy issues. The main topics of interest for future work can be summa-
rized as follows.
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Experimental Analysis Extensions. Several directions can extend and deepen our
experimental evaluation:

• Hybrid partitioning method. While our current experiments adopt two separate parti-
tioning strategies—Dirichlet-based partitioning inspired by FairFed to generate het-
erogeneous distributions of the sensitive attribute across clients, and coverage-based
partitioning to control representation bias—a future research direction would be to
design a hybrid partitioning method that combines these two aspects.

One possible approach is a ratio-guided Dirichlet partitioning scheme. In this setting,
client datasets would still be generated through a Dirichlet sampling process, but the
sampling would be guided by constraints on the representation ratio of the sensitive
attribute, similarly to the idea underlying the FedCvg-Ratio algorithm.

Such a strategy would allow the generation of federated scenarios where both distri-
butional heterogeneity and representation imbalance coexist in a controlled manner.
This would better reflect real-world federated environments, where clients typically
differ both in their data distribution and in the representation of protected groups,
and would enable a more systematic analysis of how fairness-aware algorithms behave
under combined sources of bias.

• Broader evaluation: We aim to extend the performed experimental evaluation by
considering other datasets, including datasets with natural partitions like the AC-
SIncome Dataset [Ope22], to understand the impact of FedCvg-Ratio and our fairness
interventions over real data distributions. The experimental evaluation should also
be extended to include multi-class classification tasks, datasets with multiple sensi-
tive attributes, and data from different domains such as healthcare or finance where
fairness requirements may differ.

• Comparison with other methods. The experimental evaluation should be extended
to compare our approach to other discrimination-aware methods by implementing
all solutions within the same environment, ensuring fair comparison under identical
conditions.

• Intersectional fairness. We plan to broaden the proposed solutions to consider addi-
tional constraints for identifying representation bias, including coverage constraints
defined over different sensitive attributes, following an intersectional approach, and
multiple coverage constraints.

Privacy-Preserving Fairness. Privacy considerations represent a critical direction for
future work, as the tension between fairness and privacy in federated learning remains
largely unexplored:
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• Secure aggregation integration. As discussed in Chapter 2, our current algorithms
require clients to share fairness-related statistics such as group counts and con-
fusion matrix elements, which may leak sensitive information about client data
distributions. Recent work on secure aggregation techniques, such as per-element
SecAgg [SKTH25], provides cryptographic mechanisms to protect against data re-
construction attacks by ensuring that aggregated values are revealed only when suf-
ficient clients contribute. This approach has already been used in the initial design
of FedAvg [MMR+17] and FairFed [EYH+23]. Integrating such techniques into
fairness-aware federated learning represents a promising direction, though it requires
careful design to handle the fine-grained statistics needed for fairness interventions.
The computational overhead and communication costs of secure aggregation proto-
cols also need evaluation in the context of representation-based algorithms.

• Differential privacy integration. Beyond secure aggregation, the integration of dif-
ferential privacy into fairness-aware algorithms presents an additional challenge, as
adding noise to protect privacy may degrade both accuracy and fairness. Under-
standing the three-way trade-off between privacy, fairness, and accuracy requires
both theoretical analysis and empirical evaluation. Investigating how to add differ-
ential privacy guarantees to fairness-aware algorithms while maintaining acceptable
performance is an important open problem.

• Federated analytics. Developing privacy-preserving methods for computing global
fairness metrics without centralizing sensitive data could reduce privacy risks while
maintaining the ability to monitor and enforce fairness requirements. Federated
analytics approaches that compute global fairness metrics in a distributed manner,
potentially leveraging secure aggregation, represent a promising direction.

6.4 Final Remarks

This work demonstrates that fairness in federated learning is achievable without sacrific-
ing accuracy, but requires careful algorithm selection based on data characteristics. The
key insight is that fairness interventions are most effective when they match the type of
bias present: coverage-based methods excel when representation bias dominates, while
fairness-aware aggregation is effective when algorithmic bias is the primary concern. Lo-
cal debiasing provides consistent improvements by addressing prediction bias at the client
level, demonstrating strong complementarity with server-side interventions.

Our novel FedCvg-Ratio algorithm addresses a key limitation of existing coverage-based
methods by eliminating manual threshold tuning while providing superior stability through
EMA smoothing. The algorithm achieves substantial fairness improvements across all
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heterogeneity levels, making it a robust choice for practitioners seeking to optimize multiple
fairness objectives simultaneously.

As federated learning continues to gain adoption in sensitive domains such as healthcare,
finance, and criminal justice, ensuring fairness becomes increasingly critical. Biased mod-
els can perpetuate and amplify existing societal inequalities, leading to discriminatory
outcomes that harm vulnerable populations. Our comprehensive comparative evaluation
provides practitioners with evidence-based guidelines for deploying fair federated learning
systems, while our analysis of technique complementarity reveals that combining server-
side and client-side interventions yields the best results. We hope this thesis serves as
a practical guide for researchers and practitioners seeking to deploy equitable machine
learning systems in federated settings.
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Appendix A

Dirichlet Partitioning Results: Adult
Dataset

Table A.1: Adult dataset: Performance at α = 0.1 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.838 0.104 0.151 0.083 0.122 0.748
FedAvg+LD 0.846 0.065 0.142 0.044 0.115 0.735

FedAvg+PS(0.5) 0.830 0.100 0.135 0.076 0.126 0.748
FedAvg+PS(0.7) 0.831 0.105 0.136 0.079 0.125 0.747

FedAvg+LD+PS(0.5) 0.846 0.065 0.140 0.042 0.116 0.739
FedAvg+LD+PS(0.7) 0.846 0.062 0.140 0.042 0.115 0.737

FairFed(EOD) 0.815 0.089 0.104 0.064 0.139 0.740
FairFed(SPD) 0.818 0.103 0.117 0.075 0.134 0.712
FairFed(AccDiff) 0.816 0.090 0.108 0.065 0.137 0.732
FairFed(EOD)+LD 0.831 0.039 0.117 0.033 0.131 0.732
FairFed(SPD)+LD 0.823 0.052 0.107 0.038 0.131 0.720
FairFed(AccDiff)+LD 0.824 0.042 0.103 0.032 0.130 0.727
FairFed(EOD)+PS(0.5) 0.831 0.094 0.132 0.073 0.130 0.759
FairFed(SPD)+PS(0.5) 0.825 0.095 0.124 0.072 0.135 0.769
FairFed(AccDiff)+PS(0.5) 0.820 0.100 0.113 0.071 0.133 0.756
FairFed(EOD)+PS(0.7) 0.825 0.093 0.123 0.071 0.135 0.763
FairFed(SPD)+PS(0.7) 0.818 0.094 0.108 0.067 0.137 0.759
FairFed(AccDiff)+PS(0.7) 0.829 0.094 0.130 0.072 0.128 0.754
FairFed(EOD)+LD+PS(0.5) 0.831 0.032 0.111 0.027 0.130 0.759
FairFed(SPD)+LD+PS(0.5) 0.822 0.057 0.100 0.038 0.133 0.773
FairFed(AccDiff)+LD+PS(0.5) 0.834 0.036 0.113 0.026 0.125 0.751
FairFed(EOD)+LD+PS(0.7) 0.823 0.031 0.098 0.031 0.135 0.770
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Table A.1 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(SPD)+LD+PS(0.7) 0.823 0.050 0.098 0.036 0.131 0.754
FairFed(AccDiff)+LD+PS(0.7) 0.839 0.043 0.132 0.042 0.118 0.742

FedCvg(0.0001) 0.838 0.097 0.147 0.077 0.120 0.754
FedCvg(0.01) 0.793 0.030 0.053 0.024 0.164 0.837
FedCvg(0.0001)+LD 0.845 0.051 0.136 0.039 0.114 0.739
FedCvg(0.01)+LD 0.791 0.015 0.046 0.015 0.166 0.836
FedCvg(0.0001)+PS(0.5) 0.839 0.104 0.150 0.082 0.118 0.751
FedCvg(0.01)+PS(0.5) 0.791 0.053 0.051 0.035 0.162 0.828
FedCvg(0.0001)+PS(0.7) 0.838 0.101 0.148 0.080 0.120 0.753
FedCvg(0.01)+PS(0.7) 0.788 0.044 0.047 0.030 0.166 0.840
FedCvg(0.0001)+LD+PS(0.5) 0.845 0.047 0.140 0.039 0.114 0.739
FedCvg(0.01)+LD+PS(0.5) 0.830 0.029 0.109 0.033 0.130 0.768
FedCvg(0.0001)+LD+PS(0.7) 0.844 0.051 0.136 0.037 0.115 0.738
FedCvg(0.01)+LD+PS(0.7) 0.828 0.018 0.102 0.026 0.132 0.778

FedCvg-Ratio(0.5) 0.782 0.031 0.030 0.018 0.170 0.861
FedCvg-Ratio(0.9) 0.782 0.031 0.030 0.018 0.170 0.861
FedCvg-Ratio(0.5)+LD 0.782 0.025 0.027 0.013 0.172 0.863
FedCvg-Ratio(0.9)+LD 0.782 0.025 0.027 0.013 0.172 0.863
FedCvg-Ratio(0.5)+PS(0.5) 0.786 0.038 0.038 0.023 0.166 0.854
FedCvg-Ratio(0.9)+PS(0.5) 0.785 0.036 0.036 0.022 0.167 0.854
FedCvg-Ratio(0.5)+PS(0.7) 0.785 0.037 0.036 0.023 0.168 0.851
FedCvg-Ratio(0.9)+PS(0.7) 0.785 0.035 0.036 0.022 0.168 0.852
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.784 0.019 0.030 0.013 0.170 0.862
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.795 0.027 0.044 0.018 0.160 0.871
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.784 0.026 0.032 0.016 0.169 0.851
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.785 0.026 0.033 0.016 0.169 0.868

Table A.2: Adult dataset: Performance at α = 0.2 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.850 0.087 0.171 0.080 0.118 0.739
FedAvg+LD 0.846 0.076 0.133 0.040 0.118 0.733

FedAvg+PS(0.5) 0.850 0.082 0.170 0.077 0.118 0.739
FedAvg+PS(0.7) 0.850 0.082 0.170 0.077 0.118 0.739

FedAvg+LD+PS(0.5) 0.830 0.072 0.108 0.038 0.130 0.752
FedAvg+LD+PS(0.7) 0.831 0.077 0.107 0.042 0.128 0.754

FairFed(EOD) 0.815 0.088 0.100 0.062 0.143 0.785
FairFed(SPD) 0.827 0.094 0.125 0.071 0.133 0.773
FairFed(AccDiff) 0.817 0.083 0.103 0.060 0.140 0.774
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Table A.2 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD)+LD 0.814 0.072 0.089 0.042 0.141 0.762
FairFed(SPD)+LD 0.819 0.069 0.091 0.043 0.140 0.773
FairFed(AccDiff)+LD 0.816 0.064 0.097 0.050 0.143 0.773
FairFed(EOD)+PS(0.5) 0.818 0.088 0.105 0.063 0.139 0.771
FairFed(SPD)+PS(0.5) 0.827 0.088 0.123 0.067 0.133 0.774
FairFed(AccDiff)+PS(0.5) 0.829 0.095 0.127 0.072 0.131 0.770
FairFed(EOD)+PS(0.7) 0.827 0.092 0.124 0.070 0.133 0.771
FairFed(SPD)+PS(0.7) 0.839 0.091 0.149 0.076 0.126 0.759
FairFed(AccDiff)+PS(0.7) 0.826 0.086 0.125 0.067 0.133 0.751
FairFed(EOD)+LD+PS(0.5) 0.816 0.073 0.100 0.055 0.142 0.770
FairFed(SPD)+LD+PS(0.5) 0.809 0.069 0.083 0.048 0.148 0.785
FairFed(AccDiff)+LD+PS(0.5) 0.829 0.065 0.104 0.036 0.133 0.759
FairFed(EOD)+LD+PS(0.7) 0.826 0.060 0.109 0.041 0.135 0.762
FairFed(SPD)+LD+PS(0.7) 0.827 0.067 0.113 0.045 0.133 0.755
FairFed(AccDiff)+LD+PS(0.7) 0.826 0.068 0.111 0.046 0.134 0.758

FedCvg(0.0001) 0.829 0.097 0.129 0.073 0.126 0.766
FedCvg(0.01) 0.772 0.016 0.017 0.009 0.181 0.859
FedCvg(0.0001)+LD 0.833 0.053 0.112 0.029 0.123 0.763
FedCvg(0.01)+LD 0.796 0.013 0.049 0.011 0.162 0.824
FedCvg(0.0001)+PS(0.5) 0.828 0.091 0.125 0.069 0.128 0.770
FedCvg(0.01)+PS(0.5) 0.775 0.044 0.026 0.025 0.175 0.860
FedCvg(0.0001)+PS(0.7) 0.828 0.088 0.124 0.067 0.129 0.778
FedCvg(0.01)+PS(0.7) 0.770 0.031 0.018 0.017 0.180 0.861
FedCvg(0.0001)+LD+PS(0.5) 0.832 0.051 0.111 0.026 0.124 0.769
FedCvg(0.01)+LD+PS(0.5) 0.800 0.020 0.060 0.018 0.156 0.836
FedCvg(0.0001)+LD+PS(0.7) 0.832 0.041 0.111 0.025 0.124 0.770
FedCvg(0.01)+LD+PS(0.7) 0.813 0.013 0.074 0.018 0.148 0.821

FedCvg-Ratio(0.5) 0.813 0.036 0.079 0.028 0.145 0.835
FedCvg-Ratio(0.9) 0.813 0.036 0.079 0.028 0.145 0.835
FedCvg-Ratio(0.5)+LD 0.812 0.031 0.071 0.016 0.146 0.838
FedCvg-Ratio(0.9)+LD 0.812 0.031 0.071 0.016 0.146 0.838
FedCvg-Ratio(0.5)+PS(0.5) 0.818 0.042 0.086 0.023 0.141 0.810
FedCvg-Ratio(0.9)+PS(0.5) 0.817 0.036 0.088 0.025 0.142 0.810
FedCvg-Ratio(0.5)+PS(0.7) 0.820 0.041 0.093 0.028 0.139 0.801
FedCvg-Ratio(0.9)+PS(0.7) 0.820 0.042 0.094 0.028 0.139 0.800
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.814 0.025 0.077 0.020 0.144 0.819
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.801 0.031 0.059 0.022 0.154 0.832
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.815 0.024 0.083 0.024 0.141 0.803
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.804 0.036 0.066 0.026 0.152 0.827
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Table A.3: Adult dataset: Performance at α = 0.5 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.829 0.087 0.131 0.070 0.129 0.750
FedAvg+LD 0.813 0.069 0.094 0.051 0.140 0.760

FedAvg+PS(0.5) 0.824 0.067 0.119 0.058 0.137 0.765
FedAvg+PS(0.7) 0.824 0.067 0.119 0.058 0.137 0.766

FedAvg+LD+PS(0.5) 0.799 0.054 0.065 0.038 0.155 0.792
FedAvg+LD+PS(0.7) 0.807 0.048 0.080 0.038 0.148 0.778

FairFed(EOD) 0.805 0.077 0.079 0.052 0.149 0.788
FairFed(SPD) 0.818 0.087 0.106 0.063 0.136 0.763
FairFed(AccDiff) 0.817 0.085 0.103 0.061 0.138 0.769
FairFed(EOD)+LD 0.790 0.059 0.047 0.035 0.160 0.804
FairFed(SPD)+LD 0.810 0.057 0.087 0.044 0.143 0.763
FairFed(AccDiff)+LD 0.810 0.053 0.085 0.041 0.144 0.768
FairFed(EOD)+PS(0.5) 0.813 0.067 0.095 0.052 0.146 0.787
FairFed(SPD)+PS(0.5) 0.825 0.076 0.121 0.063 0.135 0.762
FairFed(AccDiff)+PS(0.5) 0.812 0.067 0.096 0.053 0.147 0.790
FairFed(EOD)+PS(0.7) 0.813 0.072 0.097 0.055 0.145 0.783
FairFed(SPD)+PS(0.7) 0.824 0.072 0.119 0.060 0.136 0.767
FairFed(AccDiff)+PS(0.7) 0.812 0.066 0.095 0.052 0.147 0.790
FairFed(EOD)+LD+PS(0.5) 0.816 0.046 0.087 0.032 0.142 0.764
FairFed(SPD)+LD+PS(0.5) 0.808 0.043 0.080 0.036 0.148 0.780
FairFed(AccDiff)+LD+PS(0.5) 0.807 0.044 0.079 0.036 0.148 0.775
FairFed(EOD)+LD+PS(0.7) 0.816 0.043 0.087 0.032 0.143 0.762
FairFed(SPD)+LD+PS(0.7) 0.797 0.045 0.061 0.033 0.158 0.803
FairFed(AccDiff)+LD+PS(0.7) 0.807 0.040 0.078 0.034 0.149 0.780

FedCvg(0.0001) 0.808 0.113 0.087 0.071 0.141 0.775
FedCvg(0.01) 0.790 0.059 0.052 0.038 0.162 0.831
FedCvg(0.0001)+LD 0.838 0.064 0.117 0.040 0.117 0.759
FedCvg(0.01)+LD 0.797 0.023 0.052 0.019 0.157 0.837
FedCvg(0.0001)+PS(0.5) 0.804 0.106 0.079 0.066 0.146 0.790
FedCvg(0.01)+PS(0.5) 0.791 0.062 0.053 0.040 0.161 0.829
FedCvg(0.0001)+PS(0.7) 0.815 0.104 0.100 0.070 0.139 0.785
FedCvg(0.01)+PS(0.7) 0.792 0.065 0.055 0.041 0.160 0.824
FedCvg(0.0001)+LD+PS(0.5) 0.823 0.056 0.087 0.029 0.128 0.776
FedCvg(0.01)+LD+PS(0.5) 0.799 0.037 0.058 0.027 0.155 0.824
FedCvg(0.0001)+LD+PS(0.7) 0.836 0.056 0.109 0.034 0.118 0.765
FedCvg(0.01)+LD+PS(0.7) 0.798 0.030 0.055 0.023 0.156 0.829

FedCvg-Ratio(0.5) 0.808 0.044 0.073 0.034 0.148 0.819
FedCvg-Ratio(0.9) 0.808 0.044 0.073 0.034 0.148 0.819
FedCvg-Ratio(0.5)+LD 0.833 0.027 0.102 0.019 0.127 0.791
FedCvg-Ratio(0.9)+LD 0.833 0.027 0.102 0.019 0.127 0.791
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Table A.3 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg-Ratio(0.5)+PS(0.5) 0.822 0.045 0.097 0.040 0.137 0.802
FedCvg-Ratio(0.9)+PS(0.5) 0.823 0.046 0.097 0.040 0.136 0.803
FedCvg-Ratio(0.5)+PS(0.7) 0.809 0.042 0.073 0.033 0.148 0.819
FedCvg-Ratio(0.9)+PS(0.7) 0.808 0.041 0.073 0.033 0.149 0.818
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.833 0.024 0.099 0.017 0.126 0.793
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.831 0.026 0.100 0.024 0.129 0.791
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.833 0.026 0.100 0.018 0.127 0.790
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.833 0.024 0.102 0.019 0.126 0.785

Table A.4: Adult dataset: Performance at α = 10.0 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.786 0.068 0.043 0.039 0.161 0.799
FedAvg+LD 0.795 0.038 0.045 0.019 0.156 0.799

FedAvg+PS(0.5) 0.786 0.070 0.042 0.040 0.161 0.805
FedAvg+PS(0.7) 0.785 0.070 0.041 0.039 0.162 0.807

FedAvg+LD+PS(0.5) 0.795 0.037 0.042 0.018 0.157 0.801
FedAvg+LD+PS(0.7) 0.794 0.038 0.041 0.019 0.157 0.801

FairFed(EOD) 0.786 0.070 0.043 0.040 0.161 0.805
FairFed(SPD) 0.787 0.073 0.044 0.042 0.160 0.805
FairFed(AccDiff) 0.801 0.075 0.073 0.049 0.149 0.781
FairFed(EOD)+LD 0.795 0.040 0.043 0.020 0.156 0.799
FairFed(SPD)+LD 0.795 0.041 0.043 0.020 0.156 0.800
FairFed(AccDiff)+LD 0.798 0.044 0.048 0.022 0.153 0.802
FairFed(EOD)+PS(0.5) 0.787 0.076 0.045 0.043 0.160 0.803
FairFed(SPD)+PS(0.5) 0.786 0.071 0.042 0.040 0.161 0.805
FairFed(AccDiff)+PS(0.5) 0.786 0.068 0.042 0.039 0.162 0.804
FairFed(EOD)+PS(0.7) 0.787 0.075 0.045 0.043 0.160 0.802
FairFed(SPD)+PS(0.7) 0.786 0.070 0.042 0.040 0.162 0.806
FairFed(AccDiff)+PS(0.7) 0.786 0.071 0.042 0.040 0.162 0.808
FairFed(EOD)+LD+PS(0.5) 0.795 0.042 0.043 0.021 0.156 0.799
FairFed(SPD)+LD+PS(0.5) 0.794 0.039 0.042 0.019 0.157 0.801
FairFed(AccDiff)+LD+PS(0.5) 0.794 0.040 0.042 0.019 0.157 0.802
FairFed(EOD)+LD+PS(0.7) 0.795 0.045 0.042 0.022 0.156 0.800
FairFed(SPD)+LD+PS(0.7) 0.794 0.038 0.041 0.019 0.157 0.801
FairFed(AccDiff)+LD+PS(0.7) 0.794 0.039 0.041 0.019 0.157 0.801

FedCvg(0.0001) 0.789 0.070 0.044 0.040 0.162 0.818
FedCvg(0.01) 0.784 0.057 0.035 0.032 0.169 0.836
FedCvg(0.0001)+LD 0.786 0.035 0.033 0.020 0.168 0.831
FedCvg(0.01)+LD 0.790 0.024 0.041 0.018 0.167 0.823
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Table A.4 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg(0.0001)+PS(0.5) 0.802 0.065 0.069 0.044 0.154 0.804
FedCvg(0.01)+PS(0.5) 0.784 0.057 0.035 0.032 0.169 0.834
FedCvg(0.0001)+PS(0.7) 0.787 0.063 0.041 0.036 0.165 0.818
FedCvg(0.01)+PS(0.7) 0.784 0.057 0.035 0.033 0.169 0.833
FedCvg(0.0001)+LD+PS(0.5) 0.786 0.033 0.032 0.019 0.169 0.834
FedCvg(0.01)+LD+PS(0.5) 0.791 0.023 0.042 0.018 0.166 0.823
FedCvg(0.0001)+LD+PS(0.7) 0.784 0.031 0.031 0.019 0.170 0.831
FedCvg(0.01)+LD+PS(0.7) 0.791 0.022 0.041 0.017 0.167 0.824

FedCvg-Ratio(0.5) 0.836 0.032 0.120 0.029 0.127 0.758
FedCvg-Ratio(0.9) 0.836 0.032 0.120 0.029 0.127 0.758
FedCvg-Ratio(0.5)+LD 0.814 0.021 0.078 0.019 0.143 0.774
FedCvg-Ratio(0.9)+LD 0.814 0.021 0.078 0.019 0.143 0.774
FedCvg-Ratio(0.5)+PS(0.5) 0.836 0.031 0.120 0.029 0.128 0.759
FedCvg-Ratio(0.9)+PS(0.5) 0.836 0.035 0.119 0.027 0.128 0.759
FedCvg-Ratio(0.5)+PS(0.7) 0.836 0.031 0.120 0.029 0.128 0.760
FedCvg-Ratio(0.9)+PS(0.7) 0.836 0.032 0.119 0.028 0.128 0.759
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.804 0.020 0.059 0.014 0.153 0.793
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.814 0.019 0.077 0.017 0.144 0.776
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.827 0.015 0.099 0.022 0.132 0.761
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.827 0.014 0.098 0.021 0.132 0.762

Table A.5: Adult dataset: Performance at α = 5000.0 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.785 0.068 0.040 0.038 0.163 0.794
FedAvg+LD 0.782 0.039 0.030 0.021 0.168 0.804

FedAvg+PS(0.5) 0.784 0.067 0.040 0.038 0.164 0.796
FedAvg+PS(0.7) 0.784 0.066 0.040 0.037 0.164 0.796

FedAvg+LD+PS(0.5) 0.782 0.037 0.029 0.021 0.168 0.804
FedAvg+LD+PS(0.7) 0.782 0.038 0.029 0.021 0.168 0.804

FairFed(EOD) 0.784 0.069 0.040 0.039 0.163 0.794
FairFed(SPD) 0.785 0.069 0.041 0.039 0.163 0.795
FairFed(AccDiff) 0.785 0.067 0.041 0.038 0.163 0.794
FairFed(EOD)+LD 0.781 0.039 0.029 0.022 0.168 0.803
FairFed(SPD)+LD 0.782 0.037 0.029 0.021 0.168 0.802
FairFed(AccDiff)+LD 0.782 0.038 0.030 0.021 0.168 0.804
FairFed(EOD)+PS(0.5) 0.785 0.068 0.040 0.038 0.163 0.795
FairFed(SPD)+PS(0.5) 0.784 0.068 0.040 0.038 0.164 0.796
FairFed(AccDiff)+PS(0.5) 0.785 0.068 0.040 0.038 0.163 0.797
FairFed(EOD)+PS(0.7) 0.784 0.067 0.040 0.038 0.164 0.794
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Table A.5 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(SPD)+PS(0.7) 0.784 0.067 0.040 0.038 0.164 0.796
FairFed(AccDiff)+PS(0.7) 0.784 0.067 0.040 0.038 0.164 0.797
FairFed(EOD)+LD+PS(0.5) 0.782 0.039 0.030 0.022 0.168 0.803
FairFed(SPD)+LD+PS(0.5) 0.782 0.037 0.029 0.021 0.168 0.803
FairFed(AccDiff)+LD+PS(0.5) 0.782 0.037 0.029 0.021 0.168 0.804
FairFed(EOD)+LD+PS(0.7) 0.782 0.038 0.030 0.021 0.168 0.803
FairFed(SPD)+LD+PS(0.7) 0.782 0.038 0.029 0.021 0.168 0.804
FairFed(AccDiff)+LD+PS(0.7) 0.782 0.038 0.029 0.021 0.168 0.804

FedCvg(0.0001) 0.782 0.069 0.042 0.039 0.165 0.794
FedCvg(0.01) 0.782 0.069 0.041 0.039 0.165 0.794
FedCvg(0.0001)+LD 0.779 0.043 0.031 0.024 0.170 0.800
FedCvg(0.01)+LD 0.779 0.043 0.031 0.024 0.170 0.802
FedCvg(0.0001)+PS(0.5) 0.782 0.069 0.041 0.039 0.165 0.794
FedCvg(0.01)+PS(0.5) 0.781 0.068 0.041 0.038 0.165 0.796
FedCvg(0.0001)+PS(0.7) 0.782 0.068 0.041 0.039 0.165 0.798
FedCvg(0.01)+PS(0.7) 0.782 0.068 0.041 0.039 0.165 0.797
FedCvg(0.0001)+LD+PS(0.5) 0.779 0.043 0.031 0.023 0.170 0.802
FedCvg(0.01)+LD+PS(0.5) 0.779 0.044 0.031 0.024 0.170 0.802
FedCvg(0.0001)+LD+PS(0.7) 0.779 0.043 0.031 0.023 0.170 0.802
FedCvg(0.01)+LD+PS(0.7) 0.779 0.044 0.031 0.024 0.170 0.804

FedCvg-Ratio(0.5) 0.821 0.042 0.104 0.040 0.135 0.759
FedCvg-Ratio(0.9) 0.821 0.042 0.104 0.040 0.135 0.759
FedCvg-Ratio(0.5)+LD 0.832 0.012 0.107 0.016 0.124 0.755
FedCvg-Ratio(0.9)+LD 0.832 0.012 0.107 0.016 0.124 0.755
FedCvg-Ratio(0.5)+PS(0.5) 0.821 0.042 0.102 0.039 0.135 0.762
FedCvg-Ratio(0.9)+PS(0.5) 0.821 0.040 0.103 0.038 0.135 0.761
FedCvg-Ratio(0.5)+PS(0.7) 0.834 0.040 0.124 0.040 0.123 0.751
FedCvg-Ratio(0.9)+PS(0.7) 0.821 0.041 0.102 0.038 0.135 0.763
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.842 0.016 0.124 0.019 0.115 0.745
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.832 0.013 0.105 0.014 0.125 0.758
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.832 0.017 0.105 0.014 0.125 0.757
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.832 0.016 0.105 0.014 0.125 0.758
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Appendix B

Dirichlet Partitioning Results:
COMPAS Dataset

Table B.1: Compas dataset: Performance at α = 0.1 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.535 0.059 0.053 0.043 -0.024 0.520
FedAvg+LD 0.535 0.059 0.053 0.043 -0.024 0.520

FedAvg+PS(0.5) 0.533 0.062 0.056 0.046 -0.023 0.518
FedAvg+PS(0.7) 0.533 0.056 0.053 0.042 -0.021 0.518

FedAvg+LD+PS(0.5) 0.534 0.060 0.056 0.045 -0.024 0.518
FedAvg+LD+PS(0.7) 0.533 0.063 0.056 0.046 -0.025 0.516

FairFed(EOD) 0.553 0.063 0.069 0.053 -0.025 0.548
FairFed(SPD) 0.533 0.057 0.051 0.041 -0.020 0.510
FairFed(AccDiff) 0.531 0.055 0.051 0.041 -0.023 0.507
FairFed(EOD)+LD 0.531 0.064 0.055 0.046 -0.022 0.511
FairFed(SPD)+LD 0.533 0.056 0.053 0.042 -0.023 0.509
FairFed(AccDiff)+LD 0.531 0.055 0.050 0.040 -0.022 0.507
FairFed(EOD)+PS(0.5) 0.551 0.058 0.066 0.049 -0.026 0.546
FairFed(SPD)+PS(0.5) 0.533 0.061 0.051 0.041 -0.028 0.511
FairFed(AccDiff)+PS(0.5) 0.531 0.059 0.049 0.040 -0.026 0.507
FairFed(EOD)+PS(0.7) 0.533 0.067 0.060 0.050 -0.023 0.517
FairFed(SPD)+PS(0.7) 0.535 0.058 0.045 0.037 -0.039 0.511
FairFed(AccDiff)+PS(0.7) 0.534 0.060 0.044 0.034 -0.028 0.504
FairFed(EOD)+LD+PS(0.5) 0.532 0.063 0.056 0.046 -0.023 0.515
FairFed(SPD)+LD+PS(0.5) 0.531 0.058 0.043 0.034 -0.032 0.508
FairFed(AccDiff)+LD+PS(0.5) 0.553 0.058 0.064 0.046 -0.022 0.536
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Table B.1 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD)+LD+PS(0.7) 0.535 0.061 0.057 0.047 -0.025 0.515
FairFed(SPD)+LD+PS(0.7) 0.535 0.065 0.047 0.039 -0.032 0.511
FairFed(AccDiff)+LD+PS(0.7) 0.533 0.061 0.048 0.038 -0.029 0.506

FedCvg(0.0001) 0.536 0.034 0.031 0.019 -0.040 0.542
FedCvg(0.01) 0.537 0.039 0.031 0.020 -0.034 0.540
FedCvg(0.0001)+LD 0.535 0.036 0.025 0.020 -0.034 0.542
FedCvg(0.01)+LD 0.537 0.039 0.031 0.020 -0.034 0.540
FedCvg(0.0001)+PS(0.5) 0.534 0.036 0.030 0.023 -0.042 0.537
FedCvg(0.01)+PS(0.5) 0.536 0.033 0.030 0.020 -0.039 0.540
FedCvg(0.0001)+PS(0.7) 0.535 0.039 0.030 0.024 -0.040 0.539
FedCvg(0.01)+PS(0.7) 0.535 0.036 0.023 0.021 -0.031 0.541
FedCvg(0.0001)+LD+PS(0.5) 0.534 0.035 0.029 0.024 -0.041 0.536
FedCvg(0.01)+LD+PS(0.5) 0.536 0.035 0.030 0.020 -0.036 0.541
FedCvg(0.0001)+LD+PS(0.7) 0.536 0.037 0.037 0.025 -0.045 0.538
FedCvg(0.01)+LD+PS(0.7) 0.536 0.036 0.031 0.019 -0.036 0.540

FedCvg-Ratio(0.5) 0.554 0.029 0.025 0.018 -0.059 0.612
FedCvg-Ratio(0.9) 0.554 0.029 0.025 0.018 -0.059 0.612
FedCvg-Ratio(0.5)+LD 0.554 0.028 0.025 0.018 -0.060 0.612
FedCvg-Ratio(0.9)+LD 0.554 0.028 0.025 0.018 -0.060 0.612
FedCvg-Ratio(0.5)+PS(0.5) 0.554 0.028 0.022 0.017 -0.057 0.609
FedCvg-Ratio(0.9)+PS(0.5) 0.554 0.027 0.022 0.016 -0.059 0.609
FedCvg-Ratio(0.5)+PS(0.7) 0.554 0.029 0.024 0.017 -0.057 0.610
FedCvg-Ratio(0.9)+PS(0.7) 0.554 0.028 0.023 0.017 -0.058 0.610
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.555 0.029 0.023 0.017 -0.058 0.613
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.543 0.027 0.017 0.017 -0.053 0.594
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.554 0.029 0.023 0.017 -0.057 0.609
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.554 0.027 0.022 0.017 -0.058 0.610

Table B.2: Compas dataset: Performance at α = 0.2 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.512 0.091 0.060 0.058 -0.016 0.500
FedAvg+LD 0.513 0.093 0.060 0.059 -0.015 0.501

FedAvg+PS(0.5) 0.508 0.086 0.056 0.055 -0.019 0.487
FedAvg+PS(0.7) 0.510 0.088 0.055 0.054 -0.019 0.490

FedAvg+LD+PS(0.5) 0.509 0.084 0.056 0.054 -0.019 0.486
FedAvg+LD+PS(0.7) 0.509 0.086 0.057 0.056 -0.020 0.484

FairFed(EOD) 0.507 0.082 0.054 0.052 -0.019 0.469
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Table B.2 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(SPD) 0.506 0.082 0.057 0.056 -0.021 0.472
FairFed(AccDiff) 0.505 0.081 0.055 0.054 -0.020 0.468
FairFed(EOD)+LD 0.506 0.081 0.053 0.052 -0.020 0.468
FairFed(SPD)+LD 0.506 0.083 0.056 0.055 -0.020 0.472
FairFed(AccDiff)+LD 0.505 0.081 0.055 0.055 -0.020 0.468
FairFed(EOD)+PS(0.5) 0.508 0.084 0.054 0.053 -0.023 0.476
FairFed(SPD)+PS(0.5) 0.509 0.083 0.055 0.055 -0.024 0.475
FairFed(AccDiff)+PS(0.5) 0.506 0.078 0.052 0.052 -0.025 0.469
FairFed(EOD)+PS(0.7) 0.508 0.077 0.055 0.054 -0.027 0.472
FairFed(SPD)+PS(0.7) 0.507 0.078 0.055 0.054 -0.028 0.464
FairFed(AccDiff)+PS(0.7) 0.508 0.081 0.052 0.051 -0.023 0.473
FairFed(EOD)+LD+PS(0.5) 0.509 0.077 0.057 0.055 -0.026 0.474
FairFed(SPD)+LD+PS(0.5) 0.507 0.079 0.054 0.053 -0.024 0.471
FairFed(AccDiff)+LD+PS(0.5) 0.508 0.080 0.053 0.052 -0.025 0.475
FairFed(EOD)+LD+PS(0.7) 0.527 0.079 0.071 0.063 -0.031 0.504
FairFed(SPD)+LD+PS(0.7) 0.507 0.080 0.053 0.052 -0.026 0.469
FairFed(AccDiff)+LD+PS(0.7) 0.507 0.080 0.052 0.051 -0.026 0.473

FedCvg(0.0001) 0.523 0.065 0.025 0.028 -0.036 0.517
FedCvg(0.01) 0.527 0.057 0.028 0.030 -0.034 0.522
FedCvg(0.0001)+LD 0.523 0.065 0.025 0.029 -0.036 0.516
FedCvg(0.01)+LD 0.526 0.058 0.027 0.029 -0.034 0.522
FedCvg(0.0001)+PS(0.5) 0.520 0.068 0.025 0.030 -0.037 0.512
FedCvg(0.01)+PS(0.5) 0.523 0.064 0.026 0.031 -0.037 0.518
FedCvg(0.0001)+PS(0.7) 0.520 0.070 0.026 0.032 -0.039 0.510
FedCvg(0.01)+PS(0.7) 0.523 0.066 0.024 0.030 -0.036 0.523
FedCvg(0.0001)+LD+PS(0.5) 0.521 0.070 0.024 0.031 -0.037 0.513
FedCvg(0.01)+LD+PS(0.5) 0.522 0.070 0.026 0.031 -0.037 0.517
FedCvg(0.0001)+LD+PS(0.7) 0.519 0.069 0.025 0.031 -0.039 0.508
FedCvg(0.01)+LD+PS(0.7) 0.523 0.067 0.028 0.033 -0.037 0.521

FedCvg-Ratio(0.5) 0.553 0.054 0.041 0.036 -0.067 0.599
FedCvg-Ratio(0.9) 0.553 0.054 0.041 0.036 -0.067 0.599
FedCvg-Ratio(0.5)+LD 0.522 0.055 0.027 0.027 -0.052 0.517
FedCvg-Ratio(0.9)+LD 0.522 0.055 0.027 0.027 -0.052 0.517
FedCvg-Ratio(0.5)+PS(0.5) 0.550 0.060 0.043 0.038 -0.064 0.583
FedCvg-Ratio(0.9)+PS(0.5) 0.550 0.055 0.040 0.035 -0.065 0.581
FedCvg-Ratio(0.5)+PS(0.7) 0.558 0.052 0.044 0.037 -0.075 0.616
FedCvg-Ratio(0.9)+PS(0.7) 0.559 0.054 0.048 0.040 -0.076 0.612
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.521 0.060 0.025 0.027 -0.047 0.504
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.539 0.059 0.035 0.032 -0.048 0.549
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.573 0.055 0.050 0.038 -0.070 0.628
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.577 0.052 0.051 0.040 -0.075 0.665
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Table B.3: Compas dataset: Performance at α = 0.5 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.524 0.036 0.041 0.032 -0.032 0.514
FedAvg+LD 0.524 0.037 0.041 0.032 -0.032 0.513

FedAvg+PS(0.5) 0.522 0.036 0.043 0.033 -0.033 0.506
FedAvg+PS(0.7) 0.521 0.042 0.042 0.033 -0.033 0.505

FedAvg+LD+PS(0.5) 0.522 0.037 0.040 0.031 -0.033 0.503
FedAvg+LD+PS(0.7) 0.522 0.037 0.039 0.030 -0.033 0.507

FairFed(EOD) 0.522 0.041 0.042 0.034 -0.033 0.506
FairFed(SPD) 0.520 0.043 0.045 0.036 -0.031 0.488
FairFed(AccDiff) 0.521 0.033 0.043 0.032 -0.032 0.505
FairFed(EOD)+LD 0.521 0.041 0.043 0.034 -0.033 0.504
FairFed(SPD)+LD 0.520 0.039 0.047 0.038 -0.030 0.491
FairFed(AccDiff)+LD 0.521 0.033 0.043 0.032 -0.032 0.505
FairFed(EOD)+PS(0.5) 0.523 0.044 0.044 0.035 -0.033 0.508
FairFed(SPD)+PS(0.5) 0.521 0.045 0.044 0.035 -0.033 0.500
FairFed(AccDiff)+PS(0.5) 0.521 0.044 0.049 0.039 -0.029 0.507
FairFed(EOD)+PS(0.7) 0.521 0.047 0.042 0.033 -0.033 0.502
FairFed(SPD)+PS(0.7) 0.522 0.048 0.043 0.034 -0.032 0.502
FairFed(AccDiff)+PS(0.7) 0.522 0.043 0.047 0.038 -0.031 0.508
FairFed(EOD)+LD+PS(0.5) 0.522 0.048 0.044 0.036 -0.033 0.503
FairFed(SPD)+LD+PS(0.5) 0.522 0.047 0.044 0.036 -0.031 0.500
FairFed(AccDiff)+LD+PS(0.5) 0.521 0.040 0.046 0.036 -0.031 0.503
FairFed(EOD)+LD+PS(0.7) 0.522 0.047 0.043 0.035 -0.032 0.505
FairFed(SPD)+LD+PS(0.7) 0.521 0.047 0.044 0.035 -0.031 0.506
FairFed(AccDiff)+LD+PS(0.7) 0.521 0.045 0.048 0.039 -0.032 0.503

FedCvg(0.0001) 0.521 0.042 0.036 0.027 -0.041 0.520
FedCvg(0.01) 0.521 0.045 0.047 0.038 -0.040 0.521
FedCvg(0.0001)+LD 0.521 0.041 0.036 0.027 -0.042 0.520
FedCvg(0.01)+LD 0.520 0.045 0.047 0.038 -0.039 0.519
FedCvg(0.0001)+PS(0.5) 0.520 0.034 0.031 0.022 -0.044 0.520
FedCvg(0.01)+PS(0.5) 0.523 0.038 0.042 0.032 -0.046 0.522
FedCvg(0.0001)+PS(0.7) 0.521 0.032 0.030 0.021 -0.047 0.520
FedCvg(0.01)+PS(0.7) 0.523 0.036 0.040 0.031 -0.049 0.525
FedCvg(0.0001)+LD+PS(0.5) 0.520 0.033 0.031 0.021 -0.045 0.516
FedCvg(0.01)+LD+PS(0.5) 0.524 0.038 0.041 0.031 -0.046 0.525
FedCvg(0.0001)+LD+PS(0.7) 0.521 0.033 0.030 0.021 -0.045 0.520
FedCvg(0.01)+LD+PS(0.7) 0.523 0.035 0.039 0.030 -0.048 0.525

FedCvg-Ratio(0.5) 0.522 0.032 0.027 0.019 -0.054 0.519
FedCvg-Ratio(0.9) 0.522 0.032 0.027 0.019 -0.054 0.519
FedCvg-Ratio(0.5)+LD 0.522 0.033 0.027 0.019 -0.054 0.520
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Table B.3 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg-Ratio(0.9)+LD 0.522 0.033 0.027 0.019 -0.054 0.520
FedCvg-Ratio(0.5)+PS(0.5) 0.521 0.031 0.028 0.019 -0.054 0.516
FedCvg-Ratio(0.9)+PS(0.5) 0.521 0.030 0.030 0.021 -0.050 0.516
FedCvg-Ratio(0.5)+PS(0.7) 0.521 0.030 0.028 0.019 -0.053 0.513
FedCvg-Ratio(0.9)+PS(0.7) 0.521 0.031 0.028 0.019 -0.053 0.515
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.520 0.030 0.028 0.019 -0.054 0.511
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.521 0.030 0.028 0.020 -0.053 0.511
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.520 0.030 0.029 0.020 -0.054 0.513
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.520 0.030 0.028 0.019 -0.054 0.510

Table B.4: Compas dataset: Performance at α = 10.0 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.513 0.042 0.043 0.036 -0.023 0.484
FedAvg+LD 0.513 0.042 0.043 0.036 -0.023 0.484

FedAvg+PS(0.5) 0.514 0.044 0.043 0.036 -0.022 0.485
FedAvg+PS(0.7) 0.534 0.042 0.055 0.042 -0.033 0.513

FedAvg+LD+PS(0.5) 0.514 0.045 0.043 0.036 -0.022 0.485
FedAvg+LD+PS(0.7) 0.513 0.043 0.041 0.034 -0.024 0.484

FairFed(EOD) 0.513 0.042 0.043 0.036 -0.023 0.484
FairFed(SPD) 0.533 0.038 0.051 0.038 -0.033 0.512
FairFed(AccDiff) 0.513 0.041 0.044 0.036 -0.022 0.483
FairFed(EOD)+LD 0.513 0.041 0.043 0.036 -0.022 0.484
FairFed(SPD)+LD 0.529 0.036 0.044 0.033 -0.029 0.505
FairFed(AccDiff)+LD 0.511 0.041 0.046 0.038 -0.023 0.482
FairFed(EOD)+PS(0.5) 0.531 0.043 0.049 0.038 -0.039 0.512
FairFed(SPD)+PS(0.5) 0.534 0.039 0.049 0.036 -0.037 0.512
FairFed(AccDiff)+PS(0.5) 0.533 0.043 0.053 0.041 -0.032 0.511
FairFed(EOD)+PS(0.7) 0.532 0.044 0.046 0.038 -0.037 0.511
FairFed(SPD)+PS(0.7) 0.535 0.041 0.050 0.041 -0.040 0.513
FairFed(AccDiff)+PS(0.7) 0.513 0.043 0.041 0.034 -0.024 0.483
FairFed(EOD)+LD+PS(0.5) 0.531 0.041 0.049 0.038 -0.034 0.510
FairFed(SPD)+LD+PS(0.5) 0.531 0.040 0.047 0.036 -0.036 0.510
FairFed(AccDiff)+LD+PS(0.5) 0.513 0.042 0.041 0.034 -0.025 0.483
FairFed(EOD)+LD+PS(0.7) 0.531 0.042 0.043 0.039 -0.039 0.509
FairFed(SPD)+LD+PS(0.7) 0.531 0.040 0.046 0.035 -0.038 0.512
FairFed(AccDiff)+LD+PS(0.7) 0.513 0.041 0.041 0.033 -0.025 0.483

FedCvg(0.0001) 0.539 0.089 0.062 0.054 -0.001 0.527
FedCvg(0.01) 0.536 0.087 0.065 0.057 -0.001 0.519
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Table B.4 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg(0.0001)+LD 0.579 0.085 0.069 0.059 -0.023 0.587
FedCvg(0.01)+LD 0.536 0.092 0.064 0.057 -0.002 0.514
FedCvg(0.0001)+PS(0.5) 0.539 0.091 0.066 0.057 -0.004 0.529
FedCvg(0.01)+PS(0.5) 0.536 0.090 0.063 0.055 -0.006 0.519
FedCvg(0.0001)+PS(0.7) 0.539 0.090 0.067 0.058 -0.005 0.529
FedCvg(0.01)+PS(0.7) 0.537 0.093 0.065 0.057 -0.005 0.519
FedCvg(0.0001)+LD+PS(0.5) 0.539 0.095 0.063 0.055 -0.004 0.526
FedCvg(0.01)+LD+PS(0.5) 0.536 0.092 0.063 0.055 -0.007 0.517
FedCvg(0.0001)+LD+PS(0.7) 0.538 0.093 0.063 0.056 -0.005 0.525
FedCvg(0.01)+LD+PS(0.7) 0.537 0.094 0.065 0.057 -0.008 0.517

FedCvg-Ratio(0.5) 0.540 0.084 0.060 0.052 -0.013 0.527
FedCvg-Ratio(0.9) 0.540 0.084 0.060 0.052 -0.013 0.527
FedCvg-Ratio(0.5)+LD 0.540 0.088 0.060 0.053 -0.010 0.525
FedCvg-Ratio(0.9)+LD 0.540 0.088 0.060 0.053 -0.010 0.525
FedCvg-Ratio(0.5)+PS(0.5) 0.540 0.082 0.058 0.050 -0.013 0.527
FedCvg-Ratio(0.9)+PS(0.5) 0.540 0.085 0.058 0.050 -0.014 0.528
FedCvg-Ratio(0.5)+PS(0.7) 0.540 0.080 0.057 0.050 -0.014 0.527
FedCvg-Ratio(0.9)+PS(0.7) 0.541 0.085 0.057 0.049 -0.014 0.530
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.540 0.085 0.059 0.051 -0.014 0.526
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.540 0.087 0.062 0.054 -0.006 0.526
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.563 0.086 0.063 0.058 -0.027 0.597
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.541 0.084 0.058 0.050 -0.014 0.528

Table B.5: Compas dataset: Performance at α = 5000.0 (best values across learning rates,
averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FedAvg 0.522 0.053 0.044 0.037 -0.046 0.497
FedAvg+LD 0.522 0.051 0.042 0.036 -0.044 0.497

FedAvg+PS(0.5) 0.524 0.056 0.044 0.038 -0.046 0.499
FedAvg+PS(0.7) 0.524 0.056 0.044 0.038 -0.046 0.499

FedAvg+LD+PS(0.5) 0.522 0.054 0.044 0.038 -0.044 0.498
FedAvg+LD+PS(0.7) 0.524 0.055 0.044 0.038 -0.045 0.498

FairFed(EOD) 0.522 0.055 0.042 0.037 -0.046 0.497
FairFed(SPD) 0.523 0.054 0.043 0.037 -0.046 0.498
FairFed(AccDiff) 0.521 0.055 0.045 0.039 -0.046 0.496
FairFed(EOD)+LD 0.523 0.053 0.042 0.036 -0.046 0.498
FairFed(SPD)+LD 0.523 0.054 0.043 0.037 -0.046 0.498
FairFed(AccDiff)+LD 0.521 0.054 0.045 0.039 -0.045 0.496
FairFed(EOD)+PS(0.5) 0.523 0.049 0.039 0.033 -0.045 0.497
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Table B.5 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(SPD)+PS(0.5) 0.524 0.054 0.043 0.037 -0.046 0.499
FairFed(AccDiff)+PS(0.5) 0.523 0.056 0.043 0.038 -0.045 0.498
FairFed(EOD)+PS(0.7) 0.548 0.052 0.053 0.040 -0.051 0.529
FairFed(SPD)+PS(0.7) 0.524 0.054 0.044 0.038 -0.047 0.499
FairFed(AccDiff)+PS(0.7) 0.523 0.053 0.042 0.037 -0.046 0.498
FairFed(EOD)+LD+PS(0.5) 0.524 0.051 0.040 0.034 -0.047 0.499
FairFed(SPD)+LD+PS(0.5) 0.523 0.051 0.041 0.035 -0.048 0.498
FairFed(AccDiff)+LD+PS(0.5) 0.523 0.056 0.044 0.039 -0.045 0.498
FairFed(EOD)+LD+PS(0.7) 0.523 0.052 0.040 0.034 -0.046 0.498
FairFed(SPD)+LD+PS(0.7) 0.523 0.051 0.041 0.035 -0.048 0.498
FairFed(AccDiff)+LD+PS(0.7) 0.523 0.055 0.043 0.038 -0.047 0.498

FedCvg(0.0001) 0.571 0.065 0.074 0.058 -0.051 0.554
FedCvg(0.01) 0.557 0.065 0.063 0.053 -0.042 0.532
FedCvg(0.0001)+LD 0.570 0.064 0.074 0.058 -0.051 0.551
FedCvg(0.01)+LD 0.556 0.064 0.062 0.052 -0.042 0.529
FedCvg(0.0001)+PS(0.5) 0.557 0.070 0.063 0.054 -0.042 0.534
FedCvg(0.01)+PS(0.5) 0.557 0.069 0.062 0.053 -0.042 0.534
FedCvg(0.0001)+PS(0.7) 0.559 0.068 0.062 0.053 -0.043 0.539
FedCvg(0.01)+PS(0.7) 0.558 0.068 0.062 0.053 -0.044 0.536
FedCvg(0.0001)+LD+PS(0.5) 0.558 0.061 0.059 0.049 -0.045 0.534
FedCvg(0.01)+LD+PS(0.5) 0.557 0.062 0.060 0.050 -0.042 0.530
FedCvg(0.0001)+LD+PS(0.7) 0.558 0.061 0.058 0.048 -0.044 0.532
FedCvg(0.01)+LD+PS(0.7) 0.558 0.062 0.059 0.049 -0.044 0.533

FedCvg-Ratio(0.5) 0.571 0.064 0.072 0.057 -0.052 0.556
FedCvg-Ratio(0.9) 0.571 0.064 0.072 0.057 -0.052 0.556
FedCvg-Ratio(0.5)+LD 0.570 0.066 0.074 0.059 -0.049 0.553
FedCvg-Ratio(0.9)+LD 0.570 0.066 0.074 0.059 -0.049 0.553
FedCvg-Ratio(0.5)+PS(0.5) 0.558 0.064 0.060 0.050 -0.044 0.537
FedCvg-Ratio(0.9)+PS(0.5) 0.558 0.063 0.060 0.050 -0.045 0.536
FedCvg-Ratio(0.5)+PS(0.7) 0.558 0.063 0.060 0.050 -0.045 0.537
FedCvg-Ratio(0.9)+PS(0.7) 0.558 0.065 0.061 0.051 -0.044 0.535
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.557 0.062 0.060 0.050 -0.044 0.532
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.558 0.061 0.060 0.050 -0.045 0.533
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.558 0.062 0.059 0.049 -0.044 0.531
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.558 0.063 0.060 0.050 -0.043 0.532
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Appendix C

Coverage-based Partitioning Results:
Adult Dataset

Table C.1: Adult dataset: Performance at coverage=1999, partition=diff size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.796 0.054 0.037 0.032 0.166 0.788
FairFed(SPD) 0.797 0.060 0.040 0.035 0.163 0.781
FairFed(AccDiff) 0.797 0.059 0.040 0.035 0.163 0.783
FairFed(EOD)+LD 0.793 0.034 0.030 0.021 0.170 0.790
FairFed(SPD)+LD 0.795 0.036 0.033 0.022 0.168 0.783
FairFed(AccDiff)+LD 0.805 0.037 0.049 0.020 0.157 0.785
FairFed(EOD)+PS(0.5) 0.795 0.054 0.037 0.032 0.166 0.790
FairFed(SPD)+PS(0.5) 0.795 0.055 0.038 0.032 0.165 0.782
FairFed(AccDiff)+PS(0.5) 0.796 0.057 0.039 0.034 0.164 0.784
FairFed(EOD)+PS(0.7) 0.795 0.054 0.038 0.032 0.166 0.782
FairFed(SPD)+PS(0.7) 0.794 0.053 0.037 0.031 0.166 0.778
FairFed(AccDiff)+PS(0.7) 0.796 0.057 0.040 0.034 0.164 0.778
FairFed(EOD)+LD+PS(0.5) 0.793 0.036 0.030 0.022 0.170 0.792
FairFed(SPD)+LD+PS(0.5) 0.804 0.032 0.047 0.017 0.158 0.786
FairFed(AccDiff)+LD+PS(0.5) 0.793 0.035 0.031 0.021 0.169 0.786
FairFed(EOD)+LD+PS(0.7) 0.794 0.034 0.031 0.021 0.170 0.788
FairFed(SPD)+LD+PS(0.7) 0.794 0.033 0.031 0.020 0.169 0.788
FairFed(AccDiff)+LD+PS(0.7) 0.794 0.035 0.031 0.021 0.169 0.787

FedAvg 0.797 0.059 0.040 0.035 0.163 0.782
FedAvg+LD 0.795 0.037 0.033 0.023 0.168 0.784

FedAvg+PS(0.5) 0.796 0.056 0.038 0.033 0.165 0.781
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Table C.1 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedAvg+PS(0.7) 0.796 0.056 0.038 0.033 0.164 0.783

FedAvg+LD+PS(0.5) 0.794 0.035 0.031 0.021 0.169 0.791
FedAvg+LD+PS(0.7) 0.794 0.033 0.031 0.021 0.169 0.790

FedCvg(0.0001) 0.797 0.062 0.037 0.035 0.170 0.773
FedCvg(0.001) 0.796 0.060 0.035 0.034 0.172 0.785
FedCvg(0.0001)+LD 0.823 0.033 0.069 0.020 0.143 0.739
FedCvg(0.001)+LD 0.822 0.040 0.069 0.023 0.143 0.745
FedCvg(0.0001)+PS(0.5) 0.796 0.060 0.036 0.034 0.171 0.777
FedCvg(0.001)+PS(0.5) 0.795 0.058 0.034 0.033 0.173 0.790
FedCvg(0.0001)+PS(0.7) 0.796 0.059 0.036 0.033 0.172 0.778
FedCvg(0.001)+PS(0.7) 0.795 0.058 0.034 0.032 0.173 0.789
FedCvg(0.0001)+LD+PS(0.5) 0.822 0.034 0.068 0.020 0.144 0.737
FedCvg(0.001)+LD+PS(0.5) 0.808 0.036 0.051 0.023 0.159 0.763
FedCvg(0.0001)+LD+PS(0.7) 0.809 0.032 0.053 0.022 0.158 0.756
FedCvg(0.001)+LD+PS(0.7) 0.822 0.035 0.066 0.020 0.145 0.744

FedCvg-Ratio(0.5) 0.818 0.034 0.075 0.029 0.154 0.752
FedCvg-Ratio(0.9) 0.818 0.034 0.075 0.029 0.154 0.752
FedCvg-Ratio(0.5)+LD 0.827 0.012 0.077 0.011 0.147 0.782
FedCvg-Ratio(0.9)+LD 0.827 0.012 0.077 0.011 0.147 0.782
FedCvg-Ratio(0.5)+PS(0.5) 0.829 0.028 0.098 0.032 0.145 0.763
FedCvg-Ratio(0.9)+PS(0.5) 0.829 0.032 0.098 0.034 0.144 0.764
FedCvg-Ratio(0.5)+PS(0.7) 0.828 0.029 0.097 0.032 0.145 0.755
FedCvg-Ratio(0.9)+PS(0.7) 0.828 0.029 0.098 0.033 0.145 0.754
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.815 0.009 0.060 0.010 0.160 0.787
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.815 0.011 0.058 0.010 0.160 0.786
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.816 0.009 0.060 0.012 0.158 0.784
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.828 0.008 0.080 0.013 0.146 0.782

Table C.2: Adult dataset: Performance at coverage=1999, partition=same size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.798 0.049 0.032 0.028 0.176 0.773
FairFed(SPD) 0.798 0.049 0.032 0.029 0.176 0.783
FairFed(AccDiff) 0.799 0.051 0.033 0.030 0.175 0.777
FairFed(EOD)+LD 0.820 0.035 0.053 0.015 0.156 0.775
FairFed(SPD)+LD 0.820 0.029 0.056 0.011 0.157 0.773
FairFed(AccDiff)+LD 0.809 0.038 0.041 0.019 0.167 0.782
FairFed(EOD)+PS(0.5) 0.797 0.046 0.031 0.027 0.177 0.783
FairFed(SPD)+PS(0.5) 0.797 0.048 0.032 0.028 0.177 0.775
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Table C.2 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(AccDiff)+PS(0.5) 0.798 0.050 0.032 0.029 0.176 0.777
FairFed(EOD)+PS(0.7) 0.797 0.046 0.031 0.027 0.177 0.780
FairFed(SPD)+PS(0.7) 0.797 0.046 0.031 0.027 0.177 0.776
FairFed(AccDiff)+PS(0.7) 0.798 0.049 0.032 0.028 0.176 0.776
FairFed(EOD)+LD+PS(0.5) 0.808 0.033 0.040 0.016 0.168 0.784
FairFed(SPD)+LD+PS(0.5) 0.807 0.032 0.041 0.016 0.168 0.783
FairFed(AccDiff)+LD+PS(0.5) 0.808 0.038 0.041 0.019 0.168 0.784
FairFed(EOD)+LD+PS(0.7) 0.807 0.034 0.039 0.017 0.168 0.785
FairFed(SPD)+LD+PS(0.7) 0.807 0.032 0.040 0.015 0.168 0.781
FairFed(AccDiff)+LD+PS(0.7) 0.808 0.037 0.041 0.018 0.168 0.781

FedAvg 0.798 0.050 0.032 0.029 0.176 0.782
FedAvg+LD 0.808 0.036 0.041 0.018 0.169 0.778

FedAvg+PS(0.5) 0.798 0.049 0.032 0.028 0.176 0.777
FedAvg+PS(0.7) 0.798 0.048 0.032 0.028 0.176 0.777

FedAvg+LD+PS(0.5) 0.808 0.031 0.041 0.015 0.168 0.778
FedAvg+LD+PS(0.7) 0.808 0.033 0.041 0.016 0.168 0.784

FedCvg(0.0001) 0.795 0.045 0.029 0.024 0.176 0.802
FedCvg(0.001) 0.794 0.043 0.027 0.024 0.179 0.809
FedCvg(0.0001)+LD 0.799 0.029 0.035 0.018 0.174 0.808
FedCvg(0.001)+LD 0.792 0.032 0.022 0.017 0.181 0.801
FedCvg(0.0001)+PS(0.5) 0.795 0.042 0.029 0.023 0.176 0.798
FedCvg(0.001)+PS(0.5) 0.794 0.039 0.027 0.022 0.178 0.797
FedCvg(0.0001)+PS(0.7) 0.794 0.041 0.028 0.023 0.177 0.795
FedCvg(0.001)+PS(0.7) 0.793 0.038 0.027 0.021 0.178 0.795
FedCvg(0.0001)+LD+PS(0.5) 0.793 0.027 0.023 0.015 0.179 0.796
FedCvg(0.001)+LD+PS(0.5) 0.792 0.028 0.022 0.015 0.181 0.797
FedCvg(0.0001)+LD+PS(0.7) 0.793 0.027 0.023 0.014 0.180 0.794
FedCvg(0.001)+LD+PS(0.7) 0.800 0.027 0.036 0.017 0.173 0.787

FedCvg-Ratio(0.5) 0.817 0.031 0.074 0.020 0.161 0.786
FedCvg-Ratio(0.9) 0.817 0.031 0.074 0.020 0.161 0.786
FedCvg-Ratio(0.5)+LD 0.826 0.012 0.074 0.015 0.149 0.778
FedCvg-Ratio(0.9)+LD 0.826 0.012 0.074 0.015 0.149 0.778
FedCvg-Ratio(0.5)+PS(0.5) 0.819 0.038 0.077 0.024 0.158 0.785
FedCvg-Ratio(0.9)+PS(0.5) 0.819 0.038 0.077 0.024 0.158 0.786
FedCvg-Ratio(0.5)+PS(0.7) 0.819 0.039 0.077 0.024 0.158 0.785
FedCvg-Ratio(0.9)+PS(0.7) 0.819 0.038 0.077 0.024 0.158 0.785
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.838 0.014 0.094 0.020 0.136 0.750
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.827 0.013 0.075 0.016 0.148 0.776
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.838 0.013 0.094 0.020 0.137 0.749
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.838 0.013 0.094 0.020 0.136 0.748
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Table C.3: Adult dataset: Performance at coverage=2570, partition=diff size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.797 0.063 0.039 0.036 0.167 0.787
FairFed(SPD) 0.799 0.070 0.043 0.040 0.164 0.781
FairFed(AccDiff) 0.798 0.068 0.040 0.038 0.165 0.789
FairFed(EOD)+LD 0.795 0.041 0.031 0.024 0.171 0.792
FairFed(SPD)+LD 0.797 0.048 0.036 0.028 0.168 0.782
FairFed(AccDiff)+LD 0.796 0.044 0.033 0.026 0.170 0.794
FairFed(EOD)+PS(0.5) 0.796 0.069 0.039 0.039 0.166 0.787
FairFed(SPD)+PS(0.5) 0.797 0.069 0.040 0.039 0.165 0.785
FairFed(AccDiff)+PS(0.5) 0.797 0.068 0.039 0.039 0.166 0.786
FairFed(EOD)+PS(0.7) 0.796 0.067 0.039 0.038 0.167 0.789
FairFed(SPD)+PS(0.7) 0.797 0.074 0.042 0.042 0.165 0.781
FairFed(AccDiff)+PS(0.7) 0.797 0.069 0.040 0.039 0.166 0.783
FairFed(EOD)+LD+PS(0.5) 0.793 0.040 0.030 0.023 0.172 0.790
FairFed(SPD)+LD+PS(0.5) 0.795 0.047 0.033 0.027 0.170 0.787
FairFed(AccDiff)+LD+PS(0.5) 0.794 0.048 0.032 0.028 0.170 0.788
FairFed(EOD)+LD+PS(0.7) 0.793 0.038 0.029 0.022 0.173 0.794
FairFed(SPD)+LD+PS(0.7) 0.795 0.044 0.034 0.026 0.170 0.777
FairFed(AccDiff)+LD+PS(0.7) 0.793 0.042 0.030 0.024 0.172 0.794

FedAvg 0.798 0.071 0.042 0.040 0.164 0.782
FedAvg+LD 0.796 0.049 0.035 0.028 0.168 0.787

FedAvg+PS(0.5) 0.797 0.070 0.040 0.039 0.166 0.785
FedAvg+PS(0.7) 0.797 0.067 0.039 0.038 0.166 0.784

FedAvg+LD+PS(0.5) 0.794 0.048 0.033 0.028 0.170 0.783
FedAvg+LD+PS(0.7) 0.794 0.046 0.032 0.027 0.171 0.784

FedCvg(0.0001) 0.801 0.056 0.039 0.032 0.163 0.796
FedCvg(0.001) 0.798 0.049 0.033 0.028 0.167 0.808
FedCvg(0.0001)+LD 0.811 0.039 0.045 0.018 0.154 0.787
FedCvg(0.001)+LD 0.808 0.028 0.041 0.013 0.157 0.794
FedCvg(0.0001)+PS(0.5) 0.800 0.055 0.037 0.030 0.165 0.800
FedCvg(0.001)+PS(0.5) 0.798 0.047 0.033 0.028 0.167 0.812
FedCvg(0.0001)+PS(0.7) 0.799 0.054 0.037 0.030 0.165 0.799
FedCvg(0.001)+PS(0.7) 0.797 0.048 0.033 0.028 0.167 0.813
FedCvg(0.0001)+LD+PS(0.5) 0.809 0.038 0.044 0.018 0.156 0.787
FedCvg(0.001)+LD+PS(0.5) 0.815 0.024 0.054 0.015 0.152 0.783
FedCvg(0.0001)+LD+PS(0.7) 0.809 0.035 0.043 0.016 0.156 0.787
FedCvg(0.001)+LD+PS(0.7) 0.815 0.025 0.053 0.014 0.152 0.783

FedCvg-Ratio(0.5) 0.821 0.030 0.076 0.029 0.149 0.780
FedCvg-Ratio(0.9) 0.821 0.030 0.076 0.029 0.149 0.780
FedCvg-Ratio(0.5)+LD 0.825 0.010 0.075 0.013 0.141 0.775
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Table C.3 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg-Ratio(0.9)+LD 0.825 0.010 0.075 0.013 0.141 0.775
FedCvg-Ratio(0.5)+PS(0.5) 0.822 0.028 0.075 0.028 0.148 0.779
FedCvg-Ratio(0.9)+PS(0.5) 0.822 0.033 0.077 0.030 0.148 0.780
FedCvg-Ratio(0.5)+PS(0.7) 0.821 0.028 0.076 0.028 0.148 0.779
FedCvg-Ratio(0.9)+PS(0.7) 0.822 0.031 0.077 0.029 0.147 0.779
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.824 0.010 0.072 0.013 0.142 0.775
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.824 0.011 0.073 0.012 0.142 0.774
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.824 0.014 0.073 0.011 0.142 0.776
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.810 0.014 0.052 0.014 0.155 0.795

Table C.4: Adult dataset: Performance at coverage=2570, partition=same size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.794 0.052 0.031 0.030 0.176 0.776
FairFed(SPD) 0.794 0.053 0.032 0.031 0.176 0.775
FairFed(AccDiff) 0.794 0.051 0.031 0.029 0.176 0.778
FairFed(EOD)+LD 0.800 0.033 0.039 0.022 0.173 0.790
FairFed(SPD)+LD 0.801 0.034 0.040 0.023 0.172 0.789
FairFed(AccDiff)+LD 0.792 0.036 0.025 0.021 0.179 0.792
FairFed(EOD)+PS(0.5) 0.793 0.053 0.030 0.030 0.177 0.776
FairFed(SPD)+PS(0.5) 0.794 0.052 0.030 0.030 0.176 0.782
FairFed(AccDiff)+PS(0.5) 0.794 0.049 0.030 0.028 0.177 0.784
FairFed(EOD)+PS(0.7) 0.793 0.052 0.029 0.030 0.177 0.778
FairFed(SPD)+PS(0.7) 0.793 0.054 0.030 0.031 0.176 0.782
FairFed(AccDiff)+PS(0.7) 0.793 0.053 0.029 0.030 0.177 0.781
FairFed(EOD)+LD+PS(0.5) 0.800 0.033 0.038 0.021 0.173 0.794
FairFed(SPD)+LD+PS(0.5) 0.800 0.032 0.039 0.022 0.173 0.790
FairFed(AccDiff)+LD+PS(0.5) 0.800 0.038 0.039 0.025 0.172 0.795
FairFed(EOD)+LD+PS(0.7) 0.800 0.034 0.037 0.022 0.173 0.792
FairFed(SPD)+LD+PS(0.7) 0.800 0.033 0.038 0.022 0.173 0.796
FairFed(AccDiff)+LD+PS(0.7) 0.800 0.035 0.038 0.023 0.173 0.798

FedAvg 0.794 0.050 0.031 0.029 0.175 0.774
FedAvg+LD 0.793 0.035 0.026 0.020 0.178 0.789

FedAvg+PS(0.5) 0.793 0.053 0.030 0.030 0.176 0.780
FedAvg+PS(0.7) 0.793 0.053 0.029 0.030 0.177 0.780

FedAvg+LD+PS(0.5) 0.800 0.035 0.039 0.023 0.173 0.790
FedAvg+LD+PS(0.7) 0.800 0.034 0.038 0.023 0.173 0.791

FedCvg(0.0001) 0.793 0.039 0.027 0.022 0.175 0.805
FedCvg(0.001) 0.790 0.034 0.023 0.020 0.179 0.812
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Table C.4 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg(0.0001)+LD 0.791 0.031 0.022 0.016 0.179 0.808
FedCvg(0.001)+LD 0.789 0.021 0.018 0.012 0.182 0.828
FedCvg(0.0001)+PS(0.5) 0.792 0.038 0.026 0.021 0.176 0.807
FedCvg(0.001)+PS(0.5) 0.790 0.034 0.023 0.019 0.179 0.810
FedCvg(0.0001)+PS(0.7) 0.792 0.038 0.026 0.021 0.177 0.811
FedCvg(0.001)+PS(0.7) 0.790 0.033 0.023 0.019 0.180 0.815
FedCvg(0.0001)+LD+PS(0.5) 0.791 0.028 0.020 0.015 0.180 0.813
FedCvg(0.001)+LD+PS(0.5) 0.789 0.021 0.018 0.012 0.181 0.830
FedCvg(0.0001)+LD+PS(0.7) 0.798 0.025 0.034 0.016 0.174 0.813
FedCvg(0.001)+LD+PS(0.7) 0.789 0.020 0.017 0.011 0.182 0.832

FedCvg-Ratio(0.5) 0.803 0.031 0.045 0.023 0.169 0.808
FedCvg-Ratio(0.9) 0.803 0.031 0.045 0.023 0.169 0.808
FedCvg-Ratio(0.5)+LD 0.816 0.013 0.060 0.014 0.158 0.799
FedCvg-Ratio(0.9)+LD 0.816 0.013 0.060 0.014 0.158 0.799
FedCvg-Ratio(0.5)+PS(0.5) 0.803 0.031 0.047 0.023 0.168 0.798
FedCvg-Ratio(0.9)+PS(0.5) 0.792 0.031 0.024 0.018 0.177 0.805
FedCvg-Ratio(0.5)+PS(0.7) 0.792 0.032 0.025 0.018 0.177 0.810
FedCvg-Ratio(0.9)+PS(0.7) 0.792 0.031 0.024 0.018 0.177 0.811
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.824 0.014 0.073 0.016 0.151 0.795
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.824 0.014 0.073 0.017 0.150 0.790
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.831 0.014 0.086 0.019 0.144 0.790
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.824 0.013 0.073 0.015 0.152 0.796

Table C.5: Adult dataset: Performance at coverage=4497, partition=diff size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.812 0.098 0.096 0.065 0.140 0.765
FairFed(SPD) 0.802 0.100 0.076 0.062 0.148 0.780
FairFed(AccDiff) 0.812 0.101 0.097 0.067 0.140 0.766
FairFed(EOD)+LD 0.819 0.054 0.083 0.032 0.131 0.762
FairFed(SPD)+LD 0.819 0.048 0.097 0.037 0.132 0.759
FairFed(AccDiff)+LD 0.819 0.049 0.100 0.039 0.132 0.755
FairFed(EOD)+PS(0.5) 0.800 0.088 0.071 0.055 0.152 0.785
FairFed(SPD)+PS(0.5) 0.799 0.084 0.070 0.053 0.153 0.779
FairFed(AccDiff)+PS(0.5) 0.810 0.092 0.092 0.062 0.143 0.770
FairFed(EOD)+PS(0.7) 0.810 0.088 0.092 0.060 0.144 0.775
FairFed(SPD)+PS(0.7) 0.810 0.088 0.092 0.060 0.144 0.773
FairFed(AccDiff)+PS(0.7) 0.800 0.087 0.071 0.054 0.152 0.788
FairFed(EOD)+LD+PS(0.5) 0.818 0.055 0.081 0.030 0.132 0.763
FairFed(SPD)+LD+PS(0.5) 0.811 0.063 0.076 0.036 0.139 0.774
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Table C.5 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(AccDiff)+LD+PS(0.5) 0.819 0.051 0.083 0.030 0.132 0.763
FairFed(EOD)+LD+PS(0.7) 0.817 0.059 0.091 0.039 0.135 0.766
FairFed(SPD)+LD+PS(0.7) 0.804 0.056 0.074 0.040 0.149 0.781
FairFed(AccDiff)+LD+PS(0.7) 0.818 0.057 0.091 0.037 0.135 0.767

FedAvg 0.812 0.097 0.096 0.065 0.141 0.765
FedAvg+LD 0.820 0.051 0.086 0.030 0.130 0.756

FedAvg+PS(0.5) 0.810 0.089 0.092 0.061 0.143 0.768
FedAvg+PS(0.7) 0.810 0.086 0.091 0.059 0.144 0.773

FedAvg+LD+PS(0.5) 0.819 0.051 0.082 0.031 0.132 0.761
FedAvg+LD+PS(0.7) 0.818 0.054 0.080 0.031 0.132 0.763

FedCvg(0.0001) 0.809 0.073 0.094 0.054 0.147 0.770
FedCvg(0.001) 0.807 0.063 0.090 0.049 0.150 0.776
FedCvg(0.0001)+LD 0.804 0.037 0.074 0.031 0.151 0.778
FedCvg(0.001)+LD 0.802 0.025 0.069 0.024 0.154 0.786
FedCvg(0.0001)+PS(0.5) 0.808 0.069 0.092 0.052 0.148 0.771
FedCvg(0.001)+PS(0.5) 0.807 0.064 0.089 0.049 0.150 0.777
FedCvg(0.0001)+PS(0.7) 0.807 0.066 0.090 0.050 0.149 0.774
FedCvg(0.001)+PS(0.7) 0.806 0.063 0.089 0.049 0.150 0.774
FedCvg(0.0001)+LD+PS(0.5) 0.802 0.037 0.072 0.030 0.153 0.780
FedCvg(0.001)+LD+PS(0.5) 0.801 0.030 0.069 0.026 0.154 0.791
FedCvg(0.0001)+LD+PS(0.7) 0.802 0.031 0.070 0.027 0.154 0.779
FedCvg(0.001)+LD+PS(0.7) 0.801 0.029 0.069 0.026 0.154 0.789

FedCvg-Ratio(0.5) 0.846 0.029 0.143 0.034 0.118 0.737
FedCvg-Ratio(0.9) 0.846 0.029 0.143 0.034 0.118 0.737
FedCvg-Ratio(0.5)+LD 0.802 0.012 0.062 0.013 0.153 0.784
FedCvg-Ratio(0.9)+LD 0.802 0.012 0.062 0.013 0.153 0.784
FedCvg-Ratio(0.5)+PS(0.5) 0.846 0.025 0.142 0.033 0.119 0.738
FedCvg-Ratio(0.9)+PS(0.5) 0.846 0.028 0.143 0.033 0.118 0.739
FedCvg-Ratio(0.5)+PS(0.7) 0.846 0.026 0.142 0.032 0.118 0.738
FedCvg-Ratio(0.9)+PS(0.7) 0.846 0.025 0.142 0.032 0.118 0.737
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.802 0.012 0.062 0.014 0.153 0.783
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.802 0.014 0.062 0.015 0.152 0.785
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.801 0.012 0.062 0.014 0.153 0.781
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.801 0.012 0.062 0.013 0.153 0.781
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Table C.6: Adult dataset: Performance at coverage=4497, partition=same size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.780 0.058 0.032 0.032 0.178 0.822
FairFed(SPD) 0.782 0.064 0.037 0.036 0.175 0.812
FairFed(AccDiff) 0.783 0.066 0.038 0.037 0.173 0.813
FairFed(EOD)+LD 0.777 0.037 0.025 0.021 0.182 0.829
FairFed(SPD)+LD 0.792 0.042 0.045 0.018 0.168 0.813
FairFed(AccDiff)+LD 0.780 0.042 0.030 0.024 0.178 0.820
FairFed(EOD)+PS(0.5) 0.780 0.057 0.031 0.032 0.178 0.824
FairFed(SPD)+PS(0.5) 0.782 0.062 0.036 0.035 0.175 0.813
FairFed(AccDiff)+PS(0.5) 0.782 0.062 0.036 0.035 0.175 0.814
FairFed(EOD)+PS(0.7) 0.779 0.055 0.030 0.031 0.179 0.831
FairFed(SPD)+PS(0.7) 0.781 0.061 0.034 0.034 0.176 0.821
FairFed(AccDiff)+PS(0.7) 0.781 0.062 0.035 0.034 0.176 0.816
FairFed(EOD)+LD+PS(0.5) 0.777 0.036 0.024 0.020 0.182 0.835
FairFed(SPD)+LD+PS(0.5) 0.779 0.039 0.028 0.022 0.179 0.821
FairFed(AccDiff)+LD+PS(0.5) 0.779 0.040 0.028 0.023 0.179 0.823
FairFed(EOD)+LD+PS(0.7) 0.776 0.034 0.023 0.019 0.183 0.836
FairFed(SPD)+LD+PS(0.7) 0.778 0.039 0.027 0.022 0.180 0.825
FairFed(AccDiff)+LD+PS(0.7) 0.779 0.037 0.026 0.021 0.180 0.826

FedAvg 0.786 0.071 0.043 0.040 0.170 0.803
FedAvg+LD 0.796 0.047 0.051 0.021 0.164 0.799

FedAvg+PS(0.5) 0.782 0.062 0.037 0.035 0.175 0.811
FedAvg+PS(0.7) 0.781 0.063 0.035 0.035 0.176 0.815

FedAvg+LD+PS(0.5) 0.780 0.042 0.030 0.024 0.178 0.822
FedAvg+LD+PS(0.7) 0.779 0.040 0.027 0.022 0.180 0.826

FedCvg(0.0001) 0.800 0.055 0.062 0.038 0.156 0.797
FedCvg(0.001) 0.794 0.038 0.051 0.028 0.163 0.801
FedCvg(0.0001)+LD 0.785 0.035 0.031 0.020 0.169 0.819
FedCvg(0.001)+LD 0.786 0.021 0.032 0.014 0.170 0.824
FedCvg(0.0001)+PS(0.5) 0.798 0.051 0.059 0.036 0.158 0.799
FedCvg(0.001)+PS(0.5) 0.794 0.041 0.052 0.029 0.162 0.801
FedCvg(0.0001)+PS(0.7) 0.797 0.050 0.057 0.035 0.159 0.800
FedCvg(0.001)+PS(0.7) 0.794 0.037 0.051 0.027 0.163 0.799
FedCvg(0.0001)+LD+PS(0.5) 0.782 0.030 0.026 0.018 0.172 0.830
FedCvg(0.001)+LD+PS(0.5) 0.787 0.023 0.033 0.016 0.169 0.825
FedCvg(0.0001)+LD+PS(0.7) 0.781 0.031 0.025 0.018 0.173 0.832
FedCvg(0.001)+LD+PS(0.7) 0.787 0.024 0.033 0.016 0.170 0.826

FedCvg-Ratio(0.5) 0.820 0.026 0.095 0.031 0.140 0.783
FedCvg-Ratio(0.9) 0.820 0.026 0.095 0.031 0.140 0.783
FedCvg-Ratio(0.5)+LD 0.816 0.018 0.072 0.008 0.145 0.787
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Table C.6 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg-Ratio(0.9)+LD 0.816 0.018 0.072 0.008 0.145 0.787
FedCvg-Ratio(0.5)+PS(0.5) 0.821 0.029 0.097 0.033 0.140 0.779
FedCvg-Ratio(0.9)+PS(0.5) 0.821 0.029 0.097 0.033 0.140 0.780
FedCvg-Ratio(0.5)+PS(0.7) 0.821 0.029 0.098 0.033 0.140 0.778
FedCvg-Ratio(0.9)+PS(0.7) 0.821 0.026 0.098 0.032 0.140 0.779
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.815 0.018 0.073 0.010 0.145 0.785
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.825 0.017 0.090 0.014 0.137 0.773
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.825 0.016 0.091 0.014 0.137 0.771
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.825 0.017 0.090 0.013 0.137 0.771
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Appendix D

Coverage-based Partitioning Results:
COMPAS Dataset

Table D.1: Compas dataset: Performance at coverage=474, partition=diff size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.543 0.045 0.048 0.038 -0.059 0.544
FairFed(SPD) 0.541 0.049 0.045 0.036 -0.055 0.544
FairFed(AccDiff) 0.542 0.049 0.045 0.036 -0.052 0.550
FairFed(EOD)+LD 0.538 0.046 0.042 0.033 -0.051 0.533
FairFed(SPD)+LD 0.539 0.051 0.044 0.037 -0.053 0.541
FairFed(AccDiff)+LD 0.544 0.051 0.049 0.040 -0.054 0.549
FairFed(EOD)+PS(0.5) 0.539 0.052 0.047 0.039 -0.055 0.539
FairFed(SPD)+PS(0.5) 0.539 0.054 0.043 0.035 -0.047 0.537
FairFed(AccDiff)+PS(0.5) 0.543 0.050 0.048 0.040 -0.053 0.538
FairFed(EOD)+PS(0.7) 0.542 0.049 0.046 0.037 -0.054 0.535
FairFed(SPD)+PS(0.7) 0.542 0.047 0.045 0.036 -0.052 0.532
FairFed(AccDiff)+PS(0.7) 0.544 0.057 0.048 0.040 -0.049 0.542
FairFed(EOD)+LD+PS(0.5) 0.537 0.045 0.038 0.030 -0.050 0.529
FairFed(SPD)+LD+PS(0.5) 0.542 0.047 0.046 0.037 -0.052 0.532
FairFed(AccDiff)+LD+PS(0.5) 0.544 0.051 0.050 0.041 -0.055 0.544
FairFed(EOD)+LD+PS(0.7) 0.543 0.046 0.047 0.038 -0.057 0.536
FairFed(SPD)+LD+PS(0.7) 0.537 0.055 0.044 0.037 -0.048 0.530
FairFed(AccDiff)+LD+PS(0.7) 0.539 0.048 0.043 0.035 -0.053 0.533

FedAvg 0.541 0.048 0.045 0.036 -0.052 0.533
FedAvg+LD 0.541 0.048 0.046 0.037 -0.051 0.531

FedAvg+PS(0.5) 0.541 0.048 0.045 0.036 -0.052 0.532
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Table D.1 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedAvg+PS(0.7) 0.542 0.048 0.047 0.038 -0.053 0.533

FedAvg+LD+PS(0.5) 0.541 0.047 0.046 0.037 -0.052 0.531
FedAvg+LD+PS(0.7) 0.541 0.048 0.046 0.037 -0.052 0.531

FedCvg(0.0001) 0.510 0.075 0.038 0.038 -0.034 0.498
FedCvg(0.001) 0.512 0.074 0.042 0.040 -0.038 0.501
FedCvg(0.0001)+LD 0.510 0.076 0.038 0.038 -0.034 0.496
FedCvg(0.001)+LD 0.512 0.075 0.042 0.040 -0.037 0.501
FedCvg(0.0001)+PS(0.5) 0.510 0.073 0.037 0.036 -0.033 0.497
FedCvg(0.001)+PS(0.5) 0.511 0.072 0.037 0.036 -0.037 0.499
FedCvg(0.0001)+PS(0.7) 0.510 0.076 0.038 0.038 -0.034 0.498
FedCvg(0.001)+PS(0.7) 0.512 0.072 0.039 0.038 -0.037 0.500
FedCvg(0.0001)+LD+PS(0.5) 0.511 0.076 0.038 0.037 -0.033 0.499
FedCvg(0.001)+LD+PS(0.5) 0.510 0.075 0.037 0.036 -0.034 0.497
FedCvg(0.0001)+LD+PS(0.7) 0.511 0.077 0.039 0.038 -0.033 0.499
FedCvg(0.001)+LD+PS(0.7) 0.511 0.075 0.039 0.038 -0.036 0.500

FedCvg-Ratio(0.5) 0.532 0.070 0.044 0.044 -0.035 0.526
FedCvg-Ratio(0.9) 0.532 0.070 0.044 0.044 -0.035 0.526
FedCvg-Ratio(0.5)+LD 0.509 0.071 0.036 0.043 -0.034 0.491
FedCvg-Ratio(0.9)+LD 0.509 0.071 0.036 0.043 -0.034 0.491
FedCvg-Ratio(0.5)+PS(0.5) 0.508 0.069 0.036 0.043 -0.036 0.490
FedCvg-Ratio(0.9)+PS(0.5) 0.530 0.071 0.048 0.041 -0.036 0.521
FedCvg-Ratio(0.5)+PS(0.7) 0.525 0.069 0.043 0.045 -0.044 0.523
FedCvg-Ratio(0.9)+PS(0.7) 0.531 0.067 0.042 0.042 -0.036 0.520
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.507 0.071 0.038 0.039 -0.034 0.490
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.507 0.071 0.037 0.040 -0.035 0.490
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.508 0.070 0.037 0.043 -0.038 0.490
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.508 0.073 0.038 0.037 -0.034 0.491

Table D.2: Compas dataset: Performance at coverage=474, partition=same size (best
EOD across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.519 0.035 0.040 0.031 -0.044 0.478
FairFed(SPD) 0.519 0.037 0.041 0.032 -0.046 0.476
FairFed(AccDiff) 0.517 0.044 0.039 0.029 -0.034 0.484
FairFed(EOD)+LD 0.517 0.034 0.038 0.029 -0.042 0.472
FairFed(SPD)+LD 0.519 0.037 0.040 0.031 -0.045 0.477
FairFed(AccDiff)+LD 0.517 0.049 0.042 0.032 -0.033 0.485
FairFed(EOD)+PS(0.5) 0.517 0.039 0.040 0.029 -0.035 0.483
FairFed(SPD)+PS(0.5) 0.517 0.036 0.037 0.028 -0.037 0.481
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Table D.2 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(AccDiff)+PS(0.5) 0.518 0.043 0.039 0.029 -0.032 0.486
FairFed(EOD)+PS(0.7) 0.560 0.032 0.052 0.034 -0.069 0.524
FairFed(SPD)+PS(0.7) 0.518 0.036 0.040 0.030 -0.037 0.481
FairFed(AccDiff)+PS(0.7) 0.518 0.043 0.040 0.029 -0.033 0.487
FairFed(EOD)+LD+PS(0.5) 0.517 0.037 0.039 0.028 -0.038 0.483
FairFed(SPD)+LD+PS(0.5) 0.519 0.036 0.039 0.028 -0.040 0.481
FairFed(AccDiff)+LD+PS(0.5) 0.518 0.039 0.039 0.029 -0.032 0.485
FairFed(EOD)+LD+PS(0.7) 0.518 0.038 0.041 0.030 -0.037 0.482
FairFed(SPD)+LD+PS(0.7) 0.517 0.037 0.038 0.028 -0.039 0.479
FairFed(AccDiff)+LD+PS(0.7) 0.518 0.039 0.038 0.028 -0.032 0.486

FedAvg 0.514 0.045 0.039 0.029 -0.029 0.482
FedAvg+LD 0.515 0.045 0.039 0.030 -0.029 0.483

FedAvg+PS(0.5) 0.515 0.044 0.039 0.029 -0.028 0.484
FedAvg+PS(0.7) 0.515 0.044 0.037 0.028 -0.027 0.484

FedAvg+LD+PS(0.5) 0.516 0.044 0.038 0.028 -0.027 0.485
FedAvg+LD+PS(0.7) 0.514 0.044 0.037 0.028 -0.027 0.483

FedCvg(0.0001) 0.528 0.038 0.069 0.050 -0.064 0.512
FedCvg(0.001) 0.526 0.035 0.067 0.048 -0.060 0.509
FedCvg(0.0001)+LD 0.527 0.037 0.069 0.050 -0.065 0.512
FedCvg(0.001)+LD 0.527 0.035 0.067 0.048 -0.060 0.509
FedCvg(0.0001)+PS(0.5) 0.528 0.041 0.070 0.052 -0.065 0.510
FedCvg(0.001)+PS(0.5) 0.527 0.035 0.066 0.048 -0.061 0.509
FedCvg(0.0001)+PS(0.7) 0.524 0.033 0.065 0.048 -0.068 0.511
FedCvg(0.001)+PS(0.7) 0.527 0.035 0.066 0.048 -0.060 0.510
FedCvg(0.0001)+LD+PS(0.5) 0.523 0.043 0.063 0.048 -0.063 0.510
FedCvg(0.001)+LD+PS(0.5) 0.527 0.035 0.066 0.048 -0.060 0.509
FedCvg(0.0001)+LD+PS(0.7) 0.527 0.038 0.067 0.049 -0.062 0.511
FedCvg(0.001)+LD+PS(0.7) 0.526 0.035 0.066 0.048 -0.062 0.509

FedCvg-Ratio(0.5) 0.524 0.031 0.063 0.048 -0.076 0.517
FedCvg-Ratio(0.9) 0.524 0.031 0.063 0.048 -0.076 0.517
FedCvg-Ratio(0.5)+LD 0.525 0.030 0.063 0.047 -0.075 0.518
FedCvg-Ratio(0.9)+LD 0.525 0.030 0.063 0.047 -0.075 0.518
FedCvg-Ratio(0.5)+PS(0.5) 0.531 0.034 0.072 0.054 -0.073 0.518
FedCvg-Ratio(0.9)+PS(0.5) 0.529 0.036 0.072 0.055 -0.071 0.513
FedCvg-Ratio(0.5)+PS(0.7) 0.530 0.036 0.074 0.056 -0.071 0.514
FedCvg-Ratio(0.9)+PS(0.7) 0.531 0.034 0.074 0.055 -0.073 0.517
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.528 0.038 0.074 0.055 -0.072 0.511
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.531 0.039 0.076 0.058 -0.072 0.516
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.525 0.034 0.066 0.051 -0.074 0.519
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.524 0.035 0.067 0.051 -0.074 0.516
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Table D.3: Compas dataset: Performance at coverage=610, partition=diff size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.532 0.059 0.050 0.037 -0.035 0.535
FairFed(SPD) 0.530 0.059 0.050 0.039 -0.039 0.531
FairFed(AccDiff) 0.528 0.050 0.047 0.034 -0.040 0.525
FairFed(EOD)+LD 0.532 0.059 0.051 0.039 -0.037 0.535
FairFed(SPD)+LD 0.530 0.056 0.052 0.039 -0.040 0.530
FairFed(AccDiff)+LD 0.528 0.050 0.048 0.034 -0.039 0.524
FairFed(EOD)+PS(0.5) 0.530 0.058 0.048 0.036 -0.039 0.531
FairFed(SPD)+PS(0.5) 0.529 0.051 0.047 0.034 -0.039 0.524
FairFed(AccDiff)+PS(0.5) 0.529 0.051 0.048 0.035 -0.039 0.527
FairFed(EOD)+PS(0.7) 0.531 0.058 0.050 0.037 -0.037 0.532
FairFed(SPD)+PS(0.7) 0.530 0.060 0.051 0.040 -0.036 0.532
FairFed(AccDiff)+PS(0.7) 0.529 0.056 0.051 0.038 -0.039 0.525
FairFed(EOD)+LD+PS(0.5) 0.530 0.055 0.052 0.038 -0.038 0.526
FairFed(SPD)+LD+PS(0.5) 0.530 0.052 0.046 0.033 -0.037 0.529
FairFed(AccDiff)+LD+PS(0.5) 0.529 0.050 0.045 0.033 -0.035 0.521
FairFed(EOD)+LD+PS(0.7) 0.530 0.057 0.051 0.039 -0.038 0.530
FairFed(SPD)+LD+PS(0.7) 0.530 0.058 0.053 0.039 -0.036 0.532
FairFed(AccDiff)+LD+PS(0.7) 0.527 0.050 0.049 0.036 -0.039 0.521

FedAvg 0.531 0.061 0.051 0.039 -0.036 0.532
FedAvg+LD 0.530 0.058 0.051 0.038 -0.038 0.529

FedAvg+PS(0.5) 0.530 0.052 0.046 0.033 -0.037 0.526
FedAvg+PS(0.7) 0.530 0.054 0.049 0.036 -0.037 0.527

FedAvg+LD+PS(0.5) 0.530 0.050 0.045 0.031 -0.038 0.527
FedAvg+LD+PS(0.7) 0.530 0.055 0.050 0.037 -0.039 0.527

FedCvg(0.0001) 0.521 0.066 0.033 0.037 -0.038 0.517
FedCvg(0.001) 0.523 0.066 0.036 0.040 -0.042 0.520
FedCvg(0.0001)+LD 0.521 0.062 0.031 0.036 -0.039 0.518
FedCvg(0.001)+LD 0.523 0.068 0.035 0.040 -0.040 0.520
FedCvg(0.0001)+PS(0.5) 0.522 0.065 0.033 0.037 -0.038 0.519
FedCvg(0.001)+PS(0.5) 0.521 0.065 0.033 0.037 -0.041 0.520
FedCvg(0.0001)+PS(0.7) 0.521 0.063 0.032 0.036 -0.039 0.518
FedCvg(0.001)+PS(0.7) 0.522 0.069 0.035 0.040 -0.039 0.520
FedCvg(0.0001)+LD+PS(0.5) 0.521 0.062 0.032 0.036 -0.041 0.517
FedCvg(0.001)+LD+PS(0.5) 0.522 0.066 0.032 0.037 -0.038 0.521
FedCvg(0.0001)+LD+PS(0.7) 0.522 0.063 0.032 0.036 -0.039 0.521
FedCvg(0.001)+LD+PS(0.7) 0.522 0.067 0.034 0.038 -0.040 0.518

FedCvg-Ratio(0.5) 0.521 0.070 0.037 0.042 -0.038 0.518
FedCvg-Ratio(0.9) 0.521 0.070 0.037 0.042 -0.038 0.518
FedCvg-Ratio(0.5)+LD 0.521 0.064 0.034 0.039 -0.039 0.518
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Table D.3 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg-Ratio(0.9)+LD 0.521 0.064 0.034 0.039 -0.039 0.518
FedCvg-Ratio(0.5)+PS(0.5) 0.520 0.064 0.033 0.038 -0.041 0.515
FedCvg-Ratio(0.9)+PS(0.5) 0.520 0.068 0.034 0.040 -0.040 0.516
FedCvg-Ratio(0.5)+PS(0.7) 0.521 0.068 0.034 0.039 -0.040 0.518
FedCvg-Ratio(0.9)+PS(0.7) 0.520 0.068 0.035 0.039 -0.040 0.516
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.520 0.060 0.031 0.035 -0.042 0.515
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.518 0.063 0.033 0.038 -0.043 0.512
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.521 0.065 0.034 0.038 -0.041 0.517
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.520 0.064 0.033 0.037 -0.040 0.518

Table D.4: Compas dataset: Performance at coverage=610, partition=same size (best
EOD across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.549 0.043 0.031 0.026 -0.043 0.554
FairFed(SPD) 0.542 0.037 0.034 0.021 -0.014 0.517
FairFed(AccDiff) 0.543 0.043 0.038 0.023 -0.036 0.558
FairFed(EOD)+LD 0.549 0.045 0.033 0.028 -0.044 0.555
FairFed(SPD)+LD 0.543 0.033 0.033 0.017 -0.013 0.519
FairFed(AccDiff)+LD 0.531 0.043 0.032 0.020 -0.029 0.525
FairFed(EOD)+PS(0.5) 0.532 0.037 0.024 0.015 -0.027 0.525
FairFed(SPD)+PS(0.5) 0.537 0.040 0.036 0.022 -0.025 0.521
FairFed(AccDiff)+PS(0.5) 0.532 0.041 0.030 0.018 -0.026 0.530
FairFed(EOD)+PS(0.7) 0.522 0.037 0.017 0.013 -0.027 0.488
FairFed(SPD)+PS(0.7) 0.537 0.045 0.034 0.022 -0.030 0.519
FairFed(AccDiff)+PS(0.7) 0.533 0.043 0.030 0.018 -0.028 0.528
FairFed(EOD)+LD+PS(0.5) 0.530 0.034 0.020 0.013 -0.027 0.520
FairFed(SPD)+LD+PS(0.5) 0.537 0.044 0.033 0.020 -0.026 0.518
FairFed(AccDiff)+LD+PS(0.5) 0.529 0.044 0.027 0.017 -0.025 0.520
FairFed(EOD)+LD+PS(0.7) 0.521 0.036 0.017 0.013 -0.027 0.484
FairFed(SPD)+LD+PS(0.7) 0.521 0.045 0.025 0.016 -0.017 0.488
FairFed(AccDiff)+LD+PS(0.7) 0.531 0.041 0.029 0.017 -0.028 0.525

FedAvg 0.521 0.039 0.021 0.016 -0.014 0.489
FedAvg+LD 0.520 0.039 0.021 0.015 -0.014 0.489

FedAvg+PS(0.5) 0.520 0.037 0.023 0.017 -0.014 0.488
FedAvg+PS(0.7) 0.520 0.039 0.021 0.015 -0.014 0.489

FedAvg+LD+PS(0.5) 0.520 0.038 0.021 0.016 -0.014 0.489
FedAvg+LD+PS(0.7) 0.521 0.039 0.021 0.015 -0.013 0.489

FedCvg(0.0001) 0.531 0.049 0.058 0.041 -0.045 0.530
FedCvg(0.001) 0.516 0.049 0.033 0.026 -0.021 0.509
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Table D.4 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg(0.0001)+LD 0.515 0.049 0.033 0.025 -0.027 0.508
FedCvg(0.001)+LD 0.516 0.049 0.033 0.025 -0.021 0.508
FedCvg(0.0001)+PS(0.5) 0.531 0.049 0.059 0.042 -0.046 0.530
FedCvg(0.001)+PS(0.5) 0.531 0.049 0.060 0.043 -0.041 0.526
FedCvg(0.0001)+PS(0.7) 0.539 0.048 0.047 0.032 -0.027 0.531
FedCvg(0.001)+PS(0.7) 0.515 0.048 0.033 0.024 -0.022 0.507
FedCvg(0.0001)+LD+PS(0.5) 0.530 0.048 0.059 0.042 -0.045 0.527
FedCvg(0.001)+LD+PS(0.5) 0.516 0.049 0.033 0.026 -0.024 0.508
FedCvg(0.0001)+LD+PS(0.7) 0.530 0.050 0.061 0.043 -0.047 0.532
FedCvg(0.001)+LD+PS(0.7) 0.516 0.049 0.031 0.024 -0.022 0.509

FedCvg-Ratio(0.5) 0.532 0.037 0.060 0.039 -0.056 0.532
FedCvg-Ratio(0.9) 0.532 0.037 0.060 0.039 -0.056 0.532
FedCvg-Ratio(0.5)+LD 0.532 0.038 0.057 0.037 -0.055 0.532
FedCvg-Ratio(0.9)+LD 0.532 0.038 0.057 0.037 -0.055 0.532
FedCvg-Ratio(0.5)+PS(0.5) 0.532 0.045 0.060 0.040 -0.051 0.532
FedCvg-Ratio(0.9)+PS(0.5) 0.532 0.040 0.058 0.038 -0.055 0.534
FedCvg-Ratio(0.5)+PS(0.7) 0.532 0.039 0.057 0.037 -0.055 0.535
FedCvg-Ratio(0.9)+PS(0.7) 0.531 0.044 0.059 0.039 -0.049 0.529
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.531 0.044 0.059 0.040 -0.051 0.532
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.532 0.040 0.058 0.038 -0.055 0.535
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.529 0.046 0.053 0.036 -0.051 0.544
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.533 0.042 0.062 0.042 -0.053 0.537

Table D.5: Compas dataset: Performance at coverage=1067, partition=diff size (best EOD
across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.571 0.064 0.052 0.040 -0.020 0.576
FairFed(SPD) 0.571 0.067 0.057 0.042 -0.018 0.581
FairFed(AccDiff) 0.569 0.053 0.055 0.035 -0.026 0.584
FairFed(EOD)+LD 0.569 0.061 0.054 0.036 -0.017 0.573
FairFed(SPD)+LD 0.570 0.065 0.057 0.039 -0.016 0.581
FairFed(AccDiff)+LD 0.568 0.051 0.053 0.034 -0.028 0.582
FairFed(EOD)+PS(0.5) 0.569 0.055 0.056 0.037 -0.028 0.581
FairFed(SPD)+PS(0.5) 0.567 0.068 0.060 0.044 -0.023 0.579
FairFed(AccDiff)+PS(0.5) 0.565 0.053 0.060 0.040 -0.026 0.578
FairFed(EOD)+PS(0.7) 0.563 0.061 0.058 0.041 -0.021 0.564
FairFed(SPD)+PS(0.7) 0.570 0.064 0.060 0.041 -0.017 0.577
FairFed(AccDiff)+PS(0.7) 0.566 0.053 0.060 0.040 -0.028 0.582
FairFed(EOD)+LD+PS(0.5) 0.567 0.061 0.057 0.039 -0.018 0.571
FairFed(SPD)+LD+PS(0.5) 0.564 0.072 0.061 0.046 -0.018 0.571
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Table D.5 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FairFed(AccDiff)+LD+PS(0.5) 0.566 0.054 0.056 0.037 -0.025 0.581
FairFed(EOD)+LD+PS(0.7) 0.569 0.059 0.056 0.038 -0.025 0.586
FairFed(SPD)+LD+PS(0.7) 0.566 0.070 0.059 0.044 -0.018 0.570
FairFed(AccDiff)+LD+PS(0.7) 0.567 0.058 0.056 0.039 -0.025 0.579

FedAvg 0.569 0.063 0.061 0.042 -0.019 0.581
FedAvg+LD 0.569 0.064 0.059 0.041 -0.017 0.580

FedAvg+PS(0.5) 0.566 0.063 0.059 0.043 -0.021 0.574
FedAvg+PS(0.7) 0.567 0.061 0.058 0.043 -0.024 0.576

FedAvg+LD+PS(0.5) 0.567 0.064 0.057 0.041 -0.022 0.578
FedAvg+LD+PS(0.7) 0.567 0.063 0.058 0.042 -0.021 0.577

FedCvg(0.0001) 0.561 0.064 0.052 0.039 -0.012 0.538
FedCvg(0.001) 0.564 0.068 0.054 0.042 -0.010 0.539
FedCvg(0.0001)+LD 0.560 0.063 0.050 0.038 -0.012 0.536
FedCvg(0.001)+LD 0.563 0.069 0.051 0.040 -0.007 0.547
FedCvg(0.0001)+PS(0.5) 0.558 0.064 0.049 0.036 -0.010 0.532
FedCvg(0.001)+PS(0.5) 0.559 0.060 0.050 0.038 -0.012 0.532
FedCvg(0.0001)+PS(0.7) 0.558 0.061 0.046 0.034 -0.011 0.534
FedCvg(0.001)+PS(0.7) 0.561 0.061 0.051 0.038 -0.013 0.536
FedCvg(0.0001)+LD+PS(0.5) 0.556 0.062 0.046 0.034 -0.008 0.529
FedCvg(0.001)+LD+PS(0.5) 0.559 0.061 0.051 0.038 -0.011 0.531
FedCvg(0.0001)+LD+PS(0.7) 0.560 0.061 0.046 0.033 -0.009 0.535
FedCvg(0.001)+LD+PS(0.7) 0.561 0.060 0.049 0.036 -0.010 0.535

FedCvg-Ratio(0.5) 0.553 0.061 0.043 0.031 -0.017 0.529
FedCvg-Ratio(0.9) 0.553 0.061 0.043 0.031 -0.017 0.529
FedCvg-Ratio(0.5)+LD 0.552 0.063 0.039 0.027 -0.014 0.528
FedCvg-Ratio(0.9)+LD 0.552 0.063 0.039 0.027 -0.014 0.528
FedCvg-Ratio(0.5)+PS(0.5) 0.552 0.064 0.040 0.029 -0.015 0.528
FedCvg-Ratio(0.9)+PS(0.5) 0.553 0.063 0.039 0.027 -0.012 0.527
FedCvg-Ratio(0.5)+PS(0.7) 0.553 0.063 0.040 0.028 -0.016 0.529
FedCvg-Ratio(0.9)+PS(0.7) 0.553 0.061 0.041 0.029 -0.017 0.529
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.553 0.070 0.040 0.029 -0.011 0.527
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.551 0.069 0.042 0.031 -0.010 0.526
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.552 0.067 0.039 0.028 -0.012 0.527
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.552 0.069 0.039 0.029 -0.011 0.527
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Table D.6: Compas dataset: Performance at coverage=1067, partition=same size (best
EOD across learning rates, averaged over 5 seeds)

Method Acc EOD SPD AOD AccDiff Prec

FairFed(EOD) 0.572 0.066 0.061 0.050 -0.031 0.577
FairFed(SPD) 0.588 0.073 0.072 0.057 -0.034 0.607
FairFed(AccDiff) 0.521 0.073 0.036 0.041 -0.011 0.497
FairFed(EOD)+LD 0.572 0.062 0.056 0.045 -0.030 0.582
FairFed(SPD)+LD 0.588 0.070 0.071 0.056 -0.035 0.607
FairFed(AccDiff)+LD 0.572 0.069 0.053 0.045 -0.023 0.582
FairFed(EOD)+PS(0.5) 0.535 0.072 0.050 0.049 -0.026 0.526
FairFed(SPD)+PS(0.5) 0.537 0.074 0.050 0.049 -0.023 0.532
FairFed(AccDiff)+PS(0.5) 0.574 0.073 0.059 0.050 -0.024 0.579
FairFed(EOD)+PS(0.7) 0.571 0.073 0.060 0.051 -0.025 0.578
FairFed(SPD)+PS(0.7) 0.537 0.073 0.049 0.049 -0.024 0.529
FairFed(AccDiff)+PS(0.7) 0.522 0.074 0.037 0.042 -0.014 0.498
FairFed(EOD)+LD+PS(0.5) 0.522 0.077 0.041 0.048 -0.018 0.496
FairFed(SPD)+LD+PS(0.5) 0.536 0.072 0.049 0.048 -0.024 0.527
FairFed(AccDiff)+LD+PS(0.5) 0.571 0.071 0.058 0.049 -0.025 0.580
FairFed(EOD)+LD+PS(0.7) 0.524 0.070 0.040 0.045 -0.022 0.496
FairFed(SPD)+LD+PS(0.7) 0.538 0.079 0.052 0.052 -0.021 0.536
FairFed(AccDiff)+LD+PS(0.7) 0.571 0.070 0.057 0.048 -0.025 0.578

FedAvg 0.537 0.076 0.053 0.053 -0.024 0.526
FedAvg+LD 0.536 0.074 0.052 0.053 -0.025 0.525

FedAvg+PS(0.5) 0.536 0.074 0.049 0.050 -0.022 0.525
FedAvg+PS(0.7) 0.537 0.076 0.053 0.053 -0.024 0.526

FedAvg+LD+PS(0.5) 0.535 0.071 0.050 0.049 -0.024 0.522
FedAvg+LD+PS(0.7) 0.535 0.074 0.053 0.053 -0.025 0.519

FedCvg(0.0001) 0.535 0.059 0.063 0.052 -0.013 0.549
FedCvg(0.001) 0.532 0.052 0.063 0.051 -0.005 0.537
FedCvg(0.0001)+LD 0.534 0.060 0.064 0.054 -0.013 0.547
FedCvg(0.001)+LD 0.532 0.052 0.063 0.051 -0.005 0.537
FedCvg(0.0001)+PS(0.5) 0.535 0.052 0.062 0.050 -0.012 0.542
FedCvg(0.001)+PS(0.5) 0.533 0.047 0.063 0.051 -0.013 0.546
FedCvg(0.0001)+PS(0.7) 0.534 0.059 0.064 0.053 -0.014 0.547
FedCvg(0.001)+PS(0.7) 0.533 0.051 0.063 0.051 -0.007 0.541
FedCvg(0.0001)+LD+PS(0.5) 0.536 0.053 0.063 0.051 -0.014 0.541
FedCvg(0.001)+LD+PS(0.5) 0.534 0.052 0.062 0.051 -0.007 0.543
FedCvg(0.0001)+LD+PS(0.7) 0.536 0.054 0.063 0.051 -0.012 0.543
FedCvg(0.001)+LD+PS(0.7) 0.533 0.052 0.064 0.053 -0.007 0.541

FedCvg-Ratio(0.5) 0.537 0.056 0.057 0.046 -0.022 0.549
FedCvg-Ratio(0.9) 0.537 0.056 0.057 0.046 -0.022 0.549
FedCvg-Ratio(0.5)+LD 0.534 0.053 0.054 0.044 -0.024 0.541
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Table D.6 – continued from previous page

Method Acc EOD SPD AOD AccDiff Prec

FedCvg-Ratio(0.9)+LD 0.534 0.053 0.054 0.044 -0.024 0.541
FedCvg-Ratio(0.5)+PS(0.5) 0.535 0.055 0.059 0.048 -0.019 0.545
FedCvg-Ratio(0.9)+PS(0.5) 0.534 0.056 0.058 0.048 -0.018 0.552
FedCvg-Ratio(0.5)+PS(0.7) 0.534 0.058 0.059 0.048 -0.017 0.544
FedCvg-Ratio(0.9)+PS(0.7) 0.534 0.059 0.061 0.051 -0.018 0.540
FedCvg-Ratio(0.5)+LD+PS(0.5) 0.534 0.054 0.058 0.048 -0.022 0.541
FedCvg-Ratio(0.9)+LD+PS(0.5) 0.532 0.050 0.060 0.049 -0.017 0.541
FedCvg-Ratio(0.5)+LD+PS(0.7) 0.534 0.055 0.059 0.049 -0.021 0.544
FedCvg-Ratio(0.9)+LD+PS(0.7) 0.533 0.054 0.057 0.047 -0.020 0.541
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