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Abstract

This cumulative PhD thesis explores innovative approaches to enhancing fairness in ma-
chine learning through advanced reweighting techniques. It addresses critical issues in
the fairness of predictive models by proposing methods to mitigate bias and ensure equi-
table treatment of minority groups in datasets.

To tackle bias issues, the research first introduces a novel adversarial reweighting
method designed to address the disparate impact that minority groups often face in biased
datasets. Traditional machine learning models typically optimize for predictive utility
and fairness metrics, but the under-representation of minorities makes it challenging to
address these biases effectively. The proposed approach utilizes the Wasserstein distance
to identify and preferentially sample majority group data points that are more similar
to the minority group, thereby balancing the data distribution and enhancing fairness.
Theoretical analyses confirm the method’s effectiveness, and empirical results on both
image and tabular benchmark datasets demonstrate significant mitigation of disparate
impact without sacrificing classification accuracy. This approach outperforms related
state-of-the-art methods, highlighting its practical utility in real-world applications.

Building on the importance of achieving fairness from a causal perspective, the the-
sis leverages Pearl’s causal framework to propose a reweighting scheme that integrates
causal relationships among variables into the data reweighting process. This method
employs two neural networks that mirror the structures of a causal graph and an inter-
ventional graph, respectively. These networks approximate the causal model of the data
and the effects of interventions, guiding a discriminator-based reweighting process to
achieve various fairness notions. Experiments conducted on real-world datasets demon-
strate that this approach effectively achieves causal fairness while preserving the integrity
of the data for downstream tasks. This method represents a significant step forward in
addressing biases that stem from underlying causal relationships in the data.

Furthermore, the research enhances the empirical risk minimization (ERM) process in
model training through a refined reweighting scheme aimed at improving fairness. This
approach adheres to the sufficiency rule in fairness by ensuring that optimal predictors
are consistent across different sub-groups. It introduces a bilevel formulation to explore
sample reweighting strategies, shifting the focus from the size of the model to the space
of sample weights. To enhance training efficiency, the method discretizes these weights.
Empirical validations reveal that this approach consistently improves the balance be-
tween prediction performance and fairness metrics, demonstrating its effectiveness and
robustness across various experimental settings. This innovative method offers a prac-
tical solution for integrating fairness considerations into the core of the model training
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process.
Collectively, the studies in this thesis contribute significant advancements in the field
of fair machine learning by introducing novel reweighting techniques that address mul-
tiple facets of bias and fairness. The methods developed not only improve fairness with-
out compromising predictive utility but also provide robust frameworks for incorporat-
ing causal considerations and optimizing fairness during the ERM process. The findings
have broad implications for the development of fair and equitable machine learning mod-
els across diverse applications, paving the way for more inclusive and just Al systems.
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Kurzfassung

Diese kumulative Dissertation untersucht innovative Anséitze zur Verbesserung der Fair-
ness im maschinellen Lernen durch fortschrittliche Neugewichts-Techniken. Sie adres-
siert zentrale Probleme bei der Fairness von Vorhersagemodellen, indem sie Methoden
zur Minderung von Verzerrungen und zur Sicherstellung einer gerechten Behandlung
von Minderheitsgruppen in Datensitzen vorschlagt.

Um Bias-Probleme zu bekdmpfen, wird zunéichst eine neuartige adversariale Neugewichts-
Methode vorgestellt, die darauf abzielt, die unterschiedliche Auswirkung auf Minder-
heitsgruppen in voreingenommenen Datensidtzen zu adressieren. Traditionelle maschi-
nelle Lernmodelle optimieren typischerweise fiir Vorhersagegenauigkeit und Fairness-
Kriterien, aber die Unterreprédsentation von Minderheiten erschwert es, diese Verzerrun-
gen effektiv zu behandeln. Der vorgeschlagene Ansatz nutzt die Wasserstein-Distanz, um
Datenpunkte der Mehrheit zu identifizieren und bevorzugt zu gewichten, die den Daten-
punkten der Minderheit dhnlicher sind, wodurch die Verteilung der Daten ausgeglichen
und die Fairness erhoht wird. Theoretische Analysen bestitigen die Wirksamkeit der Me-
thode, und empirische Ergebnisse auf Bild- und tabellarischen Benchmark-Datensétzen
zeigen eine signifikante Minderung der unterschiedlichen Auswirkungen ohne Beein-
trichtigung der Klassifikationsgenauigkeit. Dieser Ansatz tibertrifft bestehende Metho-
den und hebt seine praktische Niitzlichkeit in realen Anwendungen hervor.

Aufbauend auf der Bedeutung, Fairness aus einer kausalen Perspektive zu erreichen,
nutzt die Dissertation Pearls kausalen Rahmen, um ein Neugewichts-Schema vorzuschla-
gen, das kausale Beziehungen zwischen Variablen in den Neugewichtsprozess integriert.
Diese Methode verwendet zwei neuronale Netzwerke, die die Strukturen eines kausalen
Graphen und eines Intervention Graphen widerspiegeln. Diese Netzwerke approximie-
ren das kausale Modell der Daten und die Auswirkungen von Interventionen und leiten
einen discriminator-basierten Neugewichtsprozess, um verschiedene Fairness-Kriterien
zu erreichen. Experimente mit realen Datensitzen zeigen, dass dieser Ansatz effektiv
kausale Fairness erreicht, wihrend die Integritidt der Daten fiir nachgelagerte Aufgaben
erhalten bleibt. Diese Methode stellt einen bedeutenden Fortschritt bei der Behandlung
von Verzerrungen dar, die aus zugrunde liegenden kausalen Beziehungen in den Daten
resultieren.

Dartiber hinaus verbessert die Forschung den Prozess der empirischen Risiko-Minimierung
(ERM) im Modelltraining durch ein verfeinertes Neugewichts-Schema, das auf die Ver-
besserung der Fairness abzielt. Dieser Ansatz hilt sich an die Suffizienzregel der Fair-
ness, indem sichergestellt wird, dass optimale Priddiktoren konsistent iiber verschiedene
Untergruppen hinweg bleiben. Er fiihrt eine Bilevel-Formulierung ein, um Neugewichts-
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Strategien zu untersuchen und verlagert den Fokus von der Modellgrée auf den Raum
der Gewichtungen der Proben. Um die Trainingseffizienz zu verbessern, werden diese
Gewichtungen diskretisiert. Empirische Validierungen zeigen, dass dieser Ansatz kon-
stant das Gleichgewicht zwischen Vorhersageleistung und Fairness-Kriterien verbessert
und seine Effektivitit und Robustheit in verschiedenen experimentellen Einstellungen
demonstriert. Diese innovative Methode bietet eine praktische Losung fiir die Integrati-
on von Fairness-Uberlegungen in den Kernprozess des Modelltrainings.

Insgesamt leisten die Studien dieser Dissertation wesentliche Fortschritte im Bereich
des fairen maschinellen Lernens, indem sie neuartige Neugewichts-Techniken einfiihren,
die mehrere Aspekte von Verzerrungen und Fairness adressieren. Die entwickelten Me-
thoden verbessern nicht nur die Fairness, ohne die Vorhersagegenauigkeit zu beein-
trichtigen, sondern bieten auch robuste Rahmenbedingungen zur Integration kausaler
Uberlegungen und zur Optimierung der Fairness im ERM-Prozess. Die Ergebnisse ha-
ben weitreichende Auswirkungen auf die Entwicklung fairer und gerechter maschineller
Lernmodelle in verschiedenen Anwendungen und ebnen den Weg fiir inklusivere und
gerechtere KI-Systeme.
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Chapter 1

Introduction

1.1 Bias in Automated Decision-Making

Machine learning (ML) is increasingly applied to automated decision-making (ADM)
in critical areas such as hiring and lending. However, because these models are often
trained on historical data that is typically biased, they tend to not only perpetuate but also
uncover new unfair and potentially discriminatory patterns. Prominent examples include
the COMPAS tool (Mattu et al., 2016) and systems used for screening job applications
(Raghavan et al., 2020; van den Broek et al., 2019), where ML models have demonstrated
potentially racist, sexist, or xenophobic tendencies in ADM for impactful decisions.

The emerging interdisciplinary field of Fair ML aims to identify, mitigate, and im-
prove biased models by applying fairness principles, which are largely focused on equal-
ity. This section will first analyze sources of bias in Al, then provide an overview of
central fairness concepts from recent research, followed by an examination of various
bias mitigation techniques. Finally, we will offer our reflections on the current state of
the field.

1.1.1 Sources of Bias in ADM

Many sources of bias have been identified in the literature (Caton and Haas, 2024) and we
discuss some of them hereafter. On the one side, dataset bias (Tommasi et al., 2017; Tor-
ralba and Efros, 2011) has been studied extensively, and can emerge for several reasons.
An ML pipeline typically consists of multiple stages, including problem formulation,
data collection, model training, deployment, and monitoring. At any stage in this pro-
cess, biases and unfairness can be introduced. Ensuring fairness and responsibility in ML
systems necessitates thoughtful attention to fairness at every step of the pipeline.We then
provide a brief overview of a typical ML lifecycle to help identify potential sources of
unfairness at each stage. This background will be valuable as we later explore strategies
for promoting fairness in ML and discuss the main challenges in putting these strategies
into practice.
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Defining the Problem and Collecting Data

The first step in an ML pipeline often involves transforming a real-life challenge into a
predictive task and assembling the appropriate training data. This includes defining the
population from which data samples will be drawn and choosing the attributes and target
labels to gather. Each of these choices has the potential to introduce bias into the training
data. Since ML models understand the world based on this data, any existing biases or
problematic correlations could be reproduced or even amplified by the model.

Another notable example is capture bias, which stems from the data collection meth-
ods. For instance, two images may differ based on the type of camera used, rather than
their content, due to variations in resolution or exposure. Sampling bias and representa-
tion bias happen when the dataset distribution fails to accurately mirror the actual popu-
lation because of unrepresentative sampling.

Example: A study by (Buolamwini and Gebru, 2018) investigated face recognition
systems and discovered that, despite achieving roughly 90% accuracy overall for a clas-
sification task, these systems exhibited notable performance disparities among demo-
graphic groups. Specifically, accuracy was lower for female subjects compared to male
subjects, and dark-skinned individuals were recognized with less precision than light-
skinned individuals. Among these, dark-skinned females—an intersectional group—faced
the largest accuracy gap, with differences reaching up to 34%.

Model Training and Assessment

Machine learning models are usually trained and evaluated with overall performance
metrics, like maximizing average accuracy for classification tasks or minimizing mean
squared error in regression tasks. However, focusing on average loss can create issues
when the training data does not represent all groups within the population evenly. Like-
wise, using aggregate metrics, such as average accuracy, for evaluation can obscure dis-
parities, as model performance can differ significantly across groups. In fact, these met-
rics may hide substantial variations in the model’s effectiveness for different population
segments. Additionally, feature distributions and relationships to the target variable may
differ between groups, meaning that optimizing for average accuracy can result in the
model favoring the majority group (often with more data), leading to higher error rates
for underrepresented groups.

Biases can also be introduced through the selection of features or the methods used to
measure them, leading to issues like omitted variable bias or measurement bias. Even if
data collection is unbiased, real-world biases—such as those stemming from historical
discrimination—may still appear in the data, creating what is known as historical bias.
Further, the learning algorithm itself can introduce bias by prioritizing the majority group
to optimize average accuracy, a form of bias known as algorithmic bias. This stems from
how the algorithm is designed. If the model is optimized with unsuitable metrics or
benchmarks, it can also lead to evaluation bias.
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Example: In the U.S., graduate program admissions often rely on SAT scores to gauge
a student’s potential for success. Students are permitted to take the SAT multiple times,
typically submitting only their highest score to enhance their application. Additionally,
many students benefit from SAT tutoring, though both tutoring and retaking the exam
involve financial expenses. Because of historical disparities and various social factors,
African-American students, on average, score lower on the SAT than their white coun-
terparts (Brooks, 1991). If these patterns are not carefully addressed, training machine
learning models on such data could result in biased predictions against African-American
applicants. This example highlights how biased data collection can undermine fairness
in predictive models.

Deployment and Monitoring

During model development, it is commonly assumed that the training data accurately
represents the target population for future use. In reality, however, this assumption often
falls short. Models are frequently deployed in different settings or with populations
(such as other geographic regions or age demographics) that vary from the training data.
Additionally, models may be applied in ways that diverge from their initial intended
purpose. These discrepancies between training and deployment contexts can lead to
unforeseen model failures. Worryingly, these failures often occur unnoticed, even when
the model generates predictions with high confidence.

Example: (Zech et al., 2018) found that machine learning models designed to auto-
matically detect pneumonia from chest X-ray images showed strong performance on data
from a single hospital. However, when these models were tested on X-ray images from
a different hospital, their diagnostic accuracy declined notably.

1.1.2 Notions of Fairness

Various legal frameworks address fairness concerns in decision-making. Notable exam-
ples include the U.S. Equal Employment Opportunity Commission and Title VII of the
Civil Rights Act of 1964 (Barocas and Selbst, 2014), as well as the European Union’s
General Data Protection Regulation (Voigt and Bussche, 2017) and the AI Act'. Within
these frameworks, two primary types of discrimination in machine learning predictions
are identified (Hajian and Domingo-Ferrer, 2013; Kilbertus et al., 2017; Aghaei et al.,
2019). Disparate treatment, or direct discrimination, involves treating individuals dif-
ferently based explicitly on sensitive characteristics. This can be mitigated by omitting
sensitive attributes from the inference process; however, because these attributes can of-
ten be inferred from non-sensitive data, avoiding disparate treatment alone is usually
insufficient (Kilbertus et al., 2018). The second type, disparate impact or indirect dis-
crimination, occurs when decision-making practices don’t overtly use sensitive attributes

Thttps://artificialintelligenceact.eu/
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yet still lead to unequal outcomes for certain groups based on those attributes. As noted
in Zafar et al. (2017a), a conflict often exists between the goals of preventing disparate
treatment (i.e., not using sensitive attributes in decisions) and minimizing disparate im-
pact (which may require using sensitive attributes to train a fair model). Given the mul-
tiple sources of bias in machine learning systems, and the potential harm to individuals
or groups, fair decision-making is both a legal and ethical imperative. Various strategies
to address these issues are discussed in the following subsection.

We outline the primary fairness definitions relevant to this work by focusing on the
joint probability distribution P(Y, Y.X,S ) (and its variations), which is based on the ML
model f. For simplicity, we assume a single neutral attribute and a single protected
attribute. Let Y = 1 represent a positive outcome (e.g., loan approval) and S membership
in a protected group (e.g., female). While these definitions apply to this basic scenario,
they can also extend to more complex cases. For illustration, consider a hiring example
where S represents an applicant’s gender, X their academic performance, ¥ the model’s
recommendation to interview, and Y a measure of long-term success, such as staying
with the company for five years or becoming a manager.

In this section, we introduce the primary correlation-based and causality-based fair-
ness definitions and outline essential characteristics of these definitions before delv-
ing deeper. This section is not comprehensive, as new fairness definitions continue to
emerge. For a concise survey of leading fairness definitions, we recommend Verma and
Rubin (2018). Additionally, works such as Binns (2018) and Hutchinson and Mitchell
(2019) provide context on how Fair ML definitions compare with fairness concepts in
other fields. The definitions here are aimed primarily at classification problems, which
are prevalent in automated decision-making (ADM) contexts. However, these defini-
tions have also been extended to other ML tasks; for an overview of fairness definitions
in ranking problems, see Zehlike ef al. (2023a,b).

Correlation-Based

Group Fariness Statistical fairness, often referred to as group fairness, aims to en-
sure that a specific statistical measure maintains similar values across different protected
groups, defined by one or more sensitive attributes in the set S. The main principle here is
that sensitive attributes, such as race or gender, should not unduly influence the model’s
predictions. Formally, these fairness metrics seek to ensure that any probabilistic differ-
ences in the chosen measure between protected groups, over the entire data distribution,
do not exceed a predefined threshold for fairness. A common strategy is to constrain the
observed differences in training data. Several metrics have been proposed, depending on
which values are being equalized across groups. Here, we focus on four widely adopted
metrics: Statistical Parity (Dwork et al., 2012) (SP), Predictive Equality (Chouldechova,
2017) (PE) — which is based on the false positive rate, Equal Opportunity (Hardt et al.,
2016) (EOpp) — based on the true positive rate, and Equalized Odds (Hardt et al., 2016)
(EO). Each of these metrics seeks to balance specific values from the classifier’s confu-
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sion matrix across different protected groups. For instance, Equal Opportunity ensures
that the true positive rates between groups remain within a certain tolerance.

Metrics like Predictive Equality, Equal Opportunity, and Equalized Odds are tied
closely to model accuracy; theoretically, a perfectly accurate model would also achieve
perfect fairness under these metrics as they preserve existing dataset biases (Wachter
et al., 2021). However, they address algorithmic bias rather than dataset bias, meaning
any pre-existing bias within the dataset can still affect model predictions. By contrast,
Statistical Parity is a bias-altering metric, as it bypasses true labels to target dataset bias
directly. Consequently, datasets with greater inherent bias may create a stronger trade-off
between Statistical Parity and model accuracy.

In the following, we provide an in-depth discussion of correlation-based (or data-
driven) fairness definitions. These definitions are classified as individual or group fair-
ness, depending on whether fairness is sought at the individual level (e.g., a specific
female applicant) or the group level (e.g., all female applicants). These fairness defi-
nitions rely on probabilities, as the model f approximates the conditional distribution
P(Y|X,S), representing how outcomes change based on the given attributes.

Demographic Parity

Demographic Parity (DP) requires that a model’s predictions remain uninfluenced by
the values of sensitive attributes, such as A. For a binary sensitive attribute S, this crite-
rion is formally stated as:

PY =y|S=1)=PY =y|S=0) (1.1)

This condition, represented as ¥ L1 S and known as the independence criterion, en-
sures that the predictions do not rely on sensitive attributes. DP is also commonly called
statistical parity.

Although DP aims to eliminate bias, it can sometimes permit or even necessitate posi-
tive discrimination (also known as reverse discrimination), which may be deemed illegal
in certain jurisdictions depending on local laws (Romei and Ruggieri, 2014). Concepts
related to DP have been analyzed in various studies, such as Kamiran and Calders (2009)
and Feldman er al. (2015). DP is legally related to the concept of disparate impact, or,
in the European Union, to direct discrimination as outlined in anti-discrimination regu-
lations.

It’s noteworthy that Equation (1.1) does not consider the true label Y. This feature
makes DP particularly useful in cases where the model operates on unlabeled data, a
frequent scenario in machine learning applications. However, it also introduces a po-
tential conflict between fairness and the model’s predictive accuracy regarding the true
outcome. Despite this trade-off, DP is one of the most popular and widely used fairness
definitions.

Equalized Odds Equalized Odds (EO) mandates that the model achieves consistent
true positive and false positive rates for the favorable outcome Y = 1 across varying
levels of the sensitive attribute S.
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PI=1S=1Y=y)=PF =1/S=0,Y =y) (1.2)

This criterion implies that the model’s prediction is conditionally independent of the
sensitive attribute S when given the actual outcome Y, represented as y11s |Y, also
known as the separation criterion for non-discrimination (Barocas et al., 2023). Equal-
ized Odds (EO) was introduced by Hardt et al. (2016) to address Demographic Parity’s
(DP) limitations, specifically its lack of consideration for fairness in relation to both the
predicted outcome ¥ and the true outcome Y.

While EO requires access to the true outcome Y, usually available during training, its
practical application is often limited unless strong assumptions hold about the stability
of the training and future data. Nonetheless, EO offers a way to evaluate fairness in both
predictions and decisions, as discussed in Kilbertus et al. (2020). An extension of EO
introduced by Hardt ef al. (2016), known as equal opportunity, considers only the true
positive rate.

PP =1S=1Y=1)=PF =1S=0,Y =1) (1.3)

Calibration A model is considered calibrated (CA) if, when it predicts that an ap-
plicant has label Y, the probability of the applicant truly having this label is consistent
across all values of S:

PY=y|S=1,Y=y)=PY =y|S=0,Y =y) (1.4)

This criterion, denoted as ¥ 1.1 § |IA/ , 1s known as the sufficiency criterion for non-
discrimination (Barocas et al., 2023). Calibration (CA), as introduced by Chouldechova
(Chouldechova, 2017), is essentially the inverse of Equalized Odds (EO). Despite their
similarities, CA and EO are fundamentally incompatible; achieving compatibility would
require either zero prediction error or the independence of Y from S, which are gen-
erally unrealistic in practice (Kleinberg et al., 2017). Estimating EO and CA involves
calculating the confusion matrix for the model, which includes estimating:

« True Positives (TP): the total count of instances where P(Y = 1|Y = 1);
* True Negatives (TN): the total count of instances where P(¥ = 0|Y = 0);

« the false positives (FP), or type-I error: the total count of instances where P(¥ =
1|Y =0); and

« the false negatives (FN), or type-II error: the total count of instances where P(¥ =
oy =1).

Using these four values, we can calculate metrics such as the true positive rate (TPR),
given by TRP = TP/(TP + FN), and the true negative rate (TNR), given by TNR =
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TN/(TN + FP), among others. For additional details, see Verma and Rubin (Verma and
Rubin, 2018).

Estimating demographic parity (DP) offers flexibility, essentially reflecting the balance
in representation within ¥. This can be assessed, for example, by examining the distance
between the distributions P(¥|S = 1) and P(¥|S = 0). These definitions can also be
applied conditionally by adjusting for certain neutral attributes.

Individual Fairness Individual fairness concepts are rooted in the principle that sim-
ilar individuals should be treated similarly. This was initially proposed in Dwork et al.
(2012), where the authors noted that while statistical fairness is often desirable, it can
lead to outcomes that seem unfair on an individual level (for instance, situations where
more qualified applicants from a majority group are denied in favor of less qualified ap-
plicants from a minority group). Furthermore, fairness through unawareness—refraining
from using sensitive attributes in decisions—was shown to be inadequate due to proxy
features (non-sensitive attributes correlated with sensitive ones). The authors, therefore,
propose fairness through awareness, defined as a Lipschitz condition on the classifier
that relies on a distance metric reflecting individual similarity for a given task. The chal-
lenge lies in defining this distance function, which is context-specific and best crafted by
experts and policymakers.

Some methods lessen the need to define this metric explicitly. For instance, Madras
et al. (2018) learn a mapping of individuals to clusters, each linked to "prototypes” that
guide decisions, ensuring that individuals within the same cluster are treated similarly.
Similarly, Lahoti et al. (2019) create an individually fair representation by mapping in-
dividuals to prototypes via clustering but with a task-agnostic objective function. When
neither manual nor automatic metric definition is possible, Jung et al. (2021) involve a
stakeholder panel to provide pairwise constraints on whether outcomes for specific indi-
vidual pairs should be similar, ordered, or unrestricted, integrating these constraints into
the learning process. In prior work, Ilvento (2020) propose learning a distance metric
using a limited number of expert responses. Alternatively, the approach by Joseph et al.
(2016) avoids any similarity metric, ensuring instead that no less-qualified applicant is
favored over a more-qualified one, such that an individual’s probability of a positive
outcome reflects the true probability of that outcome.

Individual Fairness (IF) formalizes the principle that individuals who are similar should
receive similar treatment. Mathematically, this implies that for two distinct but compa-
rable profiles, i and j:

where similarity is determined by the metric d , such that d(x;,x;) ~ 0. This can also
be expressed in terms of an allowable €-deviation, meaning the model is regarded as
individually fair as long as:
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IPY =yi|X =x;,S=1)—P(Y =yj|X =x;,S=0)| < ¢ (1.6)

which enables consideration of a spectrum of Individual Fairness (IF) concepts.

The formalization presented in (1.5) represents one of several approaches to defining
Individual Fairness (IF), as it relies on how similarity is defined. Learning or determining
a specific metric d is challenging because labeling two individuals as similar is inher-
ently subjective. This emphasis on individual-level assessment distinguishes IF from the
previously discussed fairness definitions. While IF lacks a specific non-discrimination
criterion, it underpins non-discrimination laws, which advocate for treating similar indi-
viduals alike—a principle that dates back to Aristotle and continues to influence West-
ern perspectives on non-discrimination (Wachter et al., 2021). Currently, the dominant
narrative in Fair Machine Learning (Fair ML) categorizes fairness definitions into indi-
vidual and group fairness. This distinction highlights an inherent tension; for example,
under Demographic Parity (DP), a model might achieve group fairness between male
and female applicants while favoring a less qualified female candidate over her similarly
qualified male counterpart, thus violating IF. However, this issue is not straightforward,
given the stringent similarity requirements necessary for implementing individual fair-
ness. Perspectives on similarity can vary; one person may view the poorly qualified
female applicant and her male equivalent as similar, while another may not. This vari-
ability illustrates that similarity is a normative concept, which complicates discussions
in Fair ML and poses challenges in substantiating discrimination claims (Weerts et al.,
2023).

Causality Based

Structural Causal Models The foundational conceptual framework of Chapter 3 in
this thesis revolves around causality. The process of discovering, articulating, and assess-
ing causal claims, such as X — Y or “X causes Y, has been fundamental in enhancing
our understanding of the world. Researchers generally agree on what does not consti-
tute causation, often encapsulated in the phrase “correlation does not imply causation,”
a well-known adage in introductory statistics courses. However, the definition of causa-
tion itself is less straightforward. Perspectives on causality can vary significantly among
philosophers, economists, and other scholars. Therefore, when discussing causation, it
is essential to specify which interpretation we are referencing.

Causality suggests an underlying structure. In a causal world, everything that occurs
is determined by the laws governing that world along with its initial conditions. Events
follow a natural order, driven by cause-and-effect processes that map how information
moves within this framework. Studying causality, therefore, requires a certain level of
assumption (to varying extents) that such structures indeed exist. Despite ongoing philo-
sophical discussions, causality remains a valuable approach across many fields and has
recently gained traction in Machine Learning (Scholkopf, 2022; Wang and Jordan, 2021).
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This thesis adopts structural causal models, as advanced by Pearl (Shanmugam, 2001),
to explore causality. Structural causal models are probabilistic graphical tools that in-
tegrate Bayesian networks with structural equation models, enabling us to describe the
data-generating process (DGM) of a probability distribution. Additionally, as discussed
later in this section, these models allow us to manipulate the DGM to produce new prob-
ability distributions that answer observational (what is), interventional (what if), and
counterfactual (what might have been) questions (Pearl ez al., 2016). This capacity to
create new probabilistic representations is one of the key reasons structural causal mod-
els are often preferred over other causal frameworks, such as potential outcomes (Briggs,
2012), making them particularly suitable for Machine Learning. The main motivations
for selecting structural causal models as the framework here include their prominence in
Machine Learning and their unique capabilities.

For example, many definitions of causal fairness (e.g., Chiappa (2019); Kilbertus et al.
(2017); Kusner et al. (2017)) rely on structural causal models. Secondly, these mod-
els align with human reasoning processes (Fenton et al., 2020), enabling us to address
concepts, like discrimination, that are often framed causally. Lastly, structural causal
models provide an effective structure for organizing assumptions about the world, which
supports stakeholder involvement in discussions on complex topics like fairness. By
leveraging causality, researchers and practitioners can move beyond merely detecting
bias to addressing it in a principled way, laying a strong foundation for achieving causal
fairness. This approach ensures that models are not only technically accurate but also
ethically aligned with fairness standards.

A structural causal model (SCM) is defined as a tuple M = (U,V, F) that represents
the data-generating process, mapping a set of p exogenous latent random variables U ~
Py to a set of p endogenous observed random variables V. This transformation occurs
through a set of structural equations F, such that:

Py :P(Ul,...,Up) Vj = fj(Vpa(_j)7Uj) forjin 1,...,p (1.7)

Here, U; € U, V; €V, and f; € F, where each function f; maps the exogenous variable
U; to the endogenous variable V;. This mapping is based on the subset of endogenous
variables that directly influence V;, known as its causal parents, denoted by V().

Note that we use the operator := rather than = in (1.7), indicating an assignment rather
than equality and equivalent to <—. Unlike the equality operator =, this assignment op-
erator represents a directional flow of information, showing cause-effect or parent-child
relationships instead of simple equivalence. Conceptually, an SCM describes the data-
generating process for a dataset (or context) in terms of causal relationships. For ex-
ample, it allows us to represent causal relationships between X and Y, enabling causal
reasoning about these variables and the problem at hand. In (1.7), we assume causal suf-
ficiency, meaning that there are no hidden common causes or confounders in the model.
This assumption leads to independence among the exogenous latent random variables in
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U:
P(Ul,...,Uj):P(UI)X---XP(UJ') (1.8)

which enables us to break down Py into its individual parts. While it is challenging to
assume and verify causal sufficiency, this assumption—though not essential—is com-
mon because it simplifies the generation of counterfactuals. The structural causal model
(SCM) M generates a related causal graph G, where each node represents a random
variable and each directed edge signifies a causal relationship. For example, an edge
V; — V; exists in the causal graph if i € pa(j). Essentially, the causal graph visually rep-
resents the causal dependencies within the SCM M. By definition, the causal graph G
is directed and, as we assume it to be acyclic, it contains no feedback loops, making it a
causal directed acyclic graph (DAG). In the rest of this section, we provide foundational
concepts needed to understand SCMs; explore the interventionist view of causality that
underlies SCMs; and conclude with a discussion on generating counterfactuals within
this framework.

In this section, we outline fairness definitions that depend on additional knowledge
provided by a structural causal model M, categorizing them as causality-based fairness
definitions. This area is expanding within Fair ML, as causal inference has already been
employed by social scientists to assess cases of discrimination (Heidari et al., 2019).
This approach is relevant because discrimination concerns whether an outcome is caused,
either directly or indirectly, by a protected attribute. Here, we focus on the most pertinent
definitions for this study. For a comprehensive overview of these definitions, refer to
causal fairness surveys by Loftus et al. (2018) and Makhlouf et al. (2020).

Total Effect The total effect infers the causal effect of S on Y through all possible
causal paths from S to Y. The total effect of the difference of s~ to s on Y is given by
TE(sT,s”) = P(Y,+) — P(Y,-), where P(-) here refers to the interventional distribution
probability. Total fairness is satisfied if |TE(s™,s7)| < € (€ is the fairness threshold).
Note that statistical parity is similar to total effect but is fundamentally different. Statis-
tical parity measures the conditional distributions of ¥ change of the sensitive attribute
from s~ to st.

Path-specific fairness The path-specific effect is a fine-grained assessment of causal
effects, that is, it can evaluate the causal effect transmitted along certain paths. It is
used to distinguish among direct discrimination, indirect discrimination, and explainable
bias. It infers the causal effect of S on Y through a subset of causal paths from § to
Y, which is referred to as the m-specific effect denoting the subset of causal paths as 7.
The specific effect of a path set & on Y, caused by changing the value of S from s~ to
s with reference to s—, is given by the difference of the interventional distributions:
SEx(s*,57) = P(Yst x5 z) — P(Y-), where P(Y+ |z o) represents the distribution re-
sulting from intervening do(s™) only along the paths in 7 while s— is used as a reference
through other paths 7. If 7 contains all direct edge from S to Y, SE;(s*,s™) measures
the direct discrimination. If 7 contains all indirect paths from S to Y that pass through
proxy attributes, SE;(s™,s™) evaluates the indirect discrimination. Path-specific fairness

10



1.1 Bias in Automated Decision-Making

is met if |[SEx(sT,s7)| < €.
A predictor ¥ of Y is considered counterfactually fair with respect to the protected
attribute O = o, an unobserved (latent) variable U, and any observed variables X if:

P(Yo. o(U)=y|X =x,0=0)=P(Yp_y(U) =y|X =x,0 =0) (1.9)

for all y and o’ # o. This concept was initially introduced by Kusner et al. (2017).

The idea behind (1.9) is straightforward: a decision is counterfactually fair if it re-
mains unchanged had the individual belonged to a different group in O. In terms of
notation, Yy, (U) in (1.9) signifies “what the outcome ¥ would have been” under the
latent variable U if O had been o’. Given a structural causal model (SCM) M, each
individual counterfactual quantity is derived through causality’s abduction, action, and
prediction steps, based on individual values for X and O. Since its initial introduction,
this concept has been expanded in various studies. For instance, Chiappa (2019) exam-
ines counterfactual fairness along particular paths in the SCM M, while Kilbertus et al.
(2019) investigates the robustness of counterfactual assertions in the presence of hidden
confounders within M. Additionally, Kusner ef al. (2017), a companion to Kusner et al.
(2017), explores counterfactual fairness across multiple causal graphs, introducing the
concept of approximate counterfactual fairness. Here, the model is considered approxi-
mately counterfactually fair within an € difference across various worldviews, meaning
fairness claims hold across multiple causal frameworks.

A key challenge with causal definitions, particularly for counterfactual questions in
Fair ML, lies in the fact that we can only observe the factual outcome Y, not the hypo-
thetical counterfactual outcome Y<F. Addressing this issue generally boils down to either
a matching approach, widely used outside of ML, or a representation learning approach,
which is more common within ML. At its core, counterfactual reasoning aims to answer
questions about a particular individual or unit where we observe only one outcome (what
actually occurred) and imagine an alternative outcome (what might have occurred). Ide-
ally, we would have access to both the factual and counterfactual versions of each unit
or individual, but this isn’t possible in reality. The next best option is either to find a
comparable individual that closely resembles the counterfactual scenario or to generate
a representation that serves as the desired counterfactual.

In causal fairness definitions, the line between individual and group-level fairness is
often unclear. Since many of these definitions rely on comparing individual profiles,
they tend to emphasize individual fairness. This focus is even stronger in cases involv-
ing counterfactual reasoning, which is inherently individual-based (e.g., Kusner et al.
(2017)). However, causality also implies a structure that applies universally to individ-
uals (e.g.,). If a causal effect holds for one person within a group, it should logically
extend to other members of that group. Although rarely discussed, this distinction mat-
ters—particularly as discrimination claims are made on an individual basis yet often
argued at the group level. We now examine Kilbertus et al. (2017), which uses causal
reasoning with an SCM M to formalize concepts of discrimination. This approach, as
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detailed in the definitions below, relies on the structure of the causal graph. The starting
assumption is that any path, direct or indirect, from the protected attribute O is a potential
issue. This “skeptical” viewpoint is then relaxed by recognizing that some descendants
of O are less concerning than others. In this context, Kilbertus et al. (2017) introduce
resolving and proxy variables to better describe discrimination. A resolving variable is
any variable in the causal graph “that is influenced by O in a way deemed nondiscrimi-
natory,” while a proxy variable is any descendant of O “that is closely correlated with O
but, in principle, should not influence the prediction.”

1.1.3 Fairness-Enhancing Methods

Fairness-enhancing methods can be categorized into three main types, based on the stage
of the machine learning pipeline where they are applied (Bellamy et al., 2019; Friedler
et al., 2019). Numerous methods have been proposed for each category, and recent
surveys offer comprehensive overviews of these approaches (Caton and Haas, 2024).
Below, we outline the core principles of these three categories, discuss their inherent
benefits and limitations, and provide brief examples of methods within each.

Pre-processing Pre-processing methods focus on removing unwanted correlations from
training data before applying standard learning techniques to the modified data. A pri-
mary advantage of these methods is their flexibility; because they are independent of the
hypothesis class and learning algorithm, a single sanitized dataset can support multiple
downstream tasks. However, these approaches do not guarantee that the final model will
be fair, as they only aim to reduce bias within the data itself, without addressing poten-
tial biases introduced by the learning process. Additionally, pre-processing methods may
lead to notable utility losses due to the adjustments made to the training data.

Examples include Feldman er al. (2015), which adjusts the non-sensitive attributes
in the training data so that each attribute’s distribution remains consistent across groups
with different sensitive attributes. Similarly, Kamiran and Calders (2011) propose several
strategies to mitigate discrimination in the training data, such as altering class labels, re-
weighting instances, suppressing certain attributes, or re-sampling.

Jiang and Nachum (2020) note that altering instance attributes or labels may raise legal
issues, as it could be viewed as training on falsified data. They propose a re-weighting ap-
proach to adjust instance distribution and satisfy fairness constraints without modifying
the data directly. Zemel et al. (2013) present a framework for Learning Fair Representa-
tions (LFR), which seeks to obscure sensitive attributes while retaining essential informa-
tion. The resulting representations address both individual and group fairness. Similarly,
Calmon et al. (2017) aim to transform the data to reduce discrimination, maintain util-
ity, and limit distortion of individual instances by framing it as a convex optimization
problem under specific conditions.

Other methods, such as those in (Aivodji et al., 2021), use local adversarial debiasing,

12



1.1 Bias in Automated Decision-Making

employing a discriminator to detect sensitive attribute information in representations and
a sanitizer to obscure it. This process builds a sanitizer that can be applied before new
data is released, targeting fairness by preventing inference of sensitive attributes from
non-sensitive ones.

In-processing In-processing techniques, also known as algorithmic modification meth-
ods, directly modify the learning process to create models that are inherently fair. For
example, Kamishima et al. (2012) incorporate a fairness-aware regularizer into the ob-
jective function of a learning algorithm, integrating it into logistic regression models.
Additionally, Raff er al. (2018) develop fair decision trees and random forests by al-
tering how information gain is computed during greedy tree induction. Their modified
splitting criterion penalizes any splits that correlate with the values of sensitive attributes.

The Exponentiated Gradient method (Agarwal et al., 2018) addresses fairness-constrained
learning by utilizing Lagrangian relaxation to approximate the problem, framing it as a
two-player min-max game. In this setup, the learner aims to minimize an objective func-
tion, while an auditor, who possesses information about the sensitive attributes, seeks
to maximize it by identifying the most significant fairness violations. The learner then
iteratively adjusts the model’s parameters by solving a cost-sensitive classification prob-
lem, where costs are dictated by the unfairness violation coefficients established by the
auditor.

Zafar et al. (2017a) introduce a convex relaxation of conventional fairness constraints
termed decision boundary unfairness, which is measured as the covariance between sen-
sitive attributes and their signed distance from the decision boundary. This concept is
integrated into the training of convex margin-based classifiers like logistic regression
and support vector machines.

Adversarial training techniques can also be employed to prevent the inference of sen-
sitive attributes. For instance, in Beutel ef al. (2017), an adversarial classifier is linked
to the latent representation of a deep learning model, aiming to extract sensitive attribute
information, while the main network tries to obscure it. Similarly, Zhang et al. (2018a)
adopt an analogous strategy but focus on preventing correlations between the output and
sensitive attributes by connecting the adversarial component to the output layer of the
model.

In-processing methods are the most extensively researched category in the literature
(Friedler et al., 2019), with many approaches proposed within this realm. They typically
yield the best trade-offs between fairness and utility, as they utilize all available informa-
tion in the learning process to find optimal balances between the two objectives. How-
ever, their main disadvantage is that they necessitate the design of specific algorithms,
which can increase complexity and complicate training processes (Jiang and Nachum,
2020).
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Post-processing Post-processing methods adjust the outputs of an already trained clas-
sifier to ensure fairness. One such approach is the Threshold Optimizer (Hardt et al.,
2016), which utilizes Linear Programming to calculate the probabilities of modifying
the original model’s predictions for each protected group. This results in a randomized
classifier that meets statistical fairness criteria (such as equalized odds) on average. In
subsequent research, Pleiss ef al. (2017) apply similar strategies, but with a focus on
outputs from calibrated classifiers.

Another method, proposed by Kamiran et al. (2012), seeks to restore fairness by as-
signing unfavorable outcomes to individuals from privileged groups while attributing
favorable outcomes to those from unprivileged groups, particularly targeting examples
that are low in confidence and close to the decision boundary. Additionally, Lohia et al.
(2019) adjust the predictions for certain examples within protected groups to enhance
specific statistical fairness metrics. This method identifies examples likely to produce
poor individual fairness scores, thereby improving both individual and statistical fairness
simultaneously.

There are also model-specific techniques, such as the one proposed by Kamiran et al.
(2010), which alters the labels in the leaves of a trained decision tree to comply with
fairness criteria. However, most post-processing approaches are model-agnostic, making
them particularly effective in scenarios where an unfair model has already been trained.
A common limitation of these methods is that they typically require access to sensi-
tive attributes during inference, which can be considered a form of disparate treatment
and may be restricted in many contexts (Barocas and Selbst, 2014; Zafar et al., 2017a).
Moreover, because these fairness adjustments occur after the training phase, the resulting
trade-offs may be far from optimal (Woodworth et al., 2017).

1.1.4 Further Considerations in Fair Machine Learning
Compatibility and Applicability of Fairness Notions

The literature highlights various challenges related to the implementation of the fairness
metrics mentioned earlier. For instance, recent studies indicate that certain fairness con-
cepts may be mutually exclusive. Additionally, these definitions have primarily been
developed by the computer science field to measure and quantify fairness, leading to
skepticism about whether they genuinely reflect meaningful fairness. Moreover, practi-
cal applications of these metrics present additional concerns. The following sections will
delve deeper into these issues.

(In)compatibility of individual and statistical fairness. According to Friedler et al.
(2016), achieving both statistical and individual fairness at the same time is often impos-
sible, and they present results to support this claim. Empirical evidence has demonstrated
that these two concepts can be in conflict with each other. Nevertheless, some studies
have attempted to tackle both fairness notions together.

Joint enforcement of both concepts. Various frameworks have been developed to ad-
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dress both individual and statistical fairness concurrently. For example, Zemel et al.
(2013) incorporate statistical fairness constraints into their method for learning fair rep-
resentations, ensuring that an individual’s likelihood of being included in a prototype’s
cluster is not affected by their belonging to a protected group. Additionally, Lohia et al.
(2019) introduce a post-processing technique that adjusts the predictions for certain ex-
amples within protected groups to enhance statistical fairness. By focusing on examples
that have low individual fairness scores, this approach effectively optimizes both indi-
vidual and statistical fairness at the same time.

Alignment of both concepts. According to Dwork et al. (2012), individual fairness, de-
fined as a Lipschitz condition, suggests that statistical parity can be achieved if members
of different protected groups are sufficiently similar. They illustrate this by showing that
with a carefully selected distance metric for individuals, the violation of statistical parity
can be bounded by the original distance between the distributions of protected groups
and the enforced Lipschitz condition for individual fairness. When the distributions of
the protected groups differ significantly, this theoretical upper bound becomes loose, ne-
cessitating affirmative action (i.e., preferential treatment) to maintain fairness. In such
instances, individual and statistical fairness may strongly conflict, potentially resulting in
trivial classifiers. The individual fairness condition requires that similar examples yield
similar outcomes, while the statistical fairness condition could require dissimilar exam-
ples to have comparable outcomes, which can lead to a situation where all examples
must have similar predictions. One proposed solution is to enforce individual fairness
only within protected groups rather than between them, while still upholding statistical
fairness. Another approach involves adjusting the metric so that the Lipschitz condition
naturally leads to statistical parity. Lahoti et al. (2019) noted that their method for en-
suring individual fairness also positively affected group fairness metrics. However, they
acknowledged, consistent with the findings of Dwork ef al. (2012), that unless the dis-
tributions of features and labels are consistent across protected groups, jointly enforcing
individual and group fairness will involve some trade-offs.

Conceptual compatibility of both concepts. Binns (2020) argues that the perceived
conflict between individual and group fairness stems from the technical frameworks used
rather than being a fundamental issue with the concepts themselves. Individual fairness
relates to the principle of consistency in justice, as articulated by Aristotle, which states
that similar cases should yield similar judgments. Conversely, statistical fairness embod-
ies the principle of luck egalitarianism, which asserts that inequalities should not arise
from attributes or circumstances beyond an individual’s control. The principles of con-
sistency and egalitarianism are not inherently at odds and may even support each other.
Furthermore, the author suggests that individual and statistical fairness can be applied
interchangeably by choosing appropriate metrics.

On the relationship with non-technical fairness notions. An important finding by
Binns (2020) is that neither individual fairness nor statistical fairness effectively cap-
tures the concept of individualized justice as articulated by Aristotle. Fair models, like
all machine learning systems, depend on prior examples and generalization to produce
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new predictions, which contradicts the principle of completely individualized treatment.
Selbst et al. (2019) point out that current fairness metrics do not adequately address the
societal context that is critical to fairness applications. Fairness tends to be specific to
particular problems, which can be at odds with the proposed mathematical frameworks.
Additionally, a fair model should be viewed as a part of a larger system. Optimizing the
model without considering its broader context and anticipating its impact on that context
are significant factors that current formulations often overlook. These studies highlight
fundamental shortcomings in existing fairness definitions: they may not resonate with
broader, non-technical interpretations of fairness (Datta et al., 2023), and they might
also fall short of fulfilling legal obligations, which typically encompass more than a sin-
gle statistical metric (Watkins and Chen, 2024). Moreover, fairness-enhancing strategies
can lead to cascading effects, where addressing unfairness at one stage of the machine
learning pipeline may introduce new biases at later stages (Krco et al., 2023). Static fair-
ness measures may also produce unintended consequences over time (Liu ef al., 2019a).
This underscores the importance of thoroughly understanding the long-term impacts of
fairness interventions throughout the entire development and deployment processes.

On the applicability of current fairness metrics. As previously discussed, a variety of
fairness concepts and corresponding metrics have been proposed. According to Ignatiev
et al. (2020), a set of desirable properties for a fairness metric has been identified, and
it has been shown that only fairness through unawareness meets these criteria. How-
ever, this method has proven ineffective when proxy features—non-sensitive attributes
correlated with sensitive ones—are present (Dwork et al., 2012). For example, it has
been demonstrated that geographic location can be a reliable predictor of racial identity
(Fiscella and Fremont, 2006; Long and Albert, 2021). This illustrates that no fairness
metric is without flaws. Additionally, several studies have theoretically established im-
possibility results, indicating that many well-known group fairness metrics are not com-
patible, making it impractical to apply more than two or three simultaneously (Defrance
and Bie, 2023). Nevertheless, certain metrics may be better suited for specific contexts.
Consequently, when confronted with a decision-making scenario, it is essential to de-
termine which fairness metric is most appropriate. The work of Makhlouf er al. (2021)
addresses this issue by first identifying the critical characteristics of the problem, such
as the presence of explaining variables (proxy features that can justifiably account for
an unfair outcome), the likelihood of intersectionality, and the significance of false/true
positives/negatives in the context. They ultimately develop a decision diagram to guide
the selection of a fairness concept based on these characteristics. Another limitation is
that much of the fairness literature focuses on binary classification tasks. The defini-
tion and implementation of fairness in other contexts, such as multi-class classification,
regression, or even reinforcement learning, are still underdeveloped. In the following
subsection, we will explore the definitions and applications of fairness concepts in multi-
class classification settings.
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Long-Term Impact of Fairness A typical ML pipeline in the real-world does not end
after model learning or model deployment. Instead, the ML life-cycle continues with
post-deployment tasks such as further data collection to perform model updates, i.e., re-
train future versions of the ML system. The current version of the model determines
which data/labels are collected for future training, thus inadvertently introducing feed-
back loops into the system. For example, in a credit lending system possible loan defaults
(target class label) can only be observed if the current lending systems grants a loan in
the first place (Liu et al., 2019a). Similar feedback loops have been observed in predic-
tive policing, recommender systems, pretrial detention and employment (Ferraro et al.,
2021; Ensign et al., 2018; Lum and Isaac, 2016). Similarly, Liu et al. (2019a) and Zhang
et al. (2018a) investigate long-term impact of fairness interventions in ML systems and
show that short term fairness goals can introduce unexpected and counter-intuitive harms
to the protected group. For instance, enforcing fairness criteria such as statistical parity
in the predictive outcomes may have undesirable effects such as increased loan default
rate amongst the members of the protected group, which can in turn affect future loan
opportunities for the protected group members. D’ Amour et al. (2020) built on these
results and developed a simulation framework to study long term dynamics in fair ML
systems.

In real-world applications, an ML pipeline does not conclude with model training or
deployment. Instead, the lifecycle extends to post-deployment tasks, such as collecting
new data for updating or retraining future versions of the model. The current model
version influences which data and labels are collected for future training, unintention-
ally introducing feedback loops. For instance, in a credit lending system, possible loan
defaults (the target label) can only be observed if loans are initially approved by the cur-
rent system (Liu et al., 2019a). Similar feedback loops have been documented in areas
like predictive policing, recommendation engines, pretrial detention, and hiring (Ferraro
et al., 2021; Ensign et al., 2018; Lum and Isaac, 2016). Additionally, Liu et al. (2019a)
and Zhang et al. (2018a) explored the long-term effects of fairness interventions, reveal-
ing that short-term fairness goals can sometimes lead to unintended harms for protected
groups. For example, enforcing fairness criteria such as statistical parity in predictions
may inadvertently raise loan default rates within the protected group, potentially limiting
future loan access for its members. Building on these findings, D’ Amour et al. (2020)
developed a simulation framework to analyze long-term dynamics in fair ML systems.

1.1.5 Importance reweighting in Machine learning

Importance weighting is a key technique in statistics and machine learning that ad-
justs the objective function or probability distribution according to the significance of
each instance. Its straightforward yet effective nature has resulted in numerous appli-
cations across various domains. For instance, in supervised learning, when there is
a known difference between training and test distributions—referred to as distribution
shift—importance weighting can ensure statistically favorable outcomes by utilizing the
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density ratio. This concept has been successfully adapted in many areas of machine
learning in recent years. Often termed importance weighting, this approach has been
shown to be beneficial in a range of applied tasks. It has proven useful in several sub-
fields of machine learning, including Distribution Shift Adaptation, Active Learning,
Model Calibration, Positive-Unlabeled Learning, Label Noise Correction, and Subgroup
Fairness.

1.2
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1.2 Publications

I also include a list of papers under submission at the time of writing:
* Xuan Zhao, Simone Fabbrizzi, Paula Reyero Lobo, Siamak Ghodsi, Klaus Broele-
mann, Steffen Staab and Gjergji Kasneci. Adversarial Reweighting Guided by

Wasserstein Distance for Bias Mitigation.

Not all of the publications listed above are included in this thesis. I will highlight
when a chapter is based on a published work.
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Chapter 2

Adversarial Reweighting Guided by
Wasserstein Distance for Bias
Mitigation

This chapter is based on the paper: Zhao, X., et al. Adversarial Reweighting Guided by
Wasserstein Distance for Bias Mitigation. It is currently under submission.

Machine learning models trained on personal data may discriminate against groups
with sensitive attributes. Broadly speaking, there are three major paradigms to address
this problem. The first paradigm assumes fairness can be measured. Then, the minimiza-
tion of unfairness metrics is integrated in the empirical risk minimization as a multi-
objective optimization problem (Aghaei et al., 2019; Berk et al., 2017). The second
paradigm assumes that discrimination arises from the use of protected (i.e., sensitive)
attributes and those correlated to them. Removing sensitive information from the input
data can support learning fair models (Creager et al., 2019). The third paradigm builds on
the assumption that discrimination arises from biased labeling processes (e.g., through
biased domain knowledge or biased human feedback). Corresponding approaches aim at
identifying and correcting label bias (Jiang and Nachum, 2020; Krasanakis et al., 2018).
These paradigms do not deal directly with the issue that, by definition, minority groups
are smaller than the majority. The effects of under-represented data samples in the learn-
ing process are ‘overridden’ by the prevalence of data samples from the majority group.
The under-representation negatively can hide undesirable correlations between attributes
in the minority group. That is, leading to a representation bias.

We propose a reweighting scheme to mitigate predictive quality issues arising from
the imbalance among sensitive groups. We transform the data into a latent space and
use the critic of a Wasserstein Generative Adversarial Network (WGAN) with gradi-
ent penalty (Gulrajani et al., 2017) to approximate distances between samples from the
minority and reweighted majority groups. We train the model to ensure that the data
distribution is non-discriminatory with respect to sensitive groups, thereby mitigating
disparate impact. Simultaneously, the empirical risk for the classification task is mini-
mized. The rationale for our method is that if subgroups are sufficiently represented in a
non-discriminatory way, bias in prediction would be substantially reduced, if not elimi-
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nated (Chai and Wang, 2022). Our method is different from existing adversarial methods
(Adel et al., 2019; Madras et al., 2018; Stanczuk et al., 2021) in exploiting the compe-
tition between the reweighing component and the discriminator of the GAN framework.
We perform experiments on different datasets and compare with four state-of-the-art
fairness-aware methods. Our method outperforms its competitors in mitigating disparate
impact while maintaining high prediction quality, as demonstrated by the experimental
evaluation of image and tabular benchmark datasets.

We summarize our contribution as follows: (1) We formulate a novel data transfor-
mation and sample-based reweighting method for mitigating representation bias related
to sensitive groups in classification tasks. (2) We show theoretically that by closing the
Wasserstein distance gap between sensitive groups in the latent space during training, our
reweighting approach leads to predictions that adhere to demographic parity. (3) We pro-
vide a thorough evaluation of the proposed technique on image and tabular benchmark
datasets and show the viability of our approach with respect to robustness to fairness,
accuracy and label noise.

2.1 Problem Setting

The disproportionate presence of various demographic groups within a sample popula-
tion can result in the marginalization of minority communities when machine learning
algorithms are used for automated decision-making. The inherent lack of adequate rep-
resentation of minority groups in the dataset obscures the disparities in treatment among
different subpopulations, posing challenges in addressing them effectively during the
learning process. The inherent nature of minority groups being smaller in size com-
pared to the majority is a recognized issue. In the learning process, the impact of under-
represented data samples is overshadowed by the abundance of data from the majority
group. This under-representation detrimentally impacts the effectiveness of fairness met-
rics, potentially masking problematic correlations among attributes within the minority
group. This phenomenon is commonly referred to as representation bias.

In this study, we analyze binary classifiers that generate predictions y € {0, 1} for a
given dataset D = {(x1,y1),- .., (Xn,yn)|[xi € X CRYy; €Y = {0,1}}, where x; denotes
attribute vectors, and y; represents the target label of data instance i. The first component
of x;, denoted as s; = x;; € {0, 1}, describes the sensitive attribute. The values of the
sensitive attributes s; distinguish between the majority group, comprising n, samples,
and the minority (i.e., sensitive or under-represented) group, comprising n, samples.
Without loss of generality, we assume that Vi: 1 <i<n,=s;=1Viin,+1<i<n=
N 0.
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2.2 Our Adversarial Reweighting Approach

2.2.1 Problem formulation for representation bias

We introduce an innovative adversarial reweighting technique aimed at mitigating the
effects of representation bias. Our method aims to equalize the distribution of data be-
tween the majority and minority groups by reducing the emphasis on samples from the
majority group. To optimize empirical risk, our approach prioritizes samples from the
majority group that exhibit proximity to the minority group, as assessed through the
Wasserstein distance.

Consider a feature extractor Fy : X — Z C R¥ that converts raw data from the dataset
D into a latent feature space. This transformation function acts as an embedding com-
ponent, facilitating more efficient comparison of instances in the latent space. A binary
classifier Cg : Z — Y with parameters 6 maps the outputs of the transformation Fy (x) to a
binary label y € Y = {0, 1}. For simplicity, we illustrate our approach in the context of a
binary sensitive attribute. However, extending our method to handle a multi-categorical
sensitive attribute or multiple sensitive attributes is straightforward. This extension in-
volves designating one subgroup as a reference group and iteratively reweighting other
subgroups to achieve demographic parity.

As part of our problem formulation, we specify the training objective as minimizing
the weighted empirical risk, which is defined as:

n
meinz wiL(yi,(CooFy)(x;)), withw; >0 2.1
i=1

with £ denoting the cross-entropy loss, the overarching pipeline we aim to construct
is depicted in Figure 2.1. The inclusion of a feature extractor is discretionary and might
be unnecessary given the low dimensionality of the data.

When all training samples are assigned equal weights, the classifier tends to prioritize
the majority group, thus introducing representation bias. We aim to preserve the weights
for samples from the minority group (i.e., Vi: s; = 0 = w; = 1) while reducing the weights
for samples from the majority group. This adjustment ensures that the total weights
remain consistent across both groups:

p
Y wi=n, 2.2)
i=1

In order to prevent information loss caused by assigning zero weights to certain samples
from the majority group, we introduce a regularization constraint into our risk minimiza-
tion term:

np n, 5
Y (wi— n—) < Tny, (2.3)
i=1 p
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Figure 2.1: Architecture of our approach. The arrows show the computational flow for the minor-
ity (resp. majority) group in the classification task (e.g., predicting whether a person in the image
is wearing a hat). Representation bias is indicated by blue and red triangles. Both minority and
majority groups are mapped onto a latent space by the feature extractor. Then, majority group
instances are reweighted to match the minority group distribution, aiming to decrease the distance
with respect to the sensitive attribute.

The sum is minimal (namely zero) if Vi: w; = Z—;. By manipulating the value of 7', we
can achieve a balance between the similarity and dissimilarity of the weights assigned to
samples from the majority group.

Collectively, Equations (2.1), (2.2), and (2.3) delineate the problem space. However,
individually, they do not comprehensively address differences within and between sam-
ple groups, thus not consistently enhancing group-based fairness metrics. The current
challenge is to devise a weighting scheme that satisfies Equations (2.1), (2.2), and (2.3)
while effectively mitigating representation bias in a robust manner.

2.2.2 Adversarial reweighting for demorgraphic parity

In the following, we first show that enforcing a small Wasserstein distance in the la-
tent space ensures small distance in the prediction space. Then, we discuss the detailed
adversarial reweighting model.

Our weighting scheme aims to determine weights such that the distributions of the ma-
jority and minority groups become more similar, thereby reducing the likelihood of bi-
ased and unfair predictions by the classifier. Through adversarial learning of data weights
in the majority group, our objective is to focus more on samples within the majority group
that closely resemble those in the minority group during training, while retaining valu-
able information from other samples in the majority group. We gauge the similarity of
weighted distributions using the Wasserstein distance in the latent space, as approximat-
ing this distance in a low-dimensional space is computationally more efficient.

In the subsequent discussion, we initially demonstrate that enforcing a small Wasser-
stein distance in the latent space correlates with a small distance in the prediction space.
Subsequently, we delve into the intricacies of our adversarial reweighting model.
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Theoretical proof of enforcing demographic parity We demonstrate that ensuring a
small Wasserstein distance, denoted as W (-, -), in the latent space also leads to a small
Wasserstein distance in the prediction space.

Proposition 1. Given two measures [l and v over a metric space (Z,dz) and a K-
Lipschitz function C : (Z,dz) — (Y,dy), we have that

W(Cspt,Cyv) <K-W(u,v)
Where Cyll is the push-forward measure along the function C.

Proof. The proof goes as follows:

W(C#[.L,C#V) = sup /de#u—/de#v
feLipy(v) 7Y Y

(Kantorovich duality)

—  sup /foCd,u—/foCdv
(Y) Z VA

SfELip;
(Property of the push-forward)

= sup K-( Edﬂ—/focdv)
fELipi(¥) z K z K

< sup K-(/hd,u—/hdv)
heLipy(Z) z z

foC . o
1-Lipschit
( X 18 ipschitz)
=K-W(u,v) 4)
Where Lip; (Y) indicates the set of 1-Lipschitz functions f : ¥ — R. O

Please note that when dealing with classifiers over a finite dataset, the K-Lipschitz
condition for a binary classifier C : Z — {0, 1} implies that for every pair of points z
and 7’ such that C(z) # C(Z’), the distance between them, denoted as dz(z,7’), satisfies
% < dz(z,7'). This condition holds because the set {0,1} is equipped with the discrete
metric. Given that we are working with finite datasets, we can always find a suitable
K. It’s essential to note that this result is specific to a particular dataset and doesn’t
generalize unless we assume that the condition % < dy(z,7') holds true for every z and 7/
such that C(z) # C(Z') also applies to new data.

Therefore, if the Wasserstein distance is close to 0 in the latent space, it will also be
close to 0 in the prediction space. Here, W (Cyut,Cyv) = 0 implies that Cyit = CyV, indi-
cating demographic parity. In essence, defining the distribution { := % u+ %v represents
the probability of being sampled from either the majority or minority groups. As both
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and v are discrete, we have Cy{ = %C#,Ll + %C#v. Thus, Cgt = CyVv implies that the prob-
ability of C(z) = 1 is independent of whether z is sampled from the majority or minority
groups.

Adversarial reweighting model

We estimate the Wasserstein distance computationally by employing a neural network
discriminator D and implementing the gradient penalty technique, as introduced in WGAN-
GP (Gulrajani et al., 2017):

W (i, v) ~ max (Eeu[D(z:6p)] —Eoy[D(Z;6p)]) (2.5)

We define the (weighted) empirical distributions of the minority group Py and the
majority group Pp(w) using the Dirac delta function 6(-) as

1 n
Pu=— Y &(F(x)), (2.6)
My i:n,,—H
nu ; w;0 , with ,;Wl =ny, 2.7

Then, we optimize the weights by minimizing the Wasserstein distance between the
minority and reweighted majority distributions, whereby Equations (2 2) and (2. 3) define
the solution space for the weights W = {w : w = (w,w», ...,wnp) wi =0 ): Powi =
nu»Z:lil(Wi - %)2 < Tnu}:

min W (Py, Pp(W)) (2.8)
wew

Because of Proposition 1, we know that such minimization contributes to reducing the
disparity between majority and minority groups.

If f is a measurable function and it = Y o;6(x;) a discrete distribution, we have that
fat =Y 0:6(f(x;)). Hence, combining Equations (2.5) and (2.8) results into a minmax
problem, yields:

np - u,
min r%ix(lz{w, (s 6p) — ;D(Zi ; eD)) (2.9)

In Equation (2.9), the discriminator is trained to maximize the average of its outputs
on both the minority and majority groups. Adversarially, the weights assigned to sam-
ples from the majority group are adjusted to minimize the (reweighted) average of the
discriminator’s outputs. Consequently, samples from the majority group with lower dis-
criminator outputs (indicating proximity to the minority group) receive higher weights.
Thus, formulating the reweighted cross-entropy loss based on the (reweighted) data dis-
tribution in Equation (2.1) helps alleviate representation bias concerning the minority
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groups.

2.2.3 Training algorithm

To train the feature extractor Fyy and the classifier network Cg, we update the network
parameters (¢, 0) and learn the weights w with the discriminator D while keeping others
fixed. This training process involves alternating between the following two steps:

Step 1: Updating ¢ and 6 while fixing w and 6p. We update ¢ and 0 to minimize
the loss defined in Equation (2.1) for S steps in batches, while keeping w and 6p fixed.

Step 2: Updating w and 6p while fixing ¢ and 6. We obtain embeddings of train-
ing data from both majority and minority groups using the feature extractor F, while
keeping ¢ and 60 fixed. The weights w in Equation (2.9) are learned through a min-max
optimization problem. Specifically, we optimize the weights w and the parameters 6p
of the discriminator alternatively. Initially, we set w; = 2 for all i and optimize 6p to
maximize the objective function in Equation (2.9) using the gradient penalty technique,
similar to WGAN-GP (Gulrajani et al., 2017). Then, with the discriminator fixed, we op-
timize w. Here, we denote d; = D(Fy(x;); 6p) and d = (d},d>, ...d,,p)T. The optimization
for w becomes a constrained least squares problem:

}’lp }’lp

mind’'w,s.z.w; >0, Z Wi = ny, Z(Wi — —)2 <Tny (2.10)
w ! ; n

i=1 i=1 P

2.3 Experiments

We assess the performance of our reweighting approach on three benchmark datasets,
comparing it to eight methods using four different metrics: Accuracy, Disparate Im-
pact, Disparate FPR, and Disparate FNR. Inspired by Chai and Wang (2022) we com-
pare against (1) Baseline (Neural Network (NN) based classification without fairness
constraints); (2) Simple Reweighing: NN classification with assigning same balancing
weights to samples the majority group; (3) Undersampling forms the training dataset
by balancing group sizes via undersampling from the majority group; (4) Oversampling
balances group sizes by repeating sampling from the minority group.

We choose four further competing methods mentioned in earlier sections: (5) Adap-
tive sensitive reweighting (ASR) reweights samples to balance target class occurrences.
(6) Wasserstein fair classification (WFC) matches quantiles of the predictive distribu-
tion of the sensitive group to the all-group Wasserstein barycenter. (7) Fair Adversarial
Discriminative (FAD) model (Adel et al., 2019) decorrelates the sensitive information
from the embeddings by adjusting the encoding/feature extraction process using adver-
sarial training. (8) Fairness with Adaptive Weights (FAW) constrains the sum of weights.
They (i) are designed to address bias, (ii) follow conceptually similar strategies, and (iii)
can also be flexibly applied to different modalities (tabular and images).
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Figure 2.2: Samples from the male group with the lowest and highest weights. Samples with the
lowest weights tend to wear suits and have short hair, while samples with the highest weights
tend to have longer hair.

We trained our networks on an Intel(r) Core(TM) 17-8700 CPU. The networks used
in our experiments were constructed using PyTorch (Paszke et al., 2019), and the opti-
mization described in Equation (2.10) was carried out with the CVXPY Python package
(Diamond and Boyd, 2016).

2.3.1 Data and training details
Image dataset

We create a dataset derived from CelebA (Liu et al., 2015), which consists of 90% male
images and 10% female images to highlight the issue of under-representation. The clas-
sification task is to determine whether the individual in the image is wearing a hat. For
the feature extractor F', we use the ResNet-18 (He et al., 2016) architecture, pre-trained
on ImageNet (Deng et al., 2009), but without the final fully-connected layer for simplic-
ity. The feature extractor Fy and classifier Cg are updated using the stochastic gradient
descent (SGD) algorithm (Shamir and Zhang, 2013) with a momentum of 0.9. For the
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discriminator D, we employ a similar architecture to Gulrajani et al. (2017), comprising
three fully connected layers with 512, 256, 128, 64, and 1 node, respectively, and exclud-
ing the final sigmoid function. The Adam algorithm (Kingma and Ba, 2015) is used to
update Op with a learning rate of 0.0001. Following Gulrajani et al. (2017), we adjust the
learning rate 1 using n = %, where p linearly increases from O to 1 as training
progresses. The batch sizes are set to n, = 900 and n, = 100. We update ¢ and 6 for
four steps before updating 6p for one step. A larger batch size is chosen to accurately
estimate the Wasserstein distance between distributions. Additional training details, such

as the split between training and testing datasets, are provided in the Appendix A.2.

Tabular dataset

For experiments involving tabular data, we use the Adult dataset (Kohavi, 1996) and
the UCI German Credit Risk dataset (Dua and Graff, 2017). More details about these
datasets can be found in the Appendix A.l. It is important to note that tabular datasets
typically require more preprocessing than image datasets (Borisov et al., 2022). Al-
though we recognize that gradient boosting would be more suitable for tabular data,
we were unable to find any related methods for mitigating representation bias based on
boosting. Additional training details are provided in the Appendix A.2.

2.3.2 Analysis results
Performance comparison

From Table 2.1 to Table 2.3, our approach demonstrates no loss in accuracy. Concur-
rently, it effectively mitigates Disparate Impact regarding the sensitive attribute, high-
lighting a significant advantage of our optimization over related methods. Our method is
both theoretically designed and empirically validated to reduce Disparate Impact. How-
ever, there are cases where its performance may not meet expectations or may uninten-
tionally worsen Disparate Mistreatment. To gain a clearer understanding of our method’s
performance, we present the accuracy for male and female groups separately in Table A.4
in the Appendix. Here, we primarily analyze Accuracy and Disparate Impact: WFC did
not perform as well in terms of accuracy. We believe this is due to its adjustment of pre-
diction results by aligning the Wasserstein distance between predictions over sensitive
groups, which can decrease accuracy. While ASR is a strong competitor, it requires mul-
tiple training iterations to achieve neural network convergence, making it more resource-
intensive than other approaches. The same applies to FAW. FAD struggles with imbal-
ance during decorrelation (which also tends to focus more on the majority group) but
maintains a high accuracy rate.

Figure 2.2 illustrates samples from the male group that are assigned the lowest and
highest weights. We observe that male samples which are more distant from the female
distribution receive lower weights, thereby balancing and harmonizing the male and fe-
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Table 2.1: Experimental results of classifier (Wearing Hat) on CelabA

simple methods state-of-the-art methods
baseline  reweighting undersampling oversampling ASR WEC FAD FAW Ours
Accuracy rate (%) 95.0+0.5  93.7+0.7 94.240.8 94.1+1.4 94.5+0.5 92.3+04 94.6£0.7 92.5£0.7 95.3+0.2
Disparate impact (%) 1.940.6 3.3+0.3 2.1£0.3 1.5£0.3 2.0£04 79426 272+1.0 1.9£05 0.2+£0.3
Disparate FPR (%) -33.0£1.3  -27.245.1 -29.2+1.1 -35.5+£2.1 -23.0+£34 17.7+1.3 -30.8£1.7 -18.7£1.7 -22.84+1.0
Disparate FNR (%) 30.0£1.2  36.6+4.2 30.0£1.3 29.8+2.4 26.8+£0.9 22.24+1.8 269+1.8 26.0£1.3 26.2+24

Table 2.2: Experimental results of classifier on Adult dataset

simple methods state-of-the-art methods
baseline reweighting undersampling oversampling ASR WEC FAD FAW Ours
Accuracy rate (%) 83.1£04  82.54+0.3 82.14+0.3 82.1£0.9 81.6+0.3 81.8+£0.5 82.44+0.5 81.2+0.6 83.0+0.1
Disparate impact (%) 17.8£0.3 21.0+£0.4 18.7£0.5 18.6+£0.4 04+0.2 25+1.0 57£14 17404  0.8%0.5
Disparate FPR (%) 17.0+£1.0  2.3+4.7 9.2+1.3 8.4+1.6 272445 -9.840.7 -8.7£1.8 -85+2.4 -10.5+£1.1
Disparate FNR (%) 6.1+0.6 12.1£3.5 4.2+0.8 12.7£0.7 23+1.2 224413 3.2+£07 4.0+1.7 7.2£0.7

Table 2.3: Experimental results of the classifier on German Credit dataset

simple methods state-of-the-art methods
baseline reweighting undersampling oversampling ASR WEC FAD FAW Ours
Accuracy rate (%) 70.1£14 69.2£1.3 65.5+1.1 67.3+£2.9 69.1£2.4 67.0+£0.5 68.9+0.5 69.5+0.5 70.0+1.4
Disparate impact (%) 15.4+£93 89434 11.9+6.5 9.2+4.7 6.7+£2.5 32+1.0 35404 3.84+0.5 1.1£1.2
Disparate FPR (%) 7.5+4.8 19.0£3.7 13.4+7.3 12.5+8.5 1.5+09 7.2+08 1.5+0.2 92428 53%1.7
Disparate FNR (%) 6.3+3.2 9.0£3.2 15.7£8.8 11.8+8.7 09+04 52+23 1.1+£03 49425 6.7+0.9
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Figure 2.3: t-SNE of extracted embeddings before and after reweighting

male distributions. Conversely, male samples that are closer to the female distribution
are given relatively higher weights, providing additional information for the classifica-
tion task.

Embeddings and reweighting visualization

We visualize the learned weights of the majority group versus the minority group in the
CelebA dataset by showing the t-SNE embeddings of the original and reweighted em-
beddings in Figure 2.3. In Figure 2.3a on the left, the male and female groups are not
well-aligned, leading to discrimination against the female group as discussed earlier. Our
proposed reweighting method aligns the embeddings of the female group with those of
the male group before the classification step, as shown in Figure 2.3b. These visualiza-
tions partially illustrate the effectiveness of our approach in addressing representation
bias related to a sensitive attribute. Additionally, the original Wasserstein distance be-
tween the two distributions is 15.87, which reduces to 0.23 after reweighting. For more
details, please refer to Appendix A.2.

Classification with noisy label
Sensitivity to the choice of hyper-parameters

We have also examined the sensitivity of our method to the hyper-parameter 7" as shown
in Figure A.1 in the Appendix. The plots indicate that our adversarial reweighting
scheme’s performance exhibits low sensitivity to the choice of this hyper-parameter. In
our experiments, we set 7 to 5. For an analysis involving other datasets, refer to Figure
A.2 in the Appendix.
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Figure 2.4: Change of accuracy and disparate impact under different noise ratios on CelebA. Note
that we enforce Demographic Parity which is selection rate parity (which our method can implic-
itly mitigate) and we believe this is the reason why our method is so robust to noisy labeling.

Ablation tests

Ablation test for MMD and JS-divergence dissimilarity measures.

We also performed an ablation test using Jensen-Shannon divergence (JS) and maxi-
mum mean discrepancy (MMD) instead of Wasserstein distance to learn the weights in
our framework on the CelebA dataset. As shown in Figures 2.5 and A.5 (see Appendix),
our method’s performance using the Wasserstein distance surpasses that of JS and MMD.
The Wasserstein distance may be more effective for measuring distances between distri-
butions that are more disjoint. MMD with kernels may struggle to capture very complex
distances in high-dimensional spaces compared to the Wasserstein distance. While the
Wasserstein distance is superior for accuracy and disparate impact, it is not necessarily
better for Disparate FPR and FNR.

Ablation test for assigning weights to both groups or only to the minority group.

Our method is specifically designed to reweight samples from the majority group in
order to narrow the gap of the Wasserstein distance between the two sensitive groups.
To investigate the assignment of weights to both groups, we conducted an ablation test
where we alternately assigned weights to one group while keeping the other group with
fixed weights until convergence. The Wasserstein distance between the two groups was
measured at 0.17 for CelebA. Additionally, we tested assigning weights only to the mi-
nority group, resulting in a Wasserstein distance after reweighting of 1.29. As mentioned
earlier, the Wasserstein distance achieved by our method (assigning weights only to the
majority group) after reweighting is 0.23. This suggests that the difference between
reweighting both groups and only the majority group is minimal, while the disparity be-
tween reweighting only the majority group and the minority group is substantial. Hence,
we opt to reweight the majority group in our method. For further details, please consult
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Figure 2.5: Sensitivity of different distance measures on CelebA dataset
Appendix A.2.

Convergence

Please refer to Figure A.4 in the Appendix for the convergence of test error in our method.
It can be observed that our method achieves convergence in a time frame that is approxi-

mately similar to the baseline (NN-based classification without fairness constraint), albeit
with a slightly higher test error.

2.4 Related Work

2.4.1 Adversarial methods

Existing adversarial fairness methods (Adel et al., 2019; Madras et al., 2018; Stanczuk
et al.,2021) utilize a discriminator in an in-processing manner to decorrelate embeddings
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from the sensitive attribute. The authors of Choi et al. (2019) and Kim et al. (2019)
propose minimizing mutual information between biased labels and embeddings through
adversarial training. These approaches aim to disentangle the sensitive attribute in the
latent space, but they do not address the under-representation of sensitive groups. In
contrast, our work tackles representation bias in the decorrelation process by reweighting
to align the distributions of sensitive groups, rather than solely adjusting the encoder.

2.4.2 Reweighting methods

The Fairness with Adaptive Weights approach (Chai and Wang, 2022) enforces equal
sums of weights among sensitive groups, assigning weights to samples according to their
likelihood of misclassification. Meanwhile, Adaptive Sensitive Reweighting to mitigate
bias (Krasanakis et al., 2018) assigns weights based on how well samples align with
unobserved true labeling. For instance, Adversarial Reweighting for domain adaptation
(Gu et al., 2021) aims to align distributions of source and target domains, addressing the
domain adaptation problem. In our work, we extend reweighting based on Wasserstein
distance to the realm of fairness.

2.4.3 Imbalanced classification

There are two primary approaches to imbalanced classification: resampling and cost-
sensitive learning. Resampling methods aim to achieve balance between class groups by
either oversampling the group with a small size (typically the minority group in fairness
settings) or undersampling the group with a large size (usually the majority group in
fairness settings), or a combination of both. For example, Bao et al. (2020) conducts
classification by utilizing clustering centers in the latent space to balance among the
groups, effectively equivalent to undersampling all groups.

Cost-sensitive learning involves assigning higher weights to samples from groups with
smaller sizes during training, thereby increasing the cost of misclassifying these sam-
ples compared to those from larger groups. Various methods exist for determining these
weighting schemes. For instance, in Huang et al. (2020), the authors balance group
representations by imposing constraints on the embedding to maintain inter-cluster mar-
gins within and between classes. It’s important to note that these methods address class
imbalance, while our work specifically targets imbalance related to sensitive attributes.

2.4.4 Fairness notions

Disparate treatment (Zafar et al., 2017b) arises when the classifier produces different pre-
dictions for individuals with identical input features but from different sensitive groups.
To mitigate this, the classifier should be calibrated across sensitive groups: P(J|x,s) =

P(Jlx).
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Disparate impact (Kamiran and Calders, 2011) assesses the difference in positive out-
come rates between groups and is eradicated when the predictive outcome y is inde-
pendent of s: P(y|s = 0) = P(§|s = 1). However, eliminating disparate impact doesn’t
guarantee a fair classifier. Uneven sample distribution among sensitive groups may cause
the classifier to prioritize the majority group while overlooking decisions regarding the
minority group. Moreover, achieving zero disparate impact may come at the expense of
classifier performance since statistical characteristics of different sensitive groups often
differ.

Disparate mistreatment (Hardt et al., 2016) arises when misclassification rates, includ-
ing false positives and false negatives, vary across different sensitive groups. Assessing
disparate mistreatment requires labeled data.

Previous studies, such as Chouldechova (2017), have noted that there is typically a
trade-off among the criteria for disparate mistreatment. Disparate False Positive Rate
(FPR) and Disparate False Negative Rate (FNR) are commonly utilized to mitigate dis-
parate mistreatment: P(§ £ yly=1,5) =P(§#yly=1) and P(J # y|ly =0,s) = P(§ #
yly=0).

2.4.5 Wasserstein distance methods

Definition The Wasserstein distance between two distributions p and v is defined by
W (u,v) = mingenB vy z[[lx —x'||P], where IT s the set of couplings of u and v, i.e.,
1= {7| [7(x,x)dx' = u(x),[ w(x,x")dx = v(¥')}, and p > 1. In the later sections of
this work, p = 2. Following the Kantorovich-Rubinstein duality, we have the dual form
of the Wasserstein distance of W (i, V) = max| ¢, <1 Ex~p[f (x)] = Exy [f(x))], where

the maximization is over all 1-Lipschitz functions f: R? — R,

2.4.6 Fairness-aware classification

The Wasserstein distance, also referred to as Optimal Transport (OT) distance, is a met-
ric within the space of measures with finite moments, providing a means to assess the
dissimilarity between two distributions. A significant application of this metric’s prop-
erties is the computation of the barycenter of two distributions. This technique has been
utilized in fairness-aware classification methods (Zehlike et al., 2020; Jiang et al., 2019)
to enforce statistical parity. Notably, Wasserstein Fair Classification (WFC) (Jiang et al.,
2019) matches the predictions of the sensitive group quantiles to the predictions of the
barycenter of all groups.

Fairness with Continuous Optimal Transport (Chiappa and Pacchiano, 2021) presents
a stochastic-gradient fairness approach that relies on a dual formulation of continuous
Optimal Transport (OT) instead of discrete OT, aiming to enhance performance.
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2.4.7 Generative methods

Wasserstein Generative Adversarial Networks (WGANSs) (Gulrajani et al., 2017) aim to
minimize the Wasserstein distance between a real and a generated distribution by em-
ploying weight clipping to impose a Lipschitz constraint on the critic, thereby enhancing
the performance of conventional GANs. WGANs with Gradient Penalty (WGAN-GP)
(Gulrajani et al., 2017) offer a more relaxed version of the Lipschitz constraint, stipulat-
ing that functions are 1-Lipschitz if their gradients have a norm of at most 1 everywhere.

2.5 Discussion and Conclusion

Our approach represents a conceptual departure from previous efforts in fairness-aware
machine learning. We focus on balancing and harmonizing protected groups defined
by sensitive attributes, minimizing empirical risk, and achieving competitive predictive
accuracy, fairness, and robustness. Theoretical literature has extensively explored the in-
herent balance between fairness and utility, and empirical experiments have consistently
demonstrated trade-offs in practice. However, these discussions often revolve around a
fixed distribution that may not align with real-world scenarios. We contend that an ideal
distribution exists where fairness and utility coexist harmoniously. Through our com-
bined approach of data reweighing and classifier training, we aim to transcend biased
distributions and alleviate trade-offs. Our experiments indicate that our method can mit-
igate the need to discard sensitive attributes or impose specific fairness constraints, thus
circumventing challenges associated with determining critical hyperparameters such as
regularization factors. One limitation of our work is that WGAN-GP may struggle to
accurately approximate the Wasserstein distance (Mallasto et al., 2019; Stanczuk et al.,
2021).
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Chapter 3

Causal Fairness-Guided Dataset
Reweighting using Neural Networks

This chapter is based on the conference paper: Zhao, X., K. Broelemann, S. Ruggieri,
and G. Kasneci. Causal Fairness-Guided Dataset Reweighting using Neural Networks.
2023 IEEE International Conference on Big Data (BigData), 2023, pp. 1386-1394.

Pre-processing data to meet fairness criteria is a significant research area in machine
learning. Models trained on biased datasets can internalize these biases and apply them,
resulting in discriminatory decisions against socially sensitive groups based on gender,
race, age, or other protected categories (Pedreschi et al., 2008; Zliobaite et al., 2011;
Hardt et al., 2016; Zhang et al., 2017, 2018c). Many methods have been proposed to
adjust the training data in order to reduce biases and meet specific fairness criteria (Zhang
et al., 2017, 2019; Edwards and Storkey, 2016; Xie et al., 2017; Madras et al., 2018;
Zhang et al., 2018b).

For reliable and effective treatment, especially in legal contexts, discrimination claims
typically need to demonstrate causal links between sensitive attributes and questionable
decisions (or predictions) rather than just associations or correlations. Unlike fairness
notions based on correlation, causality-based fairness notions and methods incorporate
an understanding of the causal structure of the problem. This understanding often uncov-
ers the data generation mechanism, aiding in the interpretation of how sensitive attributes
affect decision outcomes. Causal fairness aims to address the underlying causes of dis-
parities rather than merely attempting to eliminate them in a post-hoc manner.

We base our research framework on the ideas and concepts presented in CFGAN (Xu
et al., 2019). However, instead of generating a fair dataset as in CFGAN, we propose
a method that reweights samples to meet fairness criteria. This method employs two
neural networks to represent causal and interventional graphs, along with a discriminator
to guide the reweighting process. The general requirement for modifying datasets is to
maintain data utility for downstream tasks as much as possible. The intuition behind
our reweighting scheme is that within a dataset, some individuals are treated more fairly
within the causal mechanism. By assigning higher weights to these individuals, we can
slightly adjust the underlying causal mechanism to achieve fairness without significantly
impacting the performance of downstream tasks. This approach aims to mitigate histor-
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ical bias and, by examining the high and low weights assigned to samples, provides a
high-level understanding of these biases.

The experiments (Section 3.3) demonstrate that reweighted data surpass generated
data in terms of utility. Within the classification of bias mitigation methods into pre-
processing, in-processing, and post-processing (Roh et al., 2021; Calmon et al., 2017;
Aghaei et al., 2019; Berk et al., 2017; Hardt et al., 2016), our method is categorized as
pre-processing, as it modifies the dataset before it is used by the downstream learning
algorithm. Consequently, like other pre-processing methods, our approach is model-
agnostic.

Our contributions can be summarized as follows: (1) We introduce a novel, sample-
based reweighting method to mitigate various causal biases related to sensitive groups.
(2) We demonstrate that by simulating the underlying causal model that represents the
causal relationships in real data, and the causal model post-intervention, with the assis-
tance of a discriminator, our reweighting method results in fair reweighted data. (3) We
thoroughly evaluate the proposed technique using benchmark datasets and validate the
effectiveness of our approach.

3.1 Preliminary

Throughout this paper, we consider a structural causal model M = (U,V,F), that is
learned from a dataset D = {(s;,x;,y;) }"; where s; € S={0,1},x; eX CR?,y; €Y =
{0,1}.

1) U denotes exogenous variables that cannot be observed but constitute the back-
ground knowledge behind the model. P(U) is a joint probability distribution of the vari-
ablesin U.

2) V denotes endogenous variables that can be observed. In our work, we set V =
{S,X,Y}. S represents the sensitive attribute, Y represents the outcome attribute, and X
represents all other attributes. Additionally, s* is used to denote S = 1 and s~ to denote
S=0.

3) F denotes the deterministic functions. For each V; € V, there is a corresponding
function fvj that maps from domains of the variables in Pay; UUy, to V,, namely V; =
fv;(Pay;,Uy;). Here, Pay, C V\V; represents the parents of V;, and Uy; also represents
the parents (exogenous variables) of V;, Uy, CU.

We denote by G the causal graph G associate with M, and assume it is a Directed
Acyclic Graph (DAG).

3.1.1 Causal Fairness Criteria

To understand causal effects in the causal model M, we can use the do-operator (Pearl,
2009), which represents a physical intervention that sets a variable S € V to a constant
value s. By performing an intervention do(S = s), we replace the original function S =
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fs(Pag,Us) with S = s. This results in a change in the distribution of all variables that
are descendants of S in the causal graph. M is the interventional causal model and its
corresponding graph G; the interventional graph. In G, edges to S are deleted according
to the definition of intervention and § is replaced with constant s. The interventional
distribution for Y is denoted by P(Y|do(S = s)). Using the do-operator, we can compare
the interventional distributions under different interventions to infer the causal effect of
S onY. In this paper, we focus on the following causal causal fairness notions:

Total effect The total effect infers the causal effect of S on Y through all possible
causal paths from S to Y. The total effect of the difference of s~ to s on Y is given by
TE(sT,s”) = P(Y,+) — P(Y,-), where P(-) here refers to the interventional distribution
probability. Total fairness is satisfied if [TE(s™,s7)| < € (¢ is the fairness threshold).
Note that statistical parity is similar to total effect but is fundamentally different. Statis-
tical parity measures the conditional distributions of Y change of the sensitive attribute
from s~ to s*.

Path-specific fairness The path-specific effect is a fine-grained assessment of causal
effects, that is, it can evaluate the causal effect transmitted along certain paths. It is
used to distinguish among direct discrimination, indirect discrimination, and explainable
bias. It infers the causal effect of S on Y through a subset of causal paths from S to
Y, which is referred to as the m-specific effect denoting the subset of causal paths as 7.
The specific effect of a path set 7 on Y, caused by changing the value of § from s~ to
s with reference to s, is given by the difference of the interventional distributions:
SEx(s™,57) = P(Yst |z s z) — P(Yy-), where P(Y;+ | - |7) represents the distribution re-
sulting from intervening do(s™) only along the paths in 7 while s— is used as a reference
through other paths 7. If 7 contains all direct edge from S to Y, SEz(s™,s~) measures
the direct discrimination. If 7 contains all indirect paths from S to ¥ that pass through
proxy attributes, SE(s*,s) evaluates the indirect discrimination. Path-specific fairness
is met if [SEx(sT,s7)| < e.

Counterfactual fairness The counterfactual effect of changing S from s~ to s™ on
Y under certain conditions O = o (where O is a subset of observed attributes O C X)
for an individual with features o is given by the difference between the interventional
distributions P(Y;+|o) and P(Y;—|0): CE(s™,s™ |0) = P(Ys+|0) — P(Y,- o). Counterfactual
fairness is met if |CE(s™,s™ |0)| < €. Any context O = o represents a certain sub-group
of the population, specifically, when O = X, it represents specific individual(s).

3.1.2 Causal Discovery

Methods for extracting a causal graph from given data (causal discovery) can be broadly
classified into constraint-based and score-based approaches (Spirtes and Zhang, 2016;
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Glymour et al., 2019). Constraint-based methods, such as those by Spirtes et al. (2013),
Spirtes and Glymour (1991) and Colombo et al. (2012), use conditional independence
tests under specific assumptions to identify the Markov equivalence class of causal graphs.
Score-based methods, exemplified by Vowels et al. (2023), assess candidate graphs with
a predefined score function and search for the optimal graph within the space of Di-
rected Acyclic Graphs (DAGs). This approach is framed as a combinatorial optimization
problem.

mginScore(g;V) =L(G;V)+ARsparse(G),
s.t. G € DAG (3.1)

In the realm of causal discovery, the problem can be divided into two components,
which constrain the score function Score(G;V) and G € DAG. The score function is
comprised of: (1) the goodness-of-fit £(G;V) = 137 | 1(v;,F(v;)) is the loss of fitting
observation of v;; F' denotes the deterministic functions as defined earlier in Section 3.1
(2) the sparsity Rparse(G) which regulates the number of edges in G. A serves as a
hyperparameter that controls the regularization strengths.

In this work, we assume that the given causal graph G is learned from a score-based
causal discovery, so G should have goodness-of-fit and sparsity.

3.1.3 Intervention through Controlled Neural Networks

In Causal GAN (Kocaoglu er al., 2018), a noise vector Z is partitioned into {Zy, , Zy, ""ZV|V| }
to mimic the exogenous variables U in the structural causal model M described in Sec-
tion 3.1. The generator G(Z) contains |V| sub-neural networks {Gv,,Gv,,...,Gy,, } to
generate the values of each node V; in the graph. The input of Gy, is the output of
Gpavj combined with Zy,. Here, Gy, is trying to approximate the corresponding function

Tv; (Pavj, Uvj) in the causal model M. The adversarial game is played to ensure that the
generated observational distribution is not differentiable from the real observational dis-
tribution. In the work of CFGAN, two generators are used to simulate the causal model
M and the interventional model M, while two discriminators try to maintain that: (1)
the generated data is close to the orginal distribution, and (2) the causal effect is miti-
gated. In our work, we also use a similar design but we do not model the noise Z since
our goal is not to generate fairness-aware data, but to reweigh the given data.
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3.2 A Reweighting Approach for Different Causal
Fairness Critiria

3.2.1 Problem Formulation

As mentioned in Section 3.1, the notation used in our work is based on the conventional
approach. We are given a causal graph G and a dataset D with m i.i.d. samples drawn
from P(V). We assume that G is sufficient to describe the causal relationships between
the variables V. In this paper, we build our method on a causal graph of observational
data, so we do not specifically model U. The problem we are facing is that from the given
causal graph G, S has a causal effect on Y. Our method aims to achieve two objectives:
(1) preserve the goodness-of-fit (mentioned in Section 3.1.2) by maintaining the empir-
ical reweighted data distribution close to the original data distribution for utility of the
downstream tasks; and (2) ensure that S cannot be used to discriminate when predicting
Y based on various causal criteria in the interventional model M . We treat S and Y as
binary variables in this paper. However, this can be easily extended to multi-categorical
or numerical cases. Also, we focus on the causal effect of S on Y, but the model can
deal with causal effects among multiple variables. We try to reach the following causal
fairness notions mentioned in Section 3.1.1, including total fairness (Zhang and Barein-
boim, 2018), path-specific fairness (elimination of indirect discrimination) (Zhang et al.,
2017), and counterfactual fairness (Kusner et al., 2017).

3.2.2 Reweighting For Causal Fairness

We propose a reweighting scheme which consists of neural networks (F', F?) and one
discriminator (D). Figure 3.1 shows the framework of our method.

As shown in Section 3.2.1, causal fairness notions measures the difference between
the interventional distributions. To guarantee these notions, our method adopts two neu-
ral networks to approximate the causal relations. One neural network F! simulates the
causal model M, while the other neural network F? approximates the interventional
model M according to which kind of causal effect is measured. F! aims to force the
reweighted data close to the given causal graph, and F? aims to drive the interventional
distributions to satisfy the specific notion defined in Section 3.2.1. To represent the con-
nections between the two causal models, the two neural networks share certain structures
and parameters, while they differ in sub-neural networks to indicate the intervention (the
edges to S in the interventional graph is deleted). Then, our method adopts a discrimina-
tor D trying to distinguish the two interventional distributions (reweighted) P(Y;+) and
P(Y-). Finally, the discriminator and reweighting play an adversarial game to produce
weights for individuals in the dataset.

To better illustrate our design, we divide X into {A,B} and V = {S,A,B,Y} based on
the positions of the nodes in the causal graph — variables in A are direct causes of S and
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Figure 3.1: The framework of reweighting: the structure of NN (neural network) F! reflects the
original causal graph G; the structure of NN F? refelects the interventional causal graph Gy; the
discriminator D tells if a § estimated by F? is from the group S* or the group S~. An adverserial
game is played between the reweighting on the data samples and D to reach a situation where D is
not capable of differentiating whether y is from S* or S~ and a specific causal fairness is reached.
The weights of samples are also forwarded to F! to make sure that the reweighted empirical data
distribution is close to the original data distribution from which the causal graph G is learned.

variables in B are descendants of S and A.

Reweighting for Total Fairness

The causal graph G is shown in Figure 3.2a. We also show the interventional graph G
with the intervention do(S = s) and the edge from A to S is deleted in Gy, which is also
altered in F2. The pair of nodes connected by dashed lines indicate that they share the
same function (structures and parameters of the corresponding sub-neural networks) as
shown in Figure 3.2b. For parallel nodes in the two graphs, the corresponding sub-neural
networks are synchronized during the training process.

We first show our method to achieve total fairness by describing each components of
our design. As mentioned in Section 3.1.1, |TE(s™,s™)| < € must hold for all possible
paths from S to Y shown in Figure 3.2a.

Neural Networks F! and F2 The feed-forward Neural Network F! is constructed to
correspond with the causal graph G. It consists of |V| — r sub-neural networks (r is the
total number of the root nodes in G), with each corresponding to a node in V (expect
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Figure 3.2: The Neural Networks F!' and F? on total effect. S is 1 or O for the interventional
joint distributions Pg2(s™) (red path) and Pp2(s™) (green path), respectively. The pair of nodes
connected by dashed lines indicate that they share the same function (structures and parameters
of the corresponding sub-neural networks).

for the root nodes). Similar to what is described as the design of CFGAN in Section
3.1.3, each sub-neural network Fvlj is trying to approximate the corresponding function

fv;(Pay;) in the causal model M of the given causal graph G. When F !'is properly
trained, the causal model M is learned. Then, F‘}j outputs the estimated values of V;,
i.e., Vj. The other neural network F 2 is constructed to align with the interventional graph

Gs, where all the incoming edges to S are removed under the intervention do(S = s). The
layout of F? is analogous to F!, but with the exception that the sub-neural network FS2
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is designated as FS2 =11if s=s", and F? = 0 if s = s~. To synchronize the two neural
networks F; and F,, they share the identical set of structures and parameters for every
corresponding pair of sub-neural networks, i.e., Fvlj and F‘% for each V; except for S.
When F, is properly trained, the interventional model M is learned. With M and M
learned, we could manipulate the interventional distributions to reach our goal of causal
fairness.

Discriminator D is used to differentiate between the two interventional distributions
P+ ~ P2 (Ye+ ) and $— ~ Ppa(Y,-). The aim of the discriminator D to minimize the bias
by penalizing differences between both groups.

Weights Assuming the to-reach-causal-fairness-importance of each individual in the
given dataset is known, we can assign importance to different individuals in M to im-
prove causal fairness for any downstream task. w = (wy,...,w,) is a sample reweighting
vector with length n, where w; indicates the importance of the i-th observed sample
(si,Xi,vi). We want to reach a balance of goodness-of-fit to the known causal graph G
which is learned from D and reweighting for causal fairness.

Recall that here we assume that the known causal graph G is learned from a causal
discovery which means it achieves goodness-of-fit. We do not want the reweighted data
to drift too far from the original causal graph. We use hatted variables to represent the
output of the neural networks of the graphs. To reach this objective, we have:

n

Sp1(G) :Hllpilnzwil((siaxia)’i)a(Siyfiyfi)) (3.2)
i=1
where 1((s;,x;,yi), (si,%i,¥;)) represents the loss of fitting observation (x;,y;,s;). In
the experiment, we use weighted MSE loss for the continuous variables and weighted
cross entropy loss for the categorical variables. The problem then becomes how to learn
appropriate the sample reweighting vector w for the objective of causal fairness. We
formulate our objective as a minmax problem to reweight with Mj:
n N 3
minmax } wi(D(§; ) = D(5; ), (3.3)
i=1

To avoid information loss by assigning close to zero weights to some samples from
the group of ST, we introduce a regularization constraint to the minimization term:

(wi—1)2 < Tn (3.4)

on

i=1

Thus, by adjusting the value of 7', we can balance between similarity and dissimilarity
of the weights of samples.
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Samples easily fitted with fairness constraint should contribute more to G,: these are
the samples with less difference of discriminator outputs from do(S =s5") to do(S =s7).
We therefore use downweighting on the not-hold-fairness samples, and upweighting on
the hold-fairness samples. This could be achieved by assigning weights to samples based
on the discriminator D outputs. When the neural networks are properly trained, the
discriminator should not be able to tell if the sample is from the group of S* or S~ which
could achieve total fairness as we describe in Section 3.2.1.

Reweighting for Path-Specific Fairness

The notions of direct and indirect discrimination are connected to effects specific to cer-
tain paths. We concentrate on indirect discrimination, even though fulfilling the criterion
for direct discrimination is comparable. As mentioned in Section 3.1.1, |SEz(sT,s7)| =
|P(Ys+ 705~ ) — P(Ys-)| < € must hold for a path set 7c that includes paths passing
through certain attributes, shown in Figure B.4a (in Appendix). F' for indirect discrim-
ination is similar to that in Section 3.2.2. However, the design of F 2 is altered because
it needs to adapt to the situation where the intervention is transferred only through 7,
shown in Figure B.4b (in Appendix). We examine two possible states for the sub-neural
network FSZ: the reference state and the interventional state. Under the reference state,
F52 is constantly set to 0. On the other hand, under the interventional state, F52 18 set to
1if s =57, and 0 if s = s—. For other sub-neural networks, there are also two possible
values: the reference state and the interventional state, according to the state of FSZ. Ifa
sub-neural network corresponds to a node that is not present on any path in 7¢, it only
accepts reference states as input and generates reference states as output. However, for
any other sub-neural network F‘% that exists on at least one path in 7, it may accept both
reference and interventional states as input and generate both types of states as output.

Reweighting for Counterfactual Fairness

In the context of counterfactual fairness, interventions are made based on a subset of
variables O = 0. Both F! and F? have similar structures to those in Section 3.2.2. How-
ever, we only use samples in F? as interventional samples if they satisfy the condition
O = o. This means that the interventional distribution from F? is conditioned on O = 0 as
Pp2(X;,Ys|0). The discriminator D is designed to distinguish between $+ [0 ~ Ppa Y+ |0)
and J;- |0 ~ Pg2(Y;-|0), and aims to reach Pg2(Y;+|0) = Pp2(Y;-|0). During training, the
value of m should be adjusted based on the number of samples that are involved in the
intervention.

3.2.3 Training Algorithm

To train the network F! to minimize the loss in Equation (3.2), we alternately optimize
the network parameters of F! and D and learn the weights w by fixing others as known.
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Updating parameters of F'! with fixed w Fixing w, we update F! to minimize the loss
in Equation (3.2) for M steps, using the mini-batch stochastic gradient descent algorithm.

Updating w with fixed F? (synchronized with F!) Fixing parameters of FZ, we con-
trol the training data into two groups (S* and S™) for intervention, and learn w in Equa-
tion (3.3). Since Equation (3.3) is a min-max optimization problem, we can alternately
optimize the weights w and the parameters of D of the discriminator by fixing the other
one as known. Therefore, we first fix w; = 1 for all i and optimize D to maximize the
objective function in Equation (3.3) using the gradient penalty technique, as in WGAN
with Gradient Penalty (Gulrajani et al., 2017). Note that when w; = 1 for all i, Equation
(3.2) is equivalent to the situation when there is no reweighting applied. Then, fixing the
discriminator D, we optimize w.

We denote d; = D(§f+) —D($} ) and d = (dy,da,...d,)". The optimization problem
for w becomes a constrained least squares problem:

n
mindTw,s.t.w,- >0, Z w; =n,
W

(wi—1)2< Tn (3.5)
=1 i=1

~

3.3 Experimental Evaluation

We conduct experiments on two benchmark datasets (ADULT (Kohavi, 1996) and COM-
PAS (Mattu et al., 2016)) to evaluate our reweighting approach and compare it with state-
of-the-art methods: FairGAN (Xu et al., 2018), CFGAN (Xu et al., 2019), and Causal
Inference for Social Discrimination Reasoning (CISD) (Qureshi et al., 2020) for total ef-
fect and indirect discrimination (see Appendix (B.1) for more details about the datasets).
CISD (Qureshi et al., 2020) introduces a technique for identifying causal discrimina-
tion using propensity score analysis. It mitigates the influence of confounding variables
by reweighting samples based on propensity scores calculated from logistic regression.
However, this approach is purely statistical and does not utilize causal knowledge. We
also compare our method with CFGAN and two methods from Kusner et al. (2017)
(referred to as CE| and CEj3 in our paper) for counterfactual effect. CE; uses only non-
descendants of S for classification, while CE3 is similar but assumes an additive U.

We choose these methods because FairGAN addresses statistical parity, and CFGAN
addresses causal fairness using adversarial methods to mitigate bias, similar to our de-
sign. CISD approaches causal fairness with a weighting scheme. We then compare the
performance of our method with the aforementioned methods on total effect, indirect
discrimination, and counterfactual fairness using four different downstream classifiers:
decision tree (DT) (Wu et al., 2008), logistic regression (LR) (Cox, 1958), support vec-
tor machine (SVM) (Cortes and Vapnik, 1995), and random forest (RF) (Ho, 1998). We
assess the accuracy of the downstream tasks to determine if the data maintains good
utility, with higher accuracy indicating better utility. Additionally, for the utility of the
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downstream task, we compute the Wasserstein distance between the manipulated data
and the original data, where a smaller Wasserstein distance indicates closer distributions
and better utility for the downstream tasks.

3.3.1 The datasets and setup

Please refer to Appendix for the details of datasets and training.

3.3.2 Analysis
Total Effect

In Table 3.1, we present the total effect (TE) calculated for the original dataset and the
datasets processed using various methods. The original ADULT dataset has a total ef-
fect of 0.1854 and COMPAS 0.2389, while applying FairGAN to achieve demographic
parity yields almost no total effect. As mentioned in Section 3.1.1, total effect is very
similar to demographic parity. However, FairGAN is limited by its focus on statistical
fairness, rather than causal fairness, and does not perform well on Wasserstein distance
or downstream tasks. It is quite intuitive that if total fairness is met, total fairness should
be achieved too on the condition that the causal graph is sufficient. We test it on our two
datasets and the result is acceptable. CFGAN produces no total effect, but it performs
worse than our method on Wasserstein distance, possibly because reweighted data could
manage to stay closer to the original data distribution. Our method also outperforms
CISD, which may be due to the use of a neural network instead of logistic regression to
calculate weights, allowing for greater flexibility in capturing the dataset.

A Closer Look at the Weights After ranking the weights of samples in the Adult dataset,
we observed that older individuals from Europe or Asia (e.g., Germany and India) tend
to have the highest weights, while younger black individuals from Caribbean countries
(e.g., Jamaica and Haiti) tend to have lower weights. This suggests that when sex is
intervened from female to male, the former group is less influenced by the change, while
the latter group is more influenced in terms of income. White, middle-aged individuals
born in the US are assigned medium weights. To visualize it, we build a decision tree
to classify top 10% individuals with highest weights and bottom 10% individuals with
lowest weights using the three root nodes {race, native_country,age}, shown in Figure
3.3.

Indirect Discrimination

To address indirect discrimination (SE), we identify all possible paths except the direct
one {S — Y} as the path ¢ and evaluated the results in Table 3.1. Similar to total ef-
fect, FairGAN removes indirect discrimination but at the cost of significant utility loss.
In contrast, both CISD and our method can effectively remove indirect discrimination
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Table 3.1: The total effect (TE) and indirect discrimination (SE) on Adult and COMPAS datasets

ADULT COMPAS
total effect | indirect discrimination | Wasserstein distance m<7M_mmm_MNm moncmmw Aa\iau total effect | indirect discrimination | Wasserstein distance w<7MHmwm__M% mno:HM% Ao\avau
vinal data | 01854 0.1773 0 8178 [ 877 | 8170 (8178 [ . " 1" 02389 0.2137 o 6524 | 65.15 | 65.10 | 6527
ongmatdata | 4 0301) (0.0489) (1.45) | (1.75) | (1.63) | (1.76) | OB 0 0245) (0.0985) (2.34) | (1.46) | (2.19) | (1.09)
0.71 SI.12 | 81.20 | 81.60 | 81.14 121 65.09 | 65.13 | 65.06 | 65.11
Ours (TE) Am.mwwwv Aw.ww%v 0.19) (172 | (186) | @03) | (105) | O TB) %.wwwwv Am.wwwwv 0.32) 275) | (1.76) | 2.08) | (1.02)
Ours (SE) ’ ’ 0.69 811418097 [ 8165 8117 [~ " - : 0.72 65.11 | 65.14 | 65.02 | 65.00
ure (0.23) (1.58) | (2.01) | (1.96) | (1.92) urs (0.35) (1.98) | 2.06) | (1.12) | (1.95)
FairGAN 0.0021 0.0148 521 79.88 [ 7981 8036 [ 8082 | L. 0.0075 0.0341 324 6424 | 64.15 | 64.50 | 64.26
(0.0007) (0.0075) (0.78) (1.47) | (1.89) | (1.32) | (1.65) (0.0056) (0.0075) (1.45) 177 | 2.01) | 2.75) | (2.34)
178 80.34 | 80.15 | 80.07 | 80.39 276 6459 | 65.13 | 65.02 | 65.01
CFGAN (TE) Am.m%mv Awmmwv (0.65) 2.56) | (152) | (1.65) | (1.32) | CFOANTE) AWA%MV %.wwww (1.65) (2,65 | 2.73) | (2.03) | (2.45)
CFGANGE) | - 1.89 80.37 [80.49 [80.04 8024 [ Lo pl - 2.64 6421 | 64.25 | 64.80 | 64.87
(0.29) (1.56) | (2.05) | (1.67) | (1.09) (0.91) (2.45) | (1.75) | (1.97) | (1.54)
257 80.73 | 80.74 | 81.15 | 81.27 257 65.04 | 65.17 | 65.04 | 65.05
CISD (TE) %.mmwws Aw%wwv (0.18) 142 | 175 | .82 | a7y | CSPTE) AWAWWMMV Am.mwmv (1.61) (1.76) | (1.54) | 2.47) | (1.75)
CISD (SB) : : 282 80.75 [ 8072 [80.77 [ 8132 [~ i e 2.65 64.01 | 65.02 | 64.00 | 64.11
(0.23) (1.28) | (1.58) | (1.96) | (1.95) (1.56) (1.56) | (1.49) | (2.45) | (1.32)

Table 3.2: The counterfactual effect (CE) on Adult and COMPAS datasets

ADULT COMPAS
counterfactual effect Wasserstein distance classifier accuracy (%) counterfactual effect Wasserstein distance classifier accuracy (%)
0] 02 SVM | DT LR RF 0] 02 SVM | DT LR RF

. 0.1254 0.1265 .. 0.2079 0.1973 65.24 | 65.15 | 65.10 | 65.27
original data 0.0107) | (0.0489) 0 81.78 | 81.77 | 81.70 | 81.78 | original data (0.0303) | (0.0484) 0 235 | (132) | (1.97) | (135
Ours 0.0017 0.0030 0.98 81.14 | 81.25 | 81.67 | 81.29 Ours 0.0027 0.0037 1.43 65.11 | 65.14 | 65.07 | 65.13
(0.0009) | (0.0007) (0.10) (1.32) | (1.37) | (1.36) | (1.42) (0.0009) | (0.0109) (1.68) (2.01) | (1.35) | (1.89) | (1.68)
CE, 0.0021 0.0148 4.95 77.88 | 78.81 | 76.36 | 77.82 CE, 0.0034 0.0048 4.53 63.24 | 63.16 | 62.19 | 62.27
(0.0157) | (0.0025) (0.45) (1.65) | (1.32) | (2.06) | (1.78) (0.0007) | (0.0075) (1.56) (1.76) | (1.43) | (1.46) | (2.21)
CE; 0.1123 0.1046 3.11 80.75 | 81.59 | 81.62 | 81.43 CE; 0.1021 0.0145 1.76 64.07 | 65.03 | 64.01 | 65.10
- (0.0017) | (0.0057) (0.65) (1.76) | (2.15) | (2.01) | (1.37) i (0.0981) | (0.0025) (0.89) (1.96) | (1.95) | (1.45) | (2.89)
0.0021 0.0027 2.99 81.03 | 81.14 | 81.11 | 81.15 0.0034 0.0031 1.74 65.04 | 65.11 | 64.08 | 64.29
CFGAN (CE) (0.0039) | (0.0064) (0.78) (1.35) | (2.19) | (2.17) | (1.95) CFGAN(CE) (0.0024) | (0.0045) (1.06) (1.72) | (1.74) | (1.19) | (1.32)

48



3.3 Experimental Evaluation
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Figure 3.3: The visualize of the decision tree trying to classify individuals with low or high
weights. we see that age and race are the most important attributes to build the tree. The mapping
of label encoder for race is {’Amer — Indian — Eskimo’ : 0,/ Asian — Pac — Islander’ : 1, Black' :
2, Other' : 3 White' : 4}

while maintaining better data utility than FairGAN. Although CFGAN and CISD per-
form similarly using different techniques, our method outperforms both methods in terms
of Wasserstein distance, indicating the best overall utility among these approaches.

Counterfactual Fairness

To evaluate counterfactual effect (CE), we consider the conditions on two variables - race
and native country (binarized) for ADULT, and sex and age (binarized) for COMPAS -
resulting in four value combinations. Table 3.2 presents the results for two selections (see
Appendix (B.2) for more details). We find biases in the original data regarding counter-
factual fairness in these two selections. CEj is counterfactually fair, but the classifier
accuracy is poor because it solely employs non-descendants of the sensitive attributes
for outcome attributes. CE3 cannot achieve counterfactual fairness, probably due to the
strong assumptions while introducing U. In contrast, our method performs well on both
dimensions due to its flexibility. Although CFGAN performs well in some aspects, our
method outperforms it in Wasserstein distance, likely because reweighting better pre-
serves the original distribution than generation methods.

Summary We find out that in general neural nets-based methods outperform due to
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the flexibility of neural networks to capture any function, while reweighting outperforms
generation. We could see from the experiment results above, imposing strong assump-
tions on the U and F could cause unwanted problems, and we argue that is why neu-
ral nets should be explored more in causal fairness problem settings. Fairness related
methods usually formalize the problem as an optimization trade-off between utility and
specific fairness objectives. Nevertheless, these discussions are often based on a fixed
distribution that does not align with our current situation. We think that an ideal distri-
bution might exist where fairness and utility are in harmony. To include the reweighting
scheme into the downstream tasks could be an very interesting future direction to locate
this harmonious distribution.

3.4 Conclusion, Limitation and Future Work

We propose a novel approach for achieving causal fairness by dataset reweighting. Our
method considers different causal fairness objectives, such as total fairness, path-specific
fairness and counterfactual fairness. It consists of two feed-forward neural networks F!
and F? and a discriminator D. The structures of F! and F? are designed based on the
original causal graph G and interventional graph G;, and the discriminator D is used to
ensure causal fairness combined with a reweighting scheme. Our experiments on two
datasets show that the approach improves over state-of-the-art approaches for the con-
sidered causal fairness notions achieving minimal loss of utility. Moreover, by analyzing
the sample weights assigned by the approach, the user can gain an understanding of the
distribution of the biases in the original dataset. Future work involve analyzing the sam-
ple weights further, e.g., by using methods from the eXplainable in Al research area. As
another relevant research direction, since practitioners often lack sufficient causal graphs
when working with a dataset (Binkyte-Sadauskiene et al., 2022), an extension of our
work could involve causal discovery as an integral part of the approach.
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Chapter 4

Enhancing Fairness through
Reweighting: A Path to Attain the
Sufficiency Rule

This chapter is based on the conference paper: Zhao, X., K. Broelemann, S. Ruggieri, and
G. Kasneci. Enhancing Fairness through Reweighting: A Path to Attain the Sufficiency
Rule. Accepted at ECAI 2024.

We introduce an innovative approach to enhancing the empirical risk minimization
(ERM) process in model training through a refined reweighting scheme of the train-
ing data to enhance fairness. This scheme aims to uphold the sufficiency rule in fair-
ness, ensuring that optimal predictors maintain consistency across diverse sub-groups.
We employ a bilevel formulation to address this challenge, wherein we explore sample
reweighting strategies. Unlike conventional methods that hinge on model size, our for-
mulation bases generalization complexity on the space of sample weights. We discretize
the weights to improve training speed. Empirical validation of our method showcases its
effectiveness and robustness, revealing a consistent improvement in the balance between
prediction performance and fairness metrics across various experiments.

Machine learning has found extensive application in real-world decision-making pro-
cesses, including areas such as health care systems (Ahmad et al., 2020). However,
concerns have arisen over the propensity of learning algorithms to exhibit bias towards
certain population groups, as exemplified by predictions of crime likelihood based on
ethnicity, gender, or age (Hardt ef al., 2016). In response, algorithmic fairness has gar-
nered significant attention as a means to mitigate predictive bias linked to protected fea-
tures like gender. Consequently, numerous fairness notions catering to diverse objectives
have been proposed. While many existing approaches in classification or regression ad-
here to independence or separation rules (refer to Section 4.1 and related references)
(Madras et al., 2018; Song et al., 2019; Chzhen et al., 2020), it’s worth noting that these
rules may not always be suitable in various applications. In such cases, alternative fair-
ness notions, such as the sufficiency rule (Chouldechova, 2017), are favored. In simple
terms, the sufficiency rule, detailed in Section 4.1, ensures that the conditional expecta-
tion of E[Y |V'] remains consistent across different sub-groups, providing a more nuanced
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approach to fairness.

In practical terms, neglecting the sufficiency rule can result in significant biases within
intelligent healthcare systems. For instance, many health systems utilize algorithms to
identify and support patients with complex health requirements. These algorithms gener-
ate a score indicating the level of healthcare needs, with higher scores suggesting greater
sickness and the need for more care. Notably, a study by Obermeyer et al. (2019) uncov-
ers a widely used industry algorithm affecting millions of patients, which exhibits pro-
nounced racial bias. It was found that for a given predicted score ¥ = ¢, black patients
tend to be considerably sicker than white patients (Epqek [V Y = ¢] > Eypire[Y|Y = ¢)).
Moreover, the study highlights that rectifying this disparity could significantly increase
the percentage of black patients receiving additional care from 17.7% to 46.5%. From an
algorithmic perspective, the sufficiency rule is generally incompatible with concepts such
as independence or separation, as demonstrated in Section 4.1. This suggests that exist-
ing fair algorithms designed for independence or separation may not enhance or could
even exacerbate issues related to the sufficiency rule. Notably, recent work on Invari-
ant Risk Minimization (IRM) proposed by Arjovsky et al. (2019); Biihlmann (2018) has
potential to address this challenge since the criteria of the sufficiency rule and IRM are in-
trinsically consistent (see more details in Section 4.2.1). IRM seeks to maintain invariant
correlations between the embedding (or representation) and the true label by incorporat-
ing regularization techniques into Deep Neural Network (DNN) training; the idea being
that if these correlations remain robust and unaffected by specific sub-groups, the result-
ing representation can be considered fair. IRM aims to acquire an invariant representation
by disregarding spurious features, while fair methods aim to eliminate the dependency
from sensitive features. IRM approaches have attracted attention due to their promising
performance on modest models and datasets (Arjovsky et al., 2019) and their simplic-
ity in facilitating end-to-end training. Nevertheless, recent studies have indicated di-
minished effectiveness of the regularization terms when applied to DNNs (Cherepanova
et al., 2021; Lin et al., 2022). For instance, CelebA comprises only 200k training data,
whereas ResNet-18 boasts 11.4 million parameters. Overparameterized DNNs can eas-
ily diminish the regularization term of IRM to zero during training while still depending
on spurious features. In such scenarios, applying IRM methods directly for fairness to
uphold the sufficiency rule in relatively larger models is deemed inappropriate.

We introduce a novel approach to address the aforementioned limitation by propos-
ing a model-agnostic sample reweighting method. Our method transforms the parameter
search space of the model into one of sample weights by formalizing the learning of sam-
ple reweighting as a bilevel optimization problem. Within the inner loop, we train DNN
on the weighted training samples. In the outer loop, we employ the IRM criterion as the
outer objective to guide the learning process of the sample weights, thereby enforcing the
sufficiency rule. We iteratively alternate between the inner and outer loops, ultimately
obtaining a set of weights w with an advantageous characteristic: utilizing only learned
sample weights on training samples, we can conduct weighted ERM training to achieve
superior fairness.
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Our contributions are:

1. We introduce a model-agnostic sample reweighting approach rooted in bilevel opti-
mization for IRM learning to promote fairness. This method offers notable advan-
tages, particularly in transforming the optimization problem from the parameter
space of DNNSs to the space of sample weights. This shift effectively mitigates the
overfitting issues commonly encountered by IRM regularization-based methods.

2. Our method does not impose specific fairness constraints, thus avoiding the issue
of determining critical hyperparameters for fairness regularization. We substanti-
ate the superior performance of our approach through empirical evaluations across
diverse tasks, showcasing its effectiveness compared to state-of-the-art methods.

4.1 Preliminaries and Related Work

4.1.1 Sufficiency Rule in Fairness

We denote the predictive features as X € X, the ground truth label as ¥ € ), and the
algorithm’s output as ¥ € J). We consider a binary protected feature or two sub-groups
Dy and D;. Then, in accordance with Liu et al. (2019b), the sufficiency rule is defined
as follows:

Ep,[Y|Y =c] =Ep,[Y|V =c],YVce Y 4.1

Sufficiency Gap

Eq. (4.1) indicates that the conditional expectation of the ground truth label Y is consis-
tent across both Dy and D, given the same prediction output c. In Shui ef al. (2022), the
sufficiency gap is proposed as a metric for fairness measurement. In binary classification,
the sufficiency gap is naturally defined as follows:

Relation to Other Fairness Notions

We briefly contrast the Sufficiency rule with the commonly employed Independence and
Separation rules in binary classification. For comprehensive justifications and compar-
isons, please consult Appendix C.1.

The Independence rule is:

Ep,[Y] =Ep, [¥] (4.2)

In binary classification, the Independence rule is often referred to as demographic parity
(DP) (Zemel et al., 2013). Furthermore, it can be argued that if Pp (Y =y) # Pp, (Y =)
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(indicating distinct label distributions in the sub-groups), it is impossible for both the
Sufficiency and Independence rules to hold simultaneously (Castelnovo et al., 2022).
Separation Rule is:

Ep,[Y|Y =c] =Ep,[Y|Y =c],YceY (4.3)

In binary classification, the Separation rule is also referred to as Equalized Odds (EO)
Hardt er al. (2016). Additionally, Barocas et al. (2023) have further illustrated that if
Pp,(Y =y) # Pp, (Y =) and the joint distribution of (¥,¥) has a positive probability in
Do and Dy, then it is impossible for both the Sufficiency and Separation rules to coexist
Castelnovo et al. (2022) (please refer to Appendix C.1 for further details).

4.1.2 Invariant Risk Minimization

IRM operates under the assumption that there are multiple environments € := {ey,es,...,eg }
within the sample space X x )/, each characterized by distinct joint distributions. Fur-
thermore, it assumes that the correlation between the spurious features and labels varies
inconsistently across these environments. The predictor f(-;0) in IRM is expressed as
a composite function of a representation ¢(-;P) and a classifier &(-;v), formulated as
f(;0) =h(¢(-;P);v), where 6 = {v,®} represents the trainable parameters. The fun-
damental idea is that if a predictor f(-; ) performs effectively across all environments,
it suggests that the correlation between the spurious features and labels is not accurately
captured due to its instability (Peters et al., 2015; Arjovsky et al., 2019). Consequently,
IRM aims to minimize a specific IRM risk to identify such a robust predictor. Several
approaches have been proposed to enhance IRM: Krueger et al. (2021); Xie et al. (2020)
advocate for penalizing the variance of risks across different environments, while Chang
et al. (2020); Xu and Jaakkola (2021) attempt to estimate the violation of invariance by
training neural networks. Moreover, theoretical guarantees for IRM on linear models
with adequate training environments are provided by Arjovsky et al. (2019); Rosenfeld
et al. (2021); Chen et al. (2022).
Two popular risks are:

RI(D, 0) = LD, )+ VLD, 0)] “@4)

RREX(D, ) Zﬁ (D?,0) + AV, [L(D*,0)] (4.5)

where D = [ J* D¢ denotes the data drawn from all environments, where D¢ represents
the data from environment e. The expression V,[L£(D¢, )] signifies the variance of the
loss across various environments.

However, it has been observed that IRM exhibits diminished efficacy when applied to
overparameterized neural networks (Gulrajani and Lopez-Paz, 2021; Choe et al., 2020).
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Lin et al. (2022) elucidates that this limitation can largely be attributed to the problem
of overfitting. Consequently, utilizing these methods directly for addressing fairness
concerns is not straightforward.

4.1.3 Reweighting

Sample reweighting constitutes a classical approach for addressing various tasks such
as distribution shifts, imbalanced classification, and fairness concerns. Here, we specifi-
cally delve into reweighting methodologies associated with fairness considerations. Fair-
ness with Adaptive Weights (Chai and Wang, 2022) imposes constraints on the sum of
weights across sensitive groups to ensure equality, assigning weights to each sample
based on its likelihood of misclassification. Adaptive Sensitive Reweighting to Mitigate
Bias (Krasanakis et al., 2018) assigns weights to samples based on their alignment with
the unobserved true labeling. Li and Liu (2022) intricately models the impact of each
training sample on fairness-related metrics and predictive utility. Additionally, Zhao
et al. (2023b) utilizes Neural Networks to reweigh samples, aiming to achieve causal
fairness. To the best of our knowledge, no reweighting method has been specifically
applied to achieve the sufficiency rule in fairness. Furthermore, our method stands apart
from heuristic reweighting methods, as it does not necessitate complex hyper-parameter
selection processes.

4.2 Reweighting to Achieve Sufficiency Rule

4.2.1 Bilevel Formulation of Reweighting

Regarding a dataset D constituted as a set {(x;,y;) }?_,, where each (x;,y;) is drawn from
X x Y, the weighted empirical loss is defined as £(D,0;w) := 1 ¥ wil(f(x;;0),:),
with f(-;0) representing a neural network parameterized by 6, [(-,-) indicating the
loss function (e.g., cross-entropy or least squares loss), and w; € R™ denoting the non-
negative weight assigned to each sample.

We formulate the objective of learning sample weights to mitigate reliance on sensitive
features as the subsequent bilevel optimization problem:

vrvlé% R(D,0"(w)), (4.6)

s.t. 0" (w) € arg min L(D, 0;w)
0

Here, w denotes a vector of sample weights with a length of n, indicating the im-
portance of each training sample, where each component w; of w satisfies w; > 0. Any
IRM Risk R(D, 0) discussed in Section 4.1 can function as the outer objective. In our
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subsequent experiments, we employ the risk (4.4), denoted as IRMv1. Within the inner
loop, we minimize the weighted ERM loss on the training samples to derive a model
0*(w), while within the outer loop, we evaluate the learned model’s reliance on sensitive
features through IRM Risk and adjust the sample weights accordingly. By iteratively
alternating between the inner and outer loops, the sample weights gradually adjust to a
state where they can yield satisfactory IRM performance via straightforward ERM train-
ing. It’s worth noting that instead of environments, we have distinct sensitive groups,
such as Dy and D; as depicted in Section 4.1. Although we showcase our approach
within the context of binary sensitive groups in this section, it can be readily extended to
scenarios involving multi-categorical sensitive groups (refer to the experimental details
on the toxic comments dataset and COMPAS dataset in Section 4.3).

Our approach provides the following benefits: 1) by establishing an implicit mapping
from the sample weight space to the model parameter space in the outer loop, where the
former consistently remains smaller than the latter in deep learning tasks (as detailed in
earlier section), we effectively address overfitting issues typically associated with IRM
regularization-based methods (the objective of the outer loop); 2) our approach avoids
the need to impose specific fairness constraints, thereby circumventing the challenge of
determining critical hyperparameters for fairness regularization to achieve a better trade-
off between fairness and accuracy.

1 , A
ASuf== Y |Pp,(Y =y|Y =y) = Pp, (Y =)|V =) 4.7)

ye{()?]}

The sufficiency gap ASuf € [0,1]. A value close to 0 indicates equality between two
sub-groups, which have close Positive Predictive Values (PPV) and Negative Predictive
Values (NPV). To grasp the significance of this metric, consider a healthcare system
that only outputs binary scores: High Risk or Low Risk. As highlighted in Obermeyer
et al. (2019), if Pp, (Y = High Risk|Y = Low Risk) > Pp,,. (Y = High Risk|}' =
Low Risk), then the severity of illness is underestimated more for black patients than
for white patients. Therefore, a small value of ASuf indicates that racial discrimination
is being addressed.

Connection to the Sufficiency Rule:

We elaborate the connection between the outer loop of our bilevel objective and the
Sufficiency Rule (Shui et al., 2022).

Proposition 2. In a classification task where the prediction loss is designated as the
logistic regression loss, defined as 1og(1+exp(—yh(z))) with Y = {0, 1}, minimizing the
loss in the outer loop is tantamount to:
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Ep,[Y|Z =2l =Ep,[Y|Z=1], (4.8)
Ep, [Y|Y = 1*(z)] = Ep, [Y|V = h*(2)] (4.9)

where h* = hi = hj and z = ¢ (x).

Proposition 2 illustrates that the objective of the outer loop loss aligns with the suffi-
ciency rule in binary classification. The theoretical backbone of the paper is Proposition
2, from which the method is derived through relaxations. The proof of Proposition 2 is
straightforward, since by Definition 3 from the original paper of IRM (Arjovsky et al.,
2019) it follows that an optimal predictor performs effectively across all environments.
The data representation function ¢ elicits an invariant predictor across environments £
if and only if for all latent z in the intersection of the supports of ¢(X¢). We have
E[Y¢|¢(X¢) =z] = E[Y¢|p(X¢) =], forall ,¢’ € £. The optimal predictor is the same
across all environments, so we easily have the E[Y¢|P¢] = E[y¢ |V¢] which is the same
as the sufficiency rule. To better understand this concept, IRM addresses the challenge
of ensuring that a cow is correctly classified as a cow in a picture, regardless of whether
the background is Grass or Desert. On the other hand, the sufficiency rule aims to en-
sure that a patient predicted to be high-risk is truly high-risk, regardless of whether the
patient is Black or White.

4.2.2 Enhance Reweighting by Sparsity

We discretize the optimization method (Zhou et al., 2022) here,

min R(D, 0*(m)), (4.10)

meC
s.t. 0*(m) € arg min L(D, 0;m)
0

where the mask m € {0, 1}, represents a binary vector, and m; = 1 denotes that sam-
ple i is included in the training set, otherwise it is excluded. K is a positive integer that
determines the size of the selected set, and C = {m : m; € {0,1},|m||o < K} denotes the
feasible region of m. Essentially, the inner loop trains the network to converge on the
selected set to obtain the model 0*(m), while the outer loop assesses the loss of 8*(m)
on the entire set and optimizes it to guide the learning of m.

The distinction between our discrete bilevel formulation (4.10) and the original bilevel
formulation (4.6) lies in the absence of individual weights w; for each sample in the
sparse formulation (4.10). We opt for this sparse formulation for several reasons: 1)
empirical results demonstrate satisfactory performance even without these weights; 2)
it simplifies the development of an efficient training algorithm; 3) excluding noisy data
enhances the robustness of the model.
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Given the discrete nature of the mask m, directly solving the bilevel optimization
problem (4.10) is intractable due to its NP-hard nature. Hence, we adopt a contin-
ualization approach (Zhou et al., 2022) via probabilistic reparameterization to render
gradient-based optimization feasible. We treat each mask m; as an independent bi-
nary random variable and transform the problem into the continuous probability space.
Specifically, we reparameterize m; as a Bernoulli random variable with probability s;
for being 1 and 1 —s; for being 0, i.e., m; ~ Bern(s;), where s; € [0,1]. Assuming in-
dependence among the variables m;, the distribution function of m becomes p(m/|s) =

" (si)™(1—s;)1=™)_ Thus, we control the selected size through the sum of probabil-
ities s;, since s [[lm[l0] = L si. Consequently, C can be relaxed into C={si:
0 <s; < 1,||s||1 < K}. Finally, problem (4.10) naturally relaxes into the following:

min ¥(s) = By [R(D, 6" (m))], (4.11)
NS
s.t. 0%(m) € arg min L(D, 0;m)
0

where C = {s;: 0 < s; < 1,||s||; < K} is the domain.

Current bilevel optimization algorithms (Pedregosa, 2016; Grazzi et al., 2020) typi-
cally incur high computational costs owing to the resource-intensive implicit differenti-
ation inherent in their chain-rule-based gradient estimator. Specifically, if employed in
our context, they commonly approximate the gradient in the following manner:

V¥(s) = V0" (m)VeR(D, 0 (m)) 4.12)

Therefore, these methods require computing the implicit differentiation of the inner
loop optimum, denoted as V;6*(m), which is computationally expensive due to the ne-
cessity of calculating the inverse of a large Hessian matrix or unrolling backward propa-
gation for numerous steps. Despite the introduction of some efficient bilevel optimization
algorithms aimed at mitigating the computational load (such as Lorraine et al. (2020),
which utilized the Neumann series to approximate the Hessian inverse), the approxima-
tion process remains time-consuming. This is also why we opt for the discretization of
w.

Several beneficial aspects of our formulation (4.11) include:

1. Our formulation serves as a close relaxation (though not equivalent) of Problem
(4.10). This is evident for the following reasons:

a) It is apparent that min s ¥(s) < min, > ¥(m) since any deterministic bi-
nary mask m can be represented as a specific stochastic one by setting s; to
either 0 or 1.

b) Our constraint C induces sparsity on s through the /;-norm and the range
[0, 1], resulting in most components of the optimal s being either 0 or 1.
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Therefore, our eventually learned stochastic weight is nearly deterministic.

2. Due to the sparsity constraint, the size of the selected set in the inner loop, denoted
, remains small, which greatly enhances the efficiency of optimizing 6* (refer
to details in Appendix C.3.2).

3. Asindicated in Eq. (4.13), our outer objective ¥(s) is differentiable, enabling the
utilization of general gradient-based methods for optimization.

The probabilistic formulation of the bilevel problem allows us to circumvent these
costly computations by computing the gradient using forward propagation instead of
backward propagation. This can be illustrated by the following equations:

Vs‘P(s) = VSIE’p(m|s) [R(D7 9*(’”))]
= VS/R(D,B*(m))p(m|s)dm

B sp(ml) mls\dim
/RDO sy Pl

= / R(D, 6" (m)) Vulnp(rmls) ()
Epmis) [R(D, 07 (m))Vslnp(m]s)] (4.13)

This indicates that R(D,8(m))V,Inp(m|s) serves as an unbiased stochastic gradient
of V{¥(s). Consequently, with the inner loop optimum G(m) at hand, we can update s
(probability) via projected stochastic gradient descent:

s < Ps(s —mMR(D, 0% (m))Vlnp(m|s)) (4.14)

It’s evident that this approach does not entail any implicit differentiation, and its
component R (D, 0*(m)) can be computed through forward propagation. Additionally,
Inp(m|s) exhibits a straightforward form, and the projection possesses a closed-form so-
lution (Zhou et al., 2022) given the simplicity of the constraint C. Consequently, we can
efficiently update s.

Thus, we can tackle our bilevel optimization problem (4.11) by alternately: 1) sam-
pling m, i.e., a selected set, from p(m|s) for the inner loop and training the model on this
selected set to obtain 8*(m); 2) updating the probability s. The detailed steps are shown
in Algorithm 1.

4.3 Experiments
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Table 4.1: Accuracy and ASuf in Toxic comments (left) and CelebA datasets (right)

Toxic comments  Accuracy(?)  ASuf(]) CelebA Accuracy(t)  ASuf(])
ERM(I) 0.7684+0.004 0.1734+0.008 ERM() 0.956+0.005 0.210 +0.094
NUF(I) 0.762+0.007 0.1904+0.008 NUF(II) 0.94740.007 0.1044-0.004
IPA(III) 0.7454+0.007 0.0914£0.012  IPA(IID) 0.9384+0.103 0.09240.161
AR(IV) 0.756+0.006 0.1284+0.097 AR(V) 0.9504+0.012 0.19740.007
Ours(V) 0.763+0.004 0.028+0.004 Ours(V)  0.953+0.094 0.045+0.004

IRMv1(VI) 0.75340.004 0.0684+0.008 IRMvI1(VI) 0.946+0.009 0.088+0.007

Table 4.2: Accuracy and ASuf in Adult (left) and COMPAS datasets (right)

Adult Accuracy(?T) ASuf({) COMPAS  Accuracy(?) ASuf({)
ERM(I) 0.831+0.014 0.160+0.007 ERM() 0.652+0.024 0.276+0.094
NUFI) 0.815£0.017 0.068+0.015 NUFI) 0.633+0.032 0.15640.008
TPA(III) 0.810+0.004 0.058+0.024 TPA(III) 0.647+0.017 0.097+0.009
AR(V) 0.820+0.023 0.230+0.014 AR(V) 0.659+0.019 0.2854+0.018
Ours(V) 0.82740.016 0.03640.007 Ours(V) 0.64740.004 0.068+0.015

IRMvI(VD) 0.8254+0.018 0.032+0.012 IRMvI(VD) 0.645+0.008 0.078+0.017

We adopt the aforementioned sufficiency gap as the fair metric and accuracy as the
metric for utility. Our neural network models are trained on an Intel(r) Core(TM) i7-
8700 CPU. The networks in our experiments are built using the Pytorch package (Paszke
etal., 2019).

4.3.1 Baselines

We compare our method with (I) Empirical Risk Minimization (ERM) which trains the
model without considering fairness; (II) No Utility-Cost Fairness via Data Reweigh-
ing (NUF) (Li and Liu, 2022); (III) Fair Representation Learning through Implicit Path
Alignment (IPA) (Shui et al., 2022), an approach in the fair representation learning to
achieve also the sufficiency rule; (IV) Adversarial Reweighting Guided by Wasserstein
Distance for Bias Mitigation (AR) (Zhao et al., 2023a). Notably, the baseline (IV) is
grounded in Demographic Parity (DP), illustrating their general incompatibility with ad-
dressing the sufficiency rule. Additionally, we include the original Invariant Risk Min-
imization regularization (Arjovsky et al., 2019), denoted as IRMv1, which incorporates
a gradient penalty to encourage invariance across different groups. Even though it is
designed for another purpose, as shown earlier in Section 4.2, it has potential to address
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Algorithm 1 Reweighting for the Sufficiency Rule

Require: a neural network parameterized by 6, a dataset D, and a selected set size K.
1: Initiate probabilities s' as %1.
2: for iteration ¢ of training, where ¢ is from 1 to 7. do
3: Sample m based on the probability vector s'.
4: Continue training the inner loop until convergence achieved:

0*(m) < argminL(0;m)

5: Sample a mini?batch IC from the dataset D :
K={0x1,y1), - (i, x) ¥
6: Update s according to 6*(m) and K.
st Po(s' = MRi(D, 6% (m)) Vilnp(m|s'))
: end for
: Output: The selected set {(x;,y;) : m; = 1 and (x;,y;) € D} where m is sampled from
p(mls"™*h).

%

fairness to reach the sufficiency. Results are averaged over five repetitions. Further ex-
perimental results are provided in Appendix C.3.2.

4.3.2 Datasets and Experiment Setups

The toxic comments dataset Jigsaw (2018) presents a binary classification challenge
in natural language processing (NLP), aiming to determine whether a comment exhibits
toxicity. Originally, the labeling process for this dataset is not binary due to involvement
from multiple annotators, leading to potential discrepancies. To address this, we adopt a
straightforward strategy where a comment is classified as toxic if at least one annotator
marks it as such, similar to the approach in Shui et al. (2022). Notably, some comments
in this dataset are annotated with identity attributes such as gender and race. It has been
observed that the race attribute correlates with the toxicity label, posing a risk of predic-
tive discrimination. Therefore, we designate race as the protected feature and specifically
focus on two sub-groups: Black and Asian. For computational efficiency, we begin by
leveraging a pre-trained BERT model (Devlin et al., 2019) to extract word embeddings,
resulting in vectors of 748 dimensions.

The CelebA dataset Liu et al. (2015) comprises approximately 200K images featur-
ing celebrity faces, each associated with 40 human-annotated binary attributes such as
gender, hair color, and age. For our experiment, we randomly partitioned the dataset, se-
lecting approximately 82K images for training and 18K for validation. We employed the
ResNet-18 architecture (He et al., 2016), pre-trained on ImageNet (Deng et al., 2009),
omitting the final fully-connected layer to obtain embeddings of 512 dimensions for
simplicity. Within the CelebA dataset, our specific task involves predicting hair color
({blond, dark}) based on the image input. Notably, the gender attribute ({male, female})
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Figure 4.1: Change of accuracy and sufficiency gap under different noise ratios on Toxic com-
ments and CelebA datasets, which shows that our method is robust when the data label is noisy.

is correlated with hair color.

For experiments on tabular data, we use the Adult dataset (Kohavi, 1996) and the
COMPAS dataset (Mattu et al., 2016) (For more details of the datasets, please refer to
Appendix C.3.1). Adult dataset used personal information such as education level and
working hours per week to predict whether an individual earns more or less than $50,000
per year. We use gender as the sensitive feature in Adult dataset. COMPAS dataset is
a popular commercial algorithm used by judges and parole officers for scoring criminal
defendant’s likelihood of reoffending. We use race as the sensitive feature. Here we
report the sufficiency gap between two sub-groups of African American and Caucasian
even though that ethnicity group is a multi-categorical feature. Please refer to Appendix
for more data and training details.
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4.3.3 Analysis
Performance Comparison

In Table 4.1 and Table 4.2, we present the accuracy and sufficiency gap metrics. Notably,
we observe that the Demographic Parity (DP) based fair method (IV) is incompatible
with the sufficiency rule, as evidenced by its tendency to increase ASuf even surpassing
that of ERM. On the other hand, baselines (III, VI), which aim to track the sufficiency
rule, exhibit improved sufficiency gap ASuf with comparable accuracy, albeit inferior
to our approach in Table 4.1. This discrepancy may stem from an overparameteriza-
tion issue, as previously discussed. Our method consistently demonstrates a superior
Accuracy-Fairness trade-off, significantly enhancing sufficiency without substantial ac-
curacy loss. We observe a similar performance pattern on tabular datasets (Table 4.2).
However, the performance drop of baselines (III, VI) is less pronounced. This discrep-
ancy may be attributed to the comparatively smaller DNN models utilized in training
on tabular datasets, which are less susceptible to overparameterization compared to the
toxic comments dataset and CelebA dataset.

Robustness with Noisy Data

We extend our experimentation to scenarios where the dataset incorporates corrupted la-
bels, aiming to demonstrate the robustness of our approach. Following the model config-
uration outlined in Section 4.3.2, we introduce symmetric noise (Song et al., 2023) into
the dataset. Notably, as illustrated in Figure 2.4, our method exhibits robustness towards
variations in the dataset’s label quality, as evidenced by consistent performance in both
accuracy and sufficiency gap metrics. This robustness can be attributed to the compre-
hensive information assimilated through iterative sampling, leading to the construction
of the final weight vector w. Essentially, the sparsity induced by our method facilitates
the elimination of noisy data samples, thus preserving the model’s effectiveness.

Sensitivity to Choices of K

The selected sizes for the Toxic comments and CelebA experiments are 5000 and 10000,
respectively, as shown in Figure 4.2. As the selected sizes increase, we observe an im-
provement in both accuracy and sufficiency gap performance. Yet, beyond a certain
threshold, this improvement plateaus, aligning with the corset concept (Mirzasoleiman
et al., 2020). Corset theory suggests that there exists a small subset capable of summa-
rizing the larger dataset effectively. Training exclusively on this condensed set yields
competitive performance compared to training on the entire dataset.
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for CelebA.
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Figure 4.3: The fluctuation in the distribution of group weight fractions for ResNet-18 on the
CelebA dataset is notable. Specifically, there’s a shift to 20% for both the (Male, Blond Hair) and
(Male, Dark Hair) gourps. Similarly, the (Female, Dark Hair) and (Female, Blond Hair) groups
see their fractions adjusted to 30%. These observations suggest that our methodology is capable
of autonomously adapting weight fractions across various (sub)-groups.

Convergence of Probabilities during Search
A simplified approach is taken by selecting 1000 samples from a larger pool of 10000

training data instances (CelebA). Figure 4.4 illustrates the evolution of probability dis-
tributions throughout the search process. Initially, all sample probabilities are uniformly
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Figure 4.4: The evolution of probability score distribution during the search process reveals a
trend where most probabilities tend to converge towards either O or 1. This convergence ulti-
mately leads to deterministic weights and convergence of the algorithm.

distributed at 0.1. Over the course of the search, most of these probabilities tend to
converge towards either O or 1, indicative of diminishing uncertainty. Consequently, a
sparse mask with minimal variance is formed, reflecting a nearly deterministic pattern
in weight assignment. This trend ultimately leads to the establishment of deterministic
weights, signifying algorithmic convergence.

Gradual Change of Group Weights

In Figure 4.3, we depict the training dynamics of sample weight fractions from our
CelebA experiment. Initially, all sample weights are uniformly set to 1. The weight frac-
tion of the (Male, Blond Hair) group begins at a mere 0.085%. Following 100 iterations
of updates, this fraction gradually increases to approximately 20%. Simultaneously, the
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weight fraction of the (Male, Dark Hair) group decreases to approximately 20%, while
both the (Female, Dark Hair) and (Female, Blond Hair) groups stabilize at approximately
30%. Interestingly, in Chai and Wang (2022), the assumption is that bias is introduced
due to under-representation of the minority groups, hence, they upweight/downweight
sensitive groups to the same importance level. Figure 4.3 demonstrates that even though
we do not constrain on the group level importance, somehow, our method possesses the
ability to dynamically adjust the weight fraction of (sub)-groups automatically.

4.4 Discussion and Conclusion

We presented a model agnostic sample reweighing method to achieve the sufficiency
rule of fairness. We formulated this problem as a bilevel optimization to learn sample
weights. We further enhance our method with sparsity constraints to improve training
speed. Then, we analyzed the sufficiency gap and prediction accuracy of the reweighting
algorithm, demonstrating its superior performance over state-of-the-art approaches. The
empirical results also show that our method is robust towards noisy labels. One drawback
of our framework is that the general performance with respect to IRMv1 consistently
improves when the difference between training environments — and specifically sensitive
groups — becomes larger. Although this behavior hinders comparability across datasets,
it is also in line with our intuition that in fairness-critical scenarios, the performance with
respect to the sufficiency rule should quickly improve when there is a bigger gap between
sensitive groups.
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Appendix A

Adversarial Reweighting Guided by
Wasserstein Distance for Bias
Mitigation

A.1 Dataset Details

CelebA

CelebA contains 202,600 face images, each endowed with 40 attributes. When we try to
construct the datasets from CelebA based on our needs, we maintain the class imbalance
in the three datasets constant, which is 70% not wearing hats and 30% wearing hats,
since class imbalance is not our priority in this paper. We randomly select samples from
CelebA dataset to form our own chosen distribution of male and female groups. We form
two datasets based on CelebA which contain 70% male images vs. 30% female images
and 80% male images vs. 20% female images and show the experiment results in Table
4.

Adult dataset

The Adult dataset was drawn from the 1994 United States Census Bureau data. It used
personal information such as education level and working hours per week to predict
whether an individual earns more or less than $50,000 per year. The dataset is imbal-
anced — the instances made less than $50,000 constitute 25% of the dataset, and the
instances made more than $50,000 include 75% of the dataset. As for gender, it is also
imbalanced. We use age, years of education, capital gain, capital loss, hours-per-week,
etc., as continuous features, and education level, gender, etc., as categorical features.
The sensitive attribute is gender. We normalize the continuous features and use one-hot
encoding to deal with the categorical features. We train the model for 50 epochs with
batch-sizes of 1000 and 500 for the male and female samples.
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UCI German Credit Risk dataset

This dataset contains 1000 entries with 20 categorial/symbolic attributes. In this dataset,
each entry represents a person who takes credit from a bank. Each person is classified
as having good or bad credit risks according to their attributes. The sensitive attribute is
sex.

A.2 Training Details and Results

Details of WGAN-GP adaptation for our method

In the original design of WGAN-GP of the training for one batch, the sizes of generated
and original samples are equal for the Gradient Penalty as a regularizer to be applied.
Here we need to make some changes: we control the sum of the majority group by the
weights in one batch by the Wasserstein distance to let it be equal to the sample size
of the minority group in one batch. Then we send them for further computation of the
regularizer.

Repetition

We repeat experiments on each dataset five times. Before each repetition, we randomly
split data into training data and test data for the computation of the standard errors of the
metrics.

CelebA training

For the CelebA dataset, since the original data is highly dimensional image data, we use
ResNet18 and remove the last layer as a feature extractor. The dimension of the latent
space is 512. Note that we use relatively large batch sizes during the training, and we
control the sizes of the majority and minority constant during each batch. Papers mention
that the large batch size could cause the potential failure of the approximation using
neural networks to evaluate the distributions. Our training dataset has 10000 samples,
and the test dataset has 2000 samples for all three datasets. From Figure A.3, we can see
that our method has its limitation regarding Disparate FPR and Disparate FNR.

Convergence of the training loss

We try to show the stability of training of our method. Figure A.4 shows our method’s
and baseline’s convergence for the CelebA dataset with 90% male and 10% female.
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Figure A.1: Sensitivity of metrics on the change of 7" on CelebA 90% male and 10% female.

Details to approximate Wasserstein distance with and without reweighting

To approximate the Wasserstein distance before reweighting, we train the feature extrac-
tor and discriminator without the weights assigned to any samples. When the NNs are
trained, we use the discriminator to approximate the Wasserstein distance between the
two groups.

Breakdown of accuracy on sensitive groups

We could see that the method sacrifices the accuracy of the majority group for the accu-
racy of the minority group in Table A.2.

Ablation test for assigning weights

We try to assign weights only to the minority group. We could not close the Wasser-
stein distance gap and assign weights only to the majority group. Assigning weights to

70



A.2 Training Details and Results

=3
&

w

=3

3
o~
& g_{ 25
5 0
8 S
e T 9
o E
g S5
38 %
9 10
: :
8 D05
[a]

=
8

o

=3

1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
T T
(a) Accuracy vs. T (b) Disparate Impact vs. T

&
=3
3

L f
3 3 b &b b
o o o o o
1 o ©

Disparate FNR(%)

Disparate FPR(%)

£

-1

-120

=

1 2 3 4 _fl7_ 6 7 8 9 1 2 3 4 _f|7_ 6 7 8 9
(c) Disparate FPR vs. T (d) Disparate FNR vs. T

Figure A.2: Sensitivity of metrics to the change of T on Adult dataset

10 -
—8— Baseline
5 - —@— Our method

—8— Baseline
0 - —8— Our method

;? ) :E’ 20 -
[ =
w -10 w
L) ()
® 15 il
g 5
&= Z10-
a a
i
\""’J 25 :7") 7‘? lC‘U lZ‘ 5 l': 0 L?‘S 2[‘10 |':I'J ,“'} 5‘1\ 7‘? lC‘U lZIC L"\‘u‘ L7‘ 5 ZV‘LG
Noise ratio(%) Noise ratio(%)
(a) Disparate FPR vs. Noise ratio (b) Disparate FNR vs. Noise ratio

Figure A.3: Change of disparate FPR and disparate FNR under different noise ratios on CelebA
90% male and 10% female.

both groups could achieve similar results as our method. However, we might need an
additional statistical test to claim so.
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Figure A.4: convergence of training loss

methods accuracy (%)
male group | female group | total
baseline | 95.6 92.6 95.0
our method | 95.1 94.1 95.3

Table A.2: breakdown of accuracy on 90% male and 10% female CelebA dataset

Training on Adult Dataset and German Credit Dataset

Since the tabular datasets have relatively lower dimensions than the image datasets, we
could avoid using feature extractors. However, we use one-hot encoding to deal with
the categorical features in the latent space. We could have a better continuity for the
Wasserstein distance approximation. From Figure A.2, we can see that the metrics are
not sensitive to the change of 7 for the Adult dataset. Figure A.S shows the sensitivity
of different distance measures on the Adult dataset.

For the feature extractor Fy and the classifier Cg, we also apply fully connected layers.
For the discriminator D, we use the same architecture in Gulrajani et al. (2017), without
the last sigmoid function. We apply SGD algorithm with a momentum of 0.9 to update
¢ and 0. The learning rate of 6 is ten times that of ¢. 8p is updated by Adam algorithm
with a learning rate 0.0001. Following Gulrajani et al. (2017), we adjust the learning rate

nofObyn= %, where p is the training progress linearly changing from O to
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Figure A.5: sensitivity of different distance measures on Adult dataset

1. We update ¢ and 0 for 2 steps then update 6p for 1 step.

Multi-categorical sensitive attribute situation

It is straight-forward to extend our method to handle a multi-categorical sensitive at-

tribute or multi-sensitive attributes by using one subgroup as reference group and reweigh-
ing other subgroups alternatively (and in turn) to reach a state of demographic parity. We

also use Adult dataset to demonstrate this. However, we choose race here as the sensi-

tive attribute. race is {’Amer — Indian— Eskimo’ : 0,/ Asian — Pac —Islander’ : 1,/ Black’ -

2, Other’ : 3/ White' : 4} in the dataset. We use 'Asian — Pac — Islander’ as the reference

subgroup and reweighs samples from other subgroups. We report the disparate impact

between the subgroup ‘White' and 'Black’. Before and after applying our method, the

disparate impact is 15.1% and 1.7% and the accuracy is 83.1% and 82.8%.
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Appendix B

Causal Fairness-Guided Dataset
Reweighting using Neural Networks

B.1 Dataset and Training Details

The causal graph (Chae et al., 2018) for ADULT is shown in Figure B.1, and for COM-
PAS (Plecko et al., 2021) in Figure B.2. Note that the causal graphs here are sourced
from existing literature.

Figure B.1: The causal graph of the Adult dataset depicts the indirect path set with blue paths,
while the direct path is represented by the green path.

Adult Dataset

The Adult dataset was drawn from the 1994 United States Census Bureau data. It con-
tains 65,123 samples with 11 variables. It used personal information such as education
level and working hours per week to predict whether an individual earns more or less
than $50,000 per year. The dataset is imbalanced — the instances made less than $50,000
constitute 25% of the dataset, and the instances made more than $50,000 constitute 75%
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Figure B.2: The causal graph of the COMPAS dataset depicts the indirect path set with blue paths,
while the direct path is represented by the green path

of the dataset. As for gender, it is also imbalanced. We use age, years of education, cap-
ital gain, capital loss, hours-per-week, etc., as continuous features, and education level,
gender, etc., as categorical features. We set the batch size at 640 and train 30 epochs for
convergence. We set the learning rate 1 at 0.001 according to the experiment result.

COMPAS Dataset

COMPAS (Correctional Offender Management Profiling for Alternative Sanctions) is a
popular commercial algorithm used by judges and parole officers for scoring criminal
defendant’s likelihood of reoffending (recidivism). The COMPAS dataset includes the
processed COMPAS data between 2013-2014. The data cleaning process followed the
guidance in the original COMPAS repo. It Contains 6172 observations and 14 features.
In our causal graph, we use 7 features. Due to the limited size of COMPAS dataset, it
does not perform so well on NN based tasks.

B.2 Training Details
For ADULT and COMPAS datasets, some pre-processing is performed. We normalize
the continuous features and use one-hot encoding to deal with the categorical features

for the input of F! and F2. We use sex and race as the sensitive variable S in ADULT
and COMPAS respectively, income and two year recidivism as the outcome variable Y.

76



B.2 Training Details

(a) Causal graph G (b) Neural Network F!

Figure B.3: details of the connection of the neural nets of a given G. In Figure B.3b, each nodes
are either input or output of a sub-neural nets or both. Note that we do not show the inner layers
here for simplicity.

For F!' and F?, we apply fully connected layers. For the discriminator D, we use the
same architecture proposed in Gulrajani et al. (2017). We apply SGD algorithm with
a momentum of 0.9 to update F! and F2. D is updated by the Adam algorithm with a
learning rate 0.0001. Following Gulrajani et al. (2017), we adjust the learning rate
by n = % , Where p is the training progress linearly changing from O to 1. We

update F!' and F? for 2 steps then update D for 1 step. We then evaluate the performance
of our method of reweighting to achieve different types of causal fairness and utility.
Our test are run on an Intel(r) Core(TM) i17-8700 CPU. The networks in the exper-
iments are built based on Pytorch (Paszke et al., 2019), the optimization in Equation
(2.10) is performed with the Python package CVXPY (Diamond and Boyd, 2016).

Details of architectures of the feed-forward Neural Networks 7! and F? with
sub-neural networks

To simplify our demonstration, we consider a causal graph G with 6 attributes {S,A,A3,
B1,B,Y} as shown in Figure B.3a. And Figure B.3b shows the joint neural network of
it.

Details of WGAN-GP adaptation for our method

In our design, we adopt the discriminator from WGAN-GP: in the original work, the
discriminator is used to differentiate between the generated and real data while we are
trying to differentiate between St and S~. The difference between orginal GAN and
WGAN-GP is that WGAN-GP introduces a gradient penalty term in the training objec-
tive to guarantee Wasserstein distance. Wasserstein distance itself has been used a lot in
fairness realted topic to help detect or mitigate bias. Note that we choose relatively larger
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batch size since to approximate Wasserstein distance between two distributions requires
relatively larger batch size.

(a) Causal graph G and interventional graph G; with the indirect inter-
ventional path ¢

(b) Neural Networks F! and F2

Figure B.4: the Neural Networks F! and F? based on indrect discrimination. S is 1 or 0 and the
intervention is only along 7t = {S — B — Y } for the interventional distributions Pg2(s™) (red) and
Pr2(s7) (green) respectively. Compared with Figure 3.2, we could see that the intervention is not
transferred directly from Sto Y ({S — Y'}) in Figure B.4.

Sensitivity to the Choice of Hyper-Parameters

We conduct an analysis of the sensitivity of our method to the hyper-parameters dis-
cussed in Section 3.2, and the results are shown in Figure B.5a. The figures demon-
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Figure B.5: Sensitivity of total effect on the change of T.

strate that our adversarial reweighting scheme’s performance has low sensitivity to hyper-
parameter choice when T is above 1. Therefore, we set T" at 1.5.

We could see from the Figure B.5b that the trend of 7" on total effect on COMPAS
dataset is similar to what is shown earlier on ADULT dataset.

Details of calculating different causal effects

We have a discriminator in our design, to calculate different causal effect, we just send
the samples from different groups (S* and S™), normalize the output of D within groups,
then get the difference as causal effect.

Repetition

We repeat experiments on each dataset five times. Before each repetition, we randomly
split data into training data (80%) and test data (20%) for the computation of the standard
errors of the metrics. We train 30 epochs for convergence.

Choices of Counterfactual Effect

Due to space limit, we only show two combinations of the counterfactual effect on in-
dividual features. For ADULT, we use o1 = {white,us}, 0y = {non_white,us}. For
COMPAS, we use 01 = {male,under 25}, 0, = {male,above 25}

Details to approximate Wasserstein distance

To approximate the Wasserstein distance, we WGAN-GP discriminator between the
orginal data and data for evaluation. When the NNs are trained, we use the discrimi-
nator to approximate the Wasserstein distance between the two datasets.
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Appendix C

Enhancing Fairness through
Reweighting: A Path to Attain the
Sufficiency Rule

C.1 Sufficiency Rule

The Sufficiency principle adopts a perspective where individuals receiving the same
model decision are expected to experience similar outcomes regardless of their sensi-
tive attributes. In this context, S represents the sensitive attribute.

On the other hand, Separation deals with error rates concerning the proportion of er-
rors relative to the ground truth. For instance, it considers the number of individuals
whose loan application would have been approved but were actually denied. Sufficiency,
however, considers the number of individuals who would default on their loan among
those who were granted it.

From a mathematical standpoint, this distinction resembles that between recall (or true
positive rate) and precision, denoted as P[Y = 1|Y = 1] and P[Y = 1| = 1], respectively.
A fairness principle that focuses on this type of error rate is known as Predictive Parity,
also termed as the outcome test:

PY=1|S=a,Y=1]=PY=1|S=b,Y =1],Va,bc S (C.1)

In other words, the model’s precision should remain consistent across different sen-
sitive groups. If we extend this requirement to apply to the scenario where ¥ = 0, we
obtain the following statement of conditional independence:

Y LS|Y (C.2)

This concept is known as sufficiency.

Predictive Parity, including its broader form of sufficiency, focuses on ensuring parity
in errors among individuals receiving the same decision. Predictive Parity, in particular,
considers the viewpoint of the decision-maker, as they categorize individuals based on
decisions rather than actual outcomes. For instance, in the context of credit lending,
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sufficiency is more under the control of the decision-maker than separation. This is
because achieving parity given a decision is directly observable, whereas parity given
truth is only known afterward. Furthermore, the group of individuals granted a loan
(Y = 1) is less susceptible to selection bias compared to the group of loan repayments
(Y = 1). We have information only on repayment for the ¥ = 1 group, while nothing is
known about the others (¥ = 0).

Similarly, other group metrics can be defined, such as Equality of Accuracy across
groups: P[Y =Y|S =a] = P[Y =Y|S = b, for all a,b € S, focusing on unconditional
errors, among others.

Incompatibility

In most cases, even in classification setting, the actual output of a model is not a binary
value, but rather a score C € R.

1. if Y L S, then it’s impossible for sufficiency and independence to coexist. Con-
sequently, if there’s an imbalance in base rates among groups identified by A, en-
forcing both sufficiency and independence simultaneously is unfeasible.

2. if Y L S and the distribution (S,C,Y) is strictly positive, then separation and suf-
ficiency cannot both be achieved simultaneously. This implies that separation and
sufficiency can coexist only under two conditions: when there’s no imbalance in
sensitive groups (indicating independence of the target from sensitive attributes),
or when the joint probability (S,C,Y) is degenerate. In the case of binary targets,
this degeneracy occurs when there are specific values of S and C for which only
Y =1 (or Y =0) holds. In other words, separation and sufficiency coincide when
the score perfectly resolves the uncertainty in the target. For instance, the ideal
classifier where C =Y effortlessly satisfies both sufficiency and separation.

C.2 Invariant Risk Minimization

Minimizing training error leads machines into recklessly absorbing all the correlations
found in training data. Understanding which patterns are useful has been previously
studied as a correlation-versus-causation dilemma, since spurious correlations stemming
from data biases are unrelated to the causal explanation of interest. Following this line,
IRM leverage tools from causation to develop the mathematics of spurious and invariant
correlations, in order to alleviate the excessive reliance of machine learning systems on
data biases, allowing them to generalize to new test distributions.
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C.2 Invariant Risk Minimization

C.2.1 Invariance, causality and generalization

IRM principle promotes low error and invariance across training environments. When
do these conditions imply invariance across all environments? More importantly, when
do these conditions lead to low error across all enviroments, and consequently out-of-
distribution generalization? And at a more fundamental level, how does statistical in-
variance and out-of-distribution generalization relate to concepts from the theory of cau-
sation? So far, we have omitted how different environments should relate to enable
out-of-distribution generalization. The answer to this question is rooted in the theory of
causation. We begin by assuming that the data from all the environments share the same
underlying Structural Equation Model.

By running the structural equations of a SEM according to the topological ordering
of its causal graph, we can draw samples from the observational distribution P(X). In
addition, we can manipulate (intervene) an unique SEM in different ways, indexed by
e, to obtain different but related SEMs. Similarly, by running the structural equations
of the intervened SEM, we can draw samples from the interventional distribution P(X¢).
Admitting a slight abuse of notation, each intervention e generates a new environment e
with interventional distribution P(X¢,Y¢). Valid interventions e, those that do not destroy
too much information about the target variable Y , form the set of all environments.

Prior work (Peters et al., 2015) considered valid interventions as those that do not
change the structural equation of Y , since arbitrary interventions on this equation render
prediction impossible. In this work, we also allow changes in the noise variance of Y,
since varying noise levels appear in real problems, and these do not affect the optimal
prediction rule. We formalize this as follows.

Consider a SEM governing the random vector (Xj,...,X;,Y), and the learning goal
of predicting Y from X. Then, the set of all environments indexes all the interventional
distributions P(X¢,Y¢) obtainable by valid interventions e. An intervention e is valid
as long as (i) the causal graph remains acyclic, (ii) E[Y¢|Pa(Y)] = E[Y |Pa(Y)], and (iii)
V[Y¢|Pa(Y)] remains within a finite range. Condition (iii) can be waived if one takes
into account environment specific baselines into the definition of R?CP, similar to those
appearing in the robust learning objective R,,,. We leave additional quantifications of
out-of-distribution generalization for future work. The previous definitions establish
fundamental links between causation and invariance. Moreover, one can show that a
predictor v : X — Y is invariant across all enviroments if and only if it attains optimal
RO9P and if and only if it uses only the direct causal parents of ¥ to predict, that is,
v(x) = En, [fy (Pa(Y),Ny)]. The rest of this section follows on these ideas to showcase
how invariance across training environments can enable out-of-distribution generaliza-
tion across all environments.
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C.2.2 Risks of Invariant Risk Minimization

Various works on invariant prediction (Muandet et al., 2013; Ghassami et al., 2017;
Heinze-Deml et al., 2018; Rojas-Carulla et al., 2018; Subbaswamy et al., 2019; Chris-
tiansen et al., 2022) consider regression in both the linear and non-linear setting, but they
exclusively focus on learning with fully or partially observed covariates or some other
source of information. Under such a condition, results from causal inference (Peters
et al., 2017) allow for formal guarantees of the identification of the invariant features,
or at least a strict subset of them. With the rise of deep learning, more recent litera-
ture has developed objectives for learning invariant representations when the data are a
non-linear function of unobserved latent factors, a common assumption when working
with complex, high-dimensional data such as images. Causal discovery and inference
with unobserved confounders or latents is a much harder problem (Peters et al., 2017),
so while empirical results seem encouraging, these objectives are presented with few
formal guarantees. IRM is one such objective for invariant representation learning. The
goal of IRM is to learn a feature embedder such that the optimal linear predictor on top of
these features is the same for every environment—the idea being that only the invariant
features will have an optimal predictor that is invariant. Recent works have pointed to
shortcomings of IRM and have suggested modifications which they claim prevent these
failures. However, these alternatives are compared in broad strokes, with little in the way
of theory.

We promote invariance as the main feature of causation. Unsurprisingly, we are not
pioneers in doing so. To predict the outcome of an intervention, we rely on (i) the prop-
erties of our intervention and (ii) the properties assumed invariant after the intervention.
Pearl’s do-calculus (Shanmugam, 2001) on causal graphs is a framework that tells which
conditionals remain invariant after an intervention. Rubin’s ignorability (Rubin, 1974)
plays the same role. What’s often described as autonomy of causal mechanisms (Aldrich,
1989; Haavelmo et al., 1995) is a specification of invariance under intervention. A large
body of philosophical work (Mitchell, 2000; Cartwright, 2003; Woodward, 2003) stud-
ies the close link between invariance and causation. Some works in machine learning
(Scholkopf et al., 2012; Ghassami et al., 2017) pursue similar questions.

Another motivation supporting the invariance view of causation are the problems stud-
ied in machine learning. For instance, consider the task of image classification. Here,
the observed variables are hundreds of thousands of correlated pixels. What is the causal
graph governing them? It is reasonable to assume that causation does not happen be-
tween pixels, but between the real-world concepts captured by the camera. In these
cases, invariant correlations in images are a proxy into the causation at play in the real
world. To find those invariant correlations, we need methods which can disentangle the
observed pixels into latent variables closer to the realm of causation, such as IRM. In rare
occasions we are truly interested in the entire causal graph governing all the variables in
our learning problem. Rather, our focus is often on the causal invariances improving
generalization across novel distributions of examples.
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C.3 Experiment Details and Results

During training, a classifier will learn to leverage correlations between features and
labels in the training data to make its predictions. If a correlation varies with the en-
vironment, it may not be present in future test distributions—worse yet, it may be re-
versed—harming the classifier’s predictive ability. IRM (Arjovsky et al., 2019) is a
recently proposed approach to learning environmentally invariant representations to fa-
cilitate invariant prediction. The IRM objective. IRM posits the existence of a feature
embedder such that the optimal classifier on top of these features is the same for every en-
vironment. The authors argue that such a function will use only invariant features, since
non-invariant features will have different joint distributions with the label and therefore
a fixed classifier on top of them won’t be optimal in all environments. To learn this
embedder, the IRM objective is the following constrained optimization problem.

This bilevel program is highly non-convex and difficult to solve. To find an approxi-
mate solution, the authors consider a Langrangian form, whereby the sub-optimality with
respect to the constraint is expressed as the squared norm of the gradients of each of the
inner optimization problems.

Alternative objectives. IRM is motivated by the existence of a featurizer such that
E[y|¢(x)] is invariant. Follow-up works have proposed variations on this objective, based
instead on the strictly stronger desideratum of the invariance of p(y|¢(x)). Krueger
et al. (2021) suggest penalizing the variance of the risks, while Xie et al. (2020) give
the same objective but taking the square root of the variance. Many papers have sug-
gested similar alternatives (Jin et al., 2020; Mahajan et al., 2021). These objectives are
compelling—indeed, it is easy to show that the optimal invariant predictor constitutes a
stationary point of each of these objective.

C.3 Experiment Details and Results

C.3.1 Datasets

Adult dataset The Adult dataset was drawn from the 1994 United States Census Bu-
reau data. It used personal information such as education level and working hours per
week to predict whether an individual earns more or less than $50,000 per year. The
dataset is imbalanced — the instances made less than $50,000 constitute 25% of the
dataset, and the instances made more than $50,000 include 75% of the dataset. As for
gender, it is also imbalanced. We use age, years of education, capital gain, capital loss,
hours-per-week, etc., as continuous features, and education level, gender, etc., as cate-
gorical features.

COMPAS dataset COMPAS (Correctional Offender Management Profiling for Alter-
native Sanctions) is a popular commercial algorithm used by judges and parole officers
for scoring criminal defendant’s likelihood of reoffending (recidivism). The COMPAS
dataset includes the processed COMPAS data between 2013-2014. The data cleaning
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process followed the guidance in the original COMPAS repo. It Contains 6172 obser-
vations and 14 features. In our causal graph, we use 7 features. Due to the limited size
of COMPAS dataset, it does not perform so well on NN based tasks. Note that we need
more pre-processing on the tabular datasets. We normalize the continuous features and
use one-hot encoding to deal with the categorical features.

C.3.2 Training Details

In our experiments, we set the following hyperparameters for optimization. In the inner
loop, the model undergoes training for 100 epochs using Stochastic Gradient Descent
(SGD) with a learning rate of 0.1 and momentum of 0.9. In the outer loop, the proba-
bilities s are optimized using Adam with a learning rate of 2.5 and a cosine scheduler.
The outer loop is updated iteratively for 500 to 2000 times. It’s worth mentioning that
we employ architectures with fully connected layers for the classifier.

Toxic comments We split the training, validation and testing set as 70%, 10% and
20%. The mini-batch-size is set as 500.

CelebA The training/validation/test set are around 82K, 18K and 18K. The batch-size
is set as 1000.

Effectiveness of Sparsity in Promoting Training Speed An experiment is conducted
on the CelebA dataset to compare the training speed between our method with and with-
out a sparsity constraint on sample sizes. The inclusion of the constraint significantly
reduces the inner loop computation time, decreasing it from 9.24 to 5.72 hours.

Repetition We repeat experiments on each dataset five times. Before each repetition,
we randomly split data into training data and test data for the computation of the standard
errors of the metrics.
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