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Abstract

With the widespread adoption of neural ranking models in modern information retrieval (IR)
systems, concerns about fairness—particularly regarding gender bias—have gained urgency.
While these models achieve state-of-the-art performance, they also risk learning and amplify-
ing societal stereotypes embedded in the data and representation spaces. This thesis presents
a comprehensive investigation into the sources and mitigation of gender bias in neural IR
systems, focusing on three critical components: training strategies, embedding representa-
tions, and data sampling. By addressing bias across all levels of the learning pipeline, this
work aims to promote the development of equitable, high-performance IR systems.

The first major contribution of this thesis introduces a set of bias-aware training strate-
gies that incorporate fairness directly into the model’s optimization objectives. By modifying
traditional loss functions to penalize biased documents and reward unbiased ones, the learn-
ing process is steered toward equitable ranking behavior. A bias penalty term is defined
based on document-level gender bias signals, which dynamically adjusts the influence of
each training instance during learning. Experimental results demonstrate that this regu-
larization approach not only reduces gender bias in retrieval outputs but also improves the
fairness-performance trade-off compared to existing mitigation methods.

The second contribution targets the embedding space where gender bias is often im-
plicitly encoded. A novel disentangled representation learning framework is proposed to
isolate gender-specific and content-relevant components within neural embeddings of query-

document pairs. This framework employs a dual-objective training strategy that simulta-
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neously optimizes a ranking loss and a gender classification loss, ensuring that only the
content-relevant component contributes to ranking decisions. By decoupling gender infor-
mation from the relevance signal, the model avoids propagating stereotypical associations,
thereby achieving fairness without compromising retrieval effectiveness. The method shows
strong generalization across datasets and embedding architectures.

The third contribution addresses the bias present in training data through a curriculum-
inspired sampling strategy. Motivated by the principles of curriculum learning, the proposed
method structures the training process such that the model is initially trained on gender-
neutral samples before gradually incorporating more biased instances. This staged exposure
allows the model to first learn robust and unbiased relevance patterns, reducing the risk of
bias propagation from the outset of training. A dynamic sampling mechanism governs the
introduction of biased examples over time, guided by statistical estimates of document-level
gender bias. The results confirm that such a curriculum-aware approach can significantly
reduce bias in IR systems, especially when integrated with other mitigation strategies.

Together, these contributions form a unified framework for mitigating gender bias in
neural IR systems through principled interventions at multiple stages of the pipeline. Com-
prehensive experiments on real-world datasets demonstrate the effectiveness of the proposed
methods in reducing harmful stereotypes while preserving or even enhancing retrieval per-
formance. This thesis thus contributes novel methodologies and insights toward the devel-

opment of socially responsible, fair, and high-quality information retrieval technologies.
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Chapter 1

Introduction

1.1 Background

Information Retrieval (IR) systems are fundamental to the digital era, and crucial for navi-
gating the vast data landscape of today’s world. From simple web searches to sophisticated
data analytics in corporate environments, IR systems are integral to modern life and provide
the tools necessary for personal and professional decision-making. IR systems do not just fa-
cilitate over 1.2 trillion searches per year on a platform like Google [65] but also significantly

impact various sectors such as:

e Healthcare. In healthcare, IR systems manage extensive patient records and research
databases, enabling medical professionals to access vital information swiftly. For in-
stance, databases like PubMed offer access to medical research, facilitating better pa-

tient care and fostering the rapid development of medical knowledge [92].

e Finance and Banking. Financial sectors utilize IR to analyze market trends and mon-
itor transactions. Tools provided by Bloomberg and Reuters help professionals sift
through large datasets to find critical information on market developments, economic
reports, and investment analytics, supporting quick and informed financial decisions

[79, [109).



e Legal. IR systems such as LexisNexis and Westlaw are indispensable in the legal
arena. They allow legal professionals to efficiently search through vast quantities of
legal documents, case law, and statutes, essential for case preparation, conducting due

diligence, and ensuring comprehensive legal research [77, [132].

e Academic Research. IR systems are also crucial in academia, where platforms like
Google Scholar and JSTOR enable researchers to navigate through countless scholarly
articles and publications. This access supports various academic disciplines, enhancing

research capabilities and fostering educational advancement [57, [66].

Such systems have deep impacts on different aspects of society. The economic implica-
tions of IR systems are vast, influencing sectors from e-commerce to online advertising. They
drive consumer behavior, facilitate transactions, and are instrumental in strategic business
decisions, impacting billions in daily commerce. Technological advancements in IR have
paralleled the rapid evolution of computing power and data science methodologies. Today’s
IR systems employ sophisticated algorithms and machine-learning techniques to improve ac-
curacy and user experience. Furthermore, IR systems profoundly shape societal interactions
and access to information, influencing education, politics, and social dynamics. In education,
IR systems provide students and academics access to a wide array of resources, transforming
how knowledge is acquired and shared. The availability of digital libraries and online courses
has democratized education, making learning more accessible globally. Politically, IR sys-
tems play a critical role in shaping public opinion and electoral outcomes by controlling the
flow of news and information. Their ability to highlight or suppress information can alter
perceptions and influence decisions on a large scale. Culturally, IR systems facilitate the
global exchange of ideas and values, promoting cross-cultural understanding and coopera-
tion [I2I]. They have become platforms for cultural expression and identity exploration,

contributing to the global cultural mosaic.



1.2 Motivation

Information retrieval (IR) systems have become integral to critical aspects of modern life,
influencing decisions in domains such as healthcare, recruitment, judicial processes, edu-
cation, and financial services. These systems, often designed to assist humans in making
complex decisions, carry the responsibility of operating fairly and inclusively. However, the
presence of gender biases in IR systems poses a significant threat to their reliability and
societal impact. If not addressed, these biases can lead to prejudiced outcomes, reinforce
harmful stereotypes, and exacerbate systemic inequalities, undermining the very purpose of
these technologies.

Consider the example of a company employing an Al-powered system to shortlist candi-
dates for a ”data scientist” position. If the system prioritizes male applicants due to inherent
biases in its design or training data, the consequences extend far beyond a single hiring de-
cision. Highly qualified female candidates may be overlooked, depriving the company of
valuable talent and diverse perspectives. This perpetuates gender discrimination and limits
the inclusivity of the workplace, ultimately leading to suboptimal outcomes for the organi-
zation. Furthermore, by reinforcing stereotypes that men are more suited to technical roles,
such biases discourage women from pursuing careers in STEM fields, perpetuating a cycle
of inequality.

The risks associated with biased IR systems are even more pronounced in the healthcare
sector. Al-driven treatment recommendation systems, which are increasingly relied upon by
physicians, can fail to account for differences in how diseases manifest across genders. For
example, women often exhibit different symptoms for conditions like heart disease, yet many
medical datasets predominantly represent male patients. A biased system trained on such
data could misdiagnose or inadequately treat conditions affecting women, leading to delayed
care, poorer health outcomes, and even preventable fatalities. The consequences of such
biases are not just personal but societal, as they undermine trust in Al-driven healthcare

technologies and exacerbate existing disparities in access to quality care.



Biases in IR systems also raise significant ethical concerns in the judicial system. Algo-
rithms used for risk assessment or sentencing recommendations can exhibit biases not only
against genders but also against intersecting attributes such as race or socioeconomic status.
If a system unjustly evaluates women as being less ”trustworthy” or disproportionately flags
individuals from marginalized communities, it risks perpetuating systemic discrimination
and undermining public trust in the fairness of the justice system. These biases do not exist
in isolation; they ripple through society, amplifying inequalities and eroding confidence in
institutions.

Even in education, where IR systems are used to recommend learning materials and
career opportunities, biases can have profound long-term consequences. If such systems
disproportionately promote STEM-related resources to male students while steering female
students toward other fields, they reinforce traditional gender roles and limit the diversity
of representation in certain industries. This, in turn, affects the career trajectories of entire
generations, perpetuating inequalities that extend far beyond the classroom.

These examples collectively highlight the urgent need to address biases in IR systems.
The consequences of unchecked bias are far-reaching, influencing individual lives, organiza-
tional outcomes, and societal structures. Fair and inclusive systems are not only a moral
and ethical necessity but also essential for the effective and equitable application of Al tech-
nologies. Systems that are free from bias foster trust, enhance decision-making, and unlock
opportunities for individuals across all genders. Moreover, they promote diversity, which has
been shown to drive innovation and improve outcomes across various domains.

The motivation for this research lies in the recognition that fair and unbiased IR systems
are foundational to a just and inclusive society. By systematically identifying and miti-
gating gender biases in these systems, we can ensure they fulfill their potential as tools for
empowerment rather than mechanisms of inequity. Addressing these challenges is not merely
a technical endeavor; it is a commitment to building a future where technology serves all

individuals equitably, contributing positively to societal growth and progress.



The primary objective of this doctoral research is to develop methods that promote fair-
ness and mitigate gender biases in ranking systems while preserving their effectiveness. The
proposed approaches encompass three main strategies: data-driven methods, Bias mitigation
in neural embeddings, and bias-aware training strategies. These strategies aim to address
gender bias at different stages of the ranking process. To achieve this, the following research

questions (RQs) have been defined:

1.3 Research Question 1 (RQ1)

Incorporating Bias Awareness into Training Strategies. The first research question
examines how bias-aware training strategies, particularly through modifications to the loss
function, can mitigate gender biases. The question is: Can penalizing or rewarding the
relevance scores of biased and unbiased documents during training result in a
less biased ranking system? The loss function plays a critical role in model training as
it directly informs the model about performance and influences weight updates [56]. If the
loss function can account for biases and guide the model toward fairness, it can significantly
reduce the impact of gender bias. To explore this, I propose two scenarios: 1) Penalizing
Biased Documents: where, biased documents are assigned a penalty by increasing the loss
associated with them. This approach makes the model aware of the negative impact of
biased documents and discourages their prioritization in rankings. 2) Rewarding Unbiased
Documents:Here, unbiased documents are rewarded by reducing the loss associated with
them. This incentivizes the model to prioritize unbiased documents, reinforcing fairness in
rankings.

While dense retrievers have demonstrated strong retrieval effectiveness, they have also
been shown to exhibit gender bias in their ranking results [10, I8, 116 [73] [71]. Studies
have consistently reported that queries with neutral intent, such as “How to become an

engineer?” or “Best tips for parenting,” often return ranked lists that disproportionately



emphasize one gender over another [74]. These biases manifest as an overrepresentation
of gendered contexts in the retrieved documents, which can reinforce existing stereotypes.
Such skewed results undermine the fairness of information retrieval systems and highlight the
inherent challenges of ensuring equity in search. Rekabsaz et al. [107] conducted an extensive
study to measure the societal biases present in neural rankers, revealing significant gender
disparities in retrieval outputs. Their analysis demonstrated that neural ranking models
not only propagated biases present in training data but also amplified these biases in their
ranking results. They found that certain queries with professional or neutral wording led to
disproportionately gendered representations, with stereotypical roles being reinforced. This
systematic evaluation provided concrete evidence of the biased behavior of neural rankers
and emphasized the need for frameworks to address these issues systematically.

The biases exhibited by dense neural rankers can be attributed to several interrelated fac-
tors [40], B9]. First, the training data used for pretraining and fine-tuning these models often
reflects societal stereotypes and historical inequities, which the models inadvertently encode
and amplify in their embeddings. For instance, Bolukbasi et al. [21] demonstrated how word
embeddings derived from large-scale corpora exhibit gendered associations, such as linking
“programmer” with male-oriented terms and “nurse” with female-oriented ones. Second, the
contextual representations generated by neural models, although semantically rich, can lack
granularity in distinguishing between neutral and biased attributes, further contributing to
skewed ranking results [3]. Third, the optimization objectives of dense retrievers prioritize
relevance, often measured through ranking metrics, without explicitly incorporating fairness
considerations [I16]. This tendency can exacerbate biases when rankers disproportionately
emphasize features linked to gendered patterns in the data.

Among the three issues identified earlier, the focus of our work in this research question
is on the optimization objective of dense retrievers as it directly shapes the behavior of
the ranker. This work aims to design a fair ranker that balances relevance and fairness in

retrieval results. A fair ranker ensures that the ranked documents maintain high retrieval



effectiveness while mitigating biases, such as disproportionate gender representations, that
can reinforce harmful stereotypes. However, dense retrievers are not naturally incentivized
to address fairness due to their optimization objectives, which are narrowly focused on
maximizing relevance. These objectives are typically implemented through loss functions,
which guide the training process [I1]. One potential solution to this problem is to regularize
the loss function by incorporating fairness constraints. This modification may enable the
training process to jointly optimize for both relevance and fairness, ensuring that dense
retrievers produce results that are not only effective but also equitable.

In particular, we propose a framework to address biases in dense retrievers by explicitly
regularizing the loss function to incorporate fairness constraints. The rationale behind this
approach lies in the dual role of the loss function: it serves as the optimization objective,
guiding the ranker’s training process, and as a mechanism to encode priorities such as rel-
evance and fairness. By augmenting the standard loss with fairness-specific regularization
terms, the ranker can be trained to balance these objectives without compromising retrieval
effectiveness. Specifically, we extend the traditional relevance-based loss function with addi-
tional terms that penalize rankings exhibiting higher levels of bias. These terms are derived
from measures such as the degree of gender bias in retrieved documents and are incorpo-
rated into both pointwise [32], [70] and pairwise [64], 29] ranking frameworks. For pointwise
rankers, the regularization adjusts the predicted relevance scores based on the bias level of
individual documents, while for pairwise rankers, the adjustment ensures that fairness is
enforced in the relative ordering of document pairs. A hyperparameter controls the trade-off
between relevance and fairness during training, allowing the ranker to adapt to specific fair-
ness requirements. This formulation ensures that the ranker simultaneously optimizes for

effectiveness and fairness.



1.4 Research Question 2 (RQ2)

Mitigating Bias in Neural Embeddings. The second research question focuses on the
intermediate vector representations generated by neural embeddings, asking: Can disen-
tangling gender information from the vector representation of query-document
pairs reduce gender bias in neural rankers? This research builds on the hypothesis
that separating gender-related information from content-related information in vector rep-
resentations can lead to a reduction in bias. Specifically, I propose disentangling gender
information from the embeddings and calculating query-document relevance solely based on
the content-related portion of the representation. By excluding gender information from the
ranking process, the model learns to determine relevance purely based on content, preventing
it from associating gender with relevance. This disentanglement ensures that the ranking
system does not propagate or amplify stereotypical gender biases.

To demonstrate biases in training data, we analyzed 10,000 evenly distributed and ran-
domly selected male and female affiliated queries from the MS MARCO passage ranking
task. Results showed that only about 16% of male queries returned documents predom-
inantly affiliated with females, while over 22% of female queries returned predominantly
male-affiliated documents, indicating a 6% higher likelihood for female queries to retrieve
male-affiliated content. This suggests that neural rankers, once trained, exhibit a preference
for male-affiliated documents, irrespective of the query’s gender affiliation. Furthermore,
male-affiliated queries consistently show a higher similarity score (BM25) with their relevant
documents than female-affiliated queries, as depicted in Figure [I.1, making them practically
easier to retrieve and satisfy.

These observations, alongside earlier research [105], [15], 116, [68] is the foundation for the
work presented in this paper. The main objective is to mitigate gender biases in neural
rankers while preserving their retrieval effectiveness. We hypothesize that isolating gender
as an attribute from query and document representations could reduce bias. If gender is

not encoded in the representations, it cannot intensify gender biases, given the observed
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Figure 1.1: The distribution of queries and their BM25 scores calculated with their relevance
judgement.

disparities in relevance judgements and varying similarity scores across different gender affil-
iations. To this end, we propose a neural architecture that disentangles gender from content
semantics when encoding a query or a document. In the disentanglement process, the neural
representation is broken down systematically into two distinct and independent components,
one of which captures the semantics of the content, while the other encapsulates the gender

affiliation of the query or the document.

1.5 Research Question 3 (RQ3)

Addressing Bias in Training Data. The third research question aims to optimize fairness
by exploring data sampling techniques. The question is: Does the order of presenting
samples to the model affect the fairness of the IR system? This idea draws inspira-
tion from curriculum learning approaches, which hypothesize that the sequence of presenting
training samples can significantly influence model performance. In traditional curriculum
learning, easier samples are shown to the model in the early stages, allowing it to build
a strong foundational understanding before tackling harder samples, ultimately improving
performance [129, 6]. Applying this concept to fairness, I hypothesize that showing unbiased
samples to the model during the initial stages of training, followed by biased samples later,

can reduce gender bias.



The rationale is that in the early phases of training, the model focuses on learning the
fundamental concept of query-document relevance without being influenced by biased data.
By delaying exposure to biased samples, the model can avoid associating gender bias with
relevance. To operationalize this, I will propose a sampling strategy where unbiased samples
are given a higher probability of being selected in the early training stages, and biased
samples are introduced gradually. This approach enables the model to prioritize fairness
during learning.

Existing approaches to mitigating bias in neural rankers largely focus on either data-
level debiasing [12] 4] or modifying the model’s learning objectives [105, 116, [137], but
both methods come with inherent limitations. Data-level debiasing strategies aim to reduce
explicit biases by removing or modifying biased samples before training. While this can help
in mitigating biases in the input data, it risks discarding valuable information, which may
compromise relevance due to enforced modifications. Additionally, these strategies do not
account for the dynamic nature of model training, where bias exposure ideally needs to be
controlled and adapted progressively rather than predetermined at the outset. Another group
of methods modify the model’s training objectives, typically by introducing regularization
terms or bias-specific penalties in the loss function [I05] 1T6] 137]. Although these methods
integrate bias mitigation directly within the training process, they fundamentally alter the
nature of relevance learning. By requiring the model to optimize simultaneously for fairness
and relevance, such strategies may lead to trade-offs that can degrade ranking performance
[477, 100]. As such, this can prevent the model from distinguishing between relevance and
bias in a structured manner, potentially embedding biased patterns into the relevance criteria
itself.

In order to understand how biases, more specifically in this case gender biases, are
distributed in the training datasets, we visualize gender bias distribution within the MS
MARCO passage ranking dataset [89] in Figure . The figure adopts the gender bias met-

ric in [I07] to quantify bias in each document of the training dataset. According to the figure,
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Figure 1.2: Distribution of gender bias scores in the MS MARCO passage ranking dataset.

a significant portion of documents exhibit minimal or no bias, while only a subset displays
higher bias levels. This observation introduces an alternative paradigm for mitigating bias
in neural ranking models: rather than modifying the data itself to reduce bias or altering the
loss function to enforce fairness constraints, we can instead control the order and exposure
of biased documents during training. That is, by initially training the model on low-bias
documents, we enable it to establish a robust baseline of relevance learning that is relatively
unaffected by bias. As the training progresses, we gradually introduce higher-bias samples,
allowing the model to incrementally adapt without embedding biased characteristics into its
core relevance function.

While this paradigm offers a promising alternative to traditional debiasing methods
[19, [14], 18, [137], it introduces several critical challenges. First, designing a curriculum
that sequences biased and unbiased samples effectively is non-trivial; the curriculum must
ensure that relevance learning is prioritized, even as the model gradually encounters more
biased samples. If the sequence is not carefully structured, there is a risk that the model
may internalize biases prematurely or fail to establish a robust baseline for relevance. Addi-
tionally, implementing a dynamic sampling strategy that adapts bias exposure throughout

training is essential. This strategy must modify the exposure to bias in a way that aligns
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with the model’s progress and ensures that training stability and convergence are maintained

while controlling for bias integration.

1.6 Contributions

The concrete contributions of this research are:

1. We propose a customizable framework for fairness-aware ranking that is applicable to
both pointwise and pairwise ranking models, incorporating fairness constraints directly
into their loss functions to address biases in the ranked results. We design and imple-
ment fairness-aware reqularization terms, enabling the optimization process to balance
relevance and fairness effectively. We operationalize fairness by introducing penalty
and reward mechanisms that adjust relevance scores based on document-level and list-
level fairness criteria, ensuring the ranker mitigates biases while preserving relevance.
We evaluate our framework on two benchmark datasets consisting of gender-neutral
queries that are not expected to exhibit gender biases in their retrieval results. We
further evaluate our proposed framework on rankers trained on different large language
models to show its generalizability and against a host of strong state-of-the-art baselines

to demonstrate its effectiveness.

2. We propose a neural ranking architecture that disentangles content semantics from
gender affiliation information and offers two independent representation components
that encode each of these aspects separately; Given the disentangled representations
for queries and documents, we propose to use the content semantics component of
the disentangled representation to rank-order documents in relation to the query and
minimize the influence of gender and any associated biases in the ranking process; Our
extensive experiments demonstrate that: (1) the disentanglement process significantly
reduces stereotypical gender biases in retrieved documents; (2) this reduction does

not compromise retrieval effectiveness but rather enhances it; and (3) disentangling

12



neural representations improves performance parity across various gender affiliations

and query subsets.

3. We define the problem of using curriculum learning as a structured approach for manag-
ing bias exposure in neural rankers. Our approach leverages the sequence and progres-
sion of training samples to manage bias effectively while preserving relevance learning.
We introduce a novel bias-aware curriculum that sequences training samples based on
bias scores, prioritizing low-bias documents in the initial training phases and grad-
ually incorporating higher-bias samples. We propose a dynamic sampling strategy
that adjusts the probability of sampling documents based on their bias scores. The
sampling strategy facilitates gradual bias exposure without compromising the model’s
convergence. We conduct extensive experiments to evaluate the effectiveness of our
curriculum-based approach. These experiments demonstrate the utility of the pro-
posed approach and validate its effectiveness in comparison to existing bias mitigation

techniques.

1.7 Structure of the Thesis

This thesis is organized as follows:

e Chapter [2|- Literature Review: This chapter provides a comprehensive review of prior
research in the fields of gender biases in Machine learning, natural language processing,

and information retrieval.

e Chapter 3] - Problem Definition: This chapter introduces the problem statement and

defines the foundational concepts required for the rest of the work.

e Chapter 4| - Loss Function Regularization: The focus of this chapter is to present a
set of bias-aware training strategies that embed fairness considerations directly into

the model’s optimization process. This is achieved by altering standard loss functions
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to discourage biased content and encourage fair representations, thereby guiding the
model toward more equitable ranking outcomes. A key component of the approach is a
bias penalty term, derived from document-level gender bias indicators, which dynami-
cally modulates the impact of each training sample. Through experimental evaluation,
the chapter validates whether this regularization framework effectively reduces gender

bias in retrieval results comparing to the existing bias mitigation techniques.

Chapter |5 - De-biasing Neural Embeddings: In this chapter, we propose a method
for addressing gender bias in neural ranking models by targeting the embedding space
where such bias is often implicitly encoded. The core of this method is a disentan-
gled representation learning framework that aims to separate gender-related signals
from content-relevant information in query-document embeddings. To achieve this,
we design a dual-objective training strategy that simultaneously optimizes for ranking
performance and gender attribute separation—ensuring that only the content-relevant
components influence ranking decisions. By explicitly decoupling gender information
from relevance signals, this approach is intended to mitigate the propagation of biased
associations, enabling fairer retrieval outcomes without degrading effectiveness. We

have conducted experiments to evaluate the performance of the proposed method.

Chapter [f] - Bias-aware Curriculum Sampling: This chapter studies the mitigation
of bias in training data through a curriculum-inspired sampling strategy. Drawing
on the principles of curriculum learning, it proposes a novel training methodology
that structures the learning process to begin with gender-neutral examples, gradually
incorporating biased instances as training progresses. The goal is to allow the model to
first acquire stable and unbiased relevance signals, thereby minimizing early exposure
to harmful bias patterns. A dynamic sampling mechanism is introduced to regulate
this progression, leveraging statistical estimates of document-level gender bias to inform

sample selection over time. This chapter argues that such a curriculum-aware training
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pipeline not only reduces the propagation of bias but also complements other mitigation

techniques, leading to more fair and robust information retrieval systems.

e Chapter [7]- Conclusions: This chapter summarizes the findings of the thesis, discusses

the conclusions drawn from the research, and outlines potential future work.

1.8 Publications
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Morteza Zihayat and Ebrahim Bagheri, Foundations and Trends®) in Information
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Chapter 2

Literature Review

2.1 Gender Bias in Machine Learning

Gender bias in machine learning (ML) has emerged as a critical concern in recent years,
particularly as ML models are increasingly deployed in high-stakes applications such as
hiring, healthcare, and criminal justice. Gender bias in ML arises primarily from biased data,
algorithmic decision-making, and reinforcement of societal stereotypes. Data bias stems from
historical inequalities, underrepresentation of specific genders, and skewed distributions of
attributes within datasets. Algorithmic bias occurs when the design of the ML model or the
training objective amplifies existing biases in the data. For instance, algorithms designed to
optimize accuracy may inadvertently prioritize the majority group at the expense of fairness
[24]. Moreover, feedback loops in dynamic systems can exacerbate bias over time, as biased
outputs influence future training data [53].

Gender bias manifests across various domains of machine learning. In the field of com-
puter vision, gender bias becomes starkly apparent in facial recognition systems. Research
by Buolamwini and Gebru [24] highlighted that commercial facial recognition algorithms
exhibit significantly higher error rates for women, particularly women of color, compared to

lighter-skinned men. Subsequent analyses by Raji et al. [103] have confirmed these findings,
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noting that such disparities often stem from the underrepresentation of diverse demographic
groups in training datasets. More recent research by Drozdowski et al. [45] points to similar
issues in biometric authentication systems, where demographic imbalances lead to dispro-
portionately high false rejection rates for women and minorities. These biases can lead to
serious implications, including misidentification and the reinforcement of societal prejudices.

Recommendation systems are another area where gender bias is prevalent. Algorithms
designed to optimize user engagement often amplify existing disparities by disproportionately
recommending stereotypical content to users. Research has highlighted that job recommen-
dation systems can inadvertently perpetuate gender biases, steering women away from roles
in male-dominated industries like technology and engineering. For instance, a study by Rus
et al. [112] demonstrated that without controlling for bias, women are recommended jobs
with significantly lower salaries, indicating a systemic issue in job recommendation algo-
rithms. Mehrotra et al. [23] reveal that these systems inadvertently marginalize users from
underrepresented genders, limiting their access to diverse opportunities. Their study explores
how feedback loops in recommendation algorithms can amplify popularity bias, leading to
decreased aggregate diversity and homogenization of user experiences. Notably, the research
highlights that the impact of feedback loops is more pronounced for users in minority groups,
thereby perpetuating exclusion cycles for marginalized communities.[82]

In healthcare, gender bias can have life-threatening consequences. Machine learning
models trained on historical medical data often underperform for women, as demonstrated in
diagnostic tools for cardiovascular diseases [86]. This underperformance is largely attributed
to the historical underrepresentation of women in clinical studies. Obermeyer et al. [91]
further highlighted that algorithmic decisions in healthcare often reflect systemic biases,
leading to disparities in treatment recommendations and outcomes. Recent work by Cheong
et al. examined gender bias in mental health prediction models, identifying both data and
algorithmic biases. Their study also evaluated various mitigation strategies across different

stages of model development to enhance gender fairness [31].
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Addressing gender bias in machine learning requires interventions at multiple levels, in-
cluding the data, algorithms, and evaluation frameworks. At the data level, techniques such
as data augmentation and preprocessing have been widely explored. Data augmentation
involves generating synthetic examples to increase the representation of underrepresented
groups, as discussed by Zhao et al. [I39]. Another approach is bias detection and quan-
tification, which uses tools like the Word Embedding Association Test (WEAT) to identify
stereotypical associations in datasets [27]. Additionally, preprocessing methods such as the
debiasing of embeddings, pioneered by Bolukbasi et al. [21], aim to neutralize gender as-
sociations before they are propagated into downstream tasks. In Computer Vision, GANs
have been used to generate synthetic images, enhancing the diversity of the training data
[38, [60], 76, 03, O8, [134]. Alongside GANSs, neural style transfer and adversarial training
are also employed to generate synthetic data. Neural style transfer manipulates the style of
images while preserving their content, allowing the creation of diverse and visually varied
training samples [9§].

At the algorithmic level, adversarial training has gained traction as a robust method for
mitigating bias. This technique involves designing models to disentangle sensitive attributes,
such as gender, from task-relevant features, as demonstrated by Fleisig et al. [52]. Another
prominent strategy is the incorporation of fairness constraints into optimization objectives,
ensuring that models achieve equitable performance across demographic groups. Research
by Zafar et al. [I35] illustrates the efficacy of this approach in creating classifiers that re-
spect demographic parity. Regularization methods, such as those proposed by Madras et
al. [81], penalize models for learning biased representations, thereby balancing accuracy and
fairness. Recent studies by, Bhattacharjee et al. [§] introduced MulT, an end-to-end Multi-
task Learning Transformer framework designed to simultaneously learn multiple high-level
vision tasks, including depth estimation, semantic segmentation, reshading, surface normal
estimation, 2D keypoint detection, and edge detection. Their approach leverages a shared

attention mechanism to model dependencies across tasks, demonstrating the scalability and
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effectiveness of multi-task learning in computer vision applications.

Evaluation-level interventions play a critical role in ensuring that mitigation efforts are
effective. Fairness-aware metrics, such as demographic parity and equalized odds, provide
quantitative measures of bias in model outputs [61]. These metrics are vital for assessing
whether models treat individuals from different demographic groups equitably. Addition-
ally, statistical measures like disparate impact and calibration error have been employed to
capture nuanced biases in predictive models, as outlined by Mehrabi et al. [86]. Tools for
interpretability and explainability, such as LIME (Local Interpretable Model-agnostic Expla-
nations) and SHAP (SHapley Additive exPlanations), enable practitioners to analyze model
decisions and uncover biased patterns [110, 80]. These tools facilitate the identification of
features or decisions that disproportionately affect certain groups, thereby guiding corrective
measures. Recent work by Hooker et al. [62] emphasizes the importance of integrating in-
terpretability tools into the development pipeline to foster transparency and accountability.
Hooker’s research highlights the interplay between model complexity and the efficacy of ex-
planation techniques, suggesting that simpler models may provide more actionable insights
into bias mitigation strategies. Moreover, Ghai [54] presents a human-centered approach to
enhancing explainability and fairness in Al systems, emphasizing the importance of trans-
parency and human control. This approach aligns with the growing demand for ethical Al

systems that prioritize user trust and inclusivity.

2.2 Gender Bias in Natural Language Processing

In natural language processing (NLP), gender bias is evident in the way large-scale language
models like GPT and BERT propagate stereotypes from their training data into down-
stream applications. Caliskan et al. [27] and Zhao et al. [I41] revealed that these models
embed gendered associations such as linking "he” with occupations like "doctor” and ”she”

with "nurse.” Such biases also surface in translation tasks, where gender-neutral sentences
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from languages like Turkish are often translated into gendered English equivalents, reflecting
stereotypical roles. More recent studies, such as those by Sheng et al. [119], show that con-
versational agents powered by language models frequently generate biased responses, further
entrenching stereotypes.

In an interesting study [20], the authors find that a significant majority of the most
frequent words in the training data of the widely used embeddings are associated with men.
For example, 77% of the top 1,000 most frequent words in the GloVe [97] embeddings are
associated with men. This pattern holds true across different frequency ranges, with similar
trends observed in fastText embeddings [20], albeit to a slightly lesser extent. In addition,
their part-of-speech tagging analysis showed that male-associated words are more likely to
be verbs, reflecting stereotypes of men as active and agentic. Female-associated words, on
the other hand, are more likely to be adjectives and adverbs, suggesting a perception of
women that requires additional description or explanation. Also, clustering analysis reveals
that male-associated words often relate to domains such as big tech, engineering, sports,
and violence. In contrast, female-associated words frequently pertain to appearance, sexual
content, and kitchen-related terms. The unequal representation of both genders within the
training data of neural embeddings can cause the model to develop biased representations
of men and women.

One notable impact of pre-training on large pre-trained language models (PLMs) is how
the training data influences gender biases. For example, the training corpus for ELMo
[99], the One Billion Word Benchmark, contains a significant gender skew: male pronouns
(e.g., "he” "his” and "him”) occur three times more frequently than female pronouns (e.g.,
”she” "her”) [139]. Specifically, the dataset shows approximately 5.3 million occurrences of
male pronouns compared to 1.6 million occurrences of female pronouns. This imbalance not
only reflects societal biases but also propagates these biases into the trained embeddings,
leading to a higher likelihood of male-biased associations in downstream tasks. Moreover,

male pronouns co-occur more frequently with occupation words, regardless of whether those
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occupations are stereotypically male or female. For instance, in the training corpus for ELMo,
male pronouns co-occur with occupation words 170,000 times, whereas female pronouns co-
occur with occupation words only 36,000 times [139]. These statistics underscore the need for
balanced training datasets and pre-training debiasing strategies to mitigate inherent gender
biases and ensure fairer and more accurate embeddings.

More recently, [72] transitioned from studying pre-trained language models to investigat-
ing large language models and how they perpetuate gender stereotypes, particularly in the
context of occupational roles. They found that LLMs are 3-6 times more likely to choose oc-
cupations that stereotypically align with a person’s gender. These choices align more closely
with societal perceptions than with official job statistics, indicating that LLMs amplify ex-
isting biases beyond what is reflected in reality. Additionally, the study revealed that the
behaviour of LLMs correlates more closely with human judgments about gender stereotypes
than with actual labour statistics. This suggests that the training data for these models
reflect societal biases rather than objective realities.

Many de-biasing strategies have been proposed to address gender bias in neural embed-
dings, and large language models. The method presented in [139] involves augmenting the
training corpus with gender-swapped variants of sentences i.e., creating a parallel corpus
where gender-specific words are swapped, ensuring an equal representation of male and fe-
male entities in the training data. For example, every instance of ‘he’ is swapped with the
opposite gender version i.e., ‘she’ and vice versa. This ensures that the model is exposed to
a balanced representation of gendered entities during training. Data augmentation has been
shown to significantly reduce bias in downstream tasks such as coreference resolution.

Debiasing neural embeddings through masking gender indicators is another method [101]
aimed at reducing gender bias in text classification tasks by explicitly removing gender-
specific terms from the training data. The first step involves identifying and listing gender-
specific terms such as pronouns titles, and other gendered words that are likely to introduce

bias into the embeddings. Once the gender-specific terms are identified, they are systemati-
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cally removed or replaced in the training data. This process, known as ‘scrubbing’ ensures
that these terms do not influence the embeddings. The objective is to prevent the model
from learning gender associations that could lead to biased outcomes in downstream tasks.
The embeddings are then trained on this modified corpus.

In [22], the authors propose a debiasing approach through regularizing the loss function
for training the embeddings. In particular, they proposed a regularization loss term for
the language model that minimizes the projection of encoder-trained embeddings onto an
embedding subspace that encodes gender. This method aims to reduce the influence of
gender bias in the learned embeddings. The regularization method is effective in reducing
gender bias up to an optimal weight assigned to the loss term.

The debiasing approach in [142] is focused on training debiased word embeddings from
scratch by modifying existing word vectors. The authors proposed Gender-Neutral Global
Vectors by altering the loss function of the GloVe [97] model to concentrate most of the
gender information in the last coordinate of each vector. This allows for the use of word
representations that exclude the gender coordinate. They achieve this by using two groups
of male/female seed words and encouraging words from different groups to differ in their
last coordinate. Additionally, they ensure that the representation of gender-neutral words

(excluding the last coordinate) is orthogonal to the gender direction.

2.3 Gender Bias in Information Retrieval

2.3.1 Source of Gender Bias in Information Retrieval Systems

Information retrieval systems consist of three primary components: (1) input query, (2)
retrieval method, and (3) gold standard documents. Ideally, the objective of a search engine
is to retrieve the gold standard documents using one or more retrieval methods given a
specific search query. However, if any of these components harbor biases, the list of retrieved

documents presented to users will reflect these biases. Consequently, users are exposed to
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biased content, which can negatively influence their perceptions and judgments.

In this section, we explore the presence of gender biases within each of the aforementioned
components and demonstrate the evidence of gender bias in each. Additionally, we provide
a comprehensive analysis of how each component can serve as a source of gender bias,

ultimately contaminating the fairness and accuracy of the information retrieval system.

Gender Bias in Input Query

The input query marks the initial point of interaction between the user and the information
retrieval system. While users’ search queries may appear gender-neutral, they can inherently
carry social biases that affect the search engine’s responses. This section will cover how these
biases manifest and the implications of query reformulation on gender bias in search results.

Algorithmic Query Reformulation. Imagine a user entering the query ‘top scientist’.
On the surface, this query seems unbiased and straightforward. However, due to intrinsic
societal biases, search engines might prioritize documents that highlight male scientists,
assuming that scientists are predominantly male. This subtle bias can significantly impact
the user’s perception and the visibility of female scientists. When users submit queries, these
can carry hidden social biases that influence the retrieval process. If the queries are socially
problematic, they introduce biases into the retrieved documents. Therefore, understanding
the biases in initial queries is crucial for developing fair and unbiased information retrieval
systems.

Query reformulation methods, such as Pseudo-Relevance Feedback (PRF), can exacer-
bate these biases. The RM3 PRF method, for instance, enhances the original query by
incorporating terms from the top-ranked documents retrieved by the initial query, assuming
these documents are relevant. However, if the top-ranked documents are biased, the ex-
panded query may reflect and amplify these biases. Consider the example of the query ‘top
scientists’. If the initial top-ranked documents are biased towards male scientists, the RM3

PRF method might expand the query to include terms like ‘top scientists men male’, leading
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to a biased set of results. This process illustrates how reformulated queries can perpetuate
gender stereotypes and underscores the need for analyzing and addressing these biases.

To investigate the extent to which pseudo-relevance feedback methods, such as RM3, in-
troduce biased terms, the authors in [I8] targeted a set of non-gendered news-related queries
from different TREC corpora, including Robust04 [126], Gov2 [34], ClueWeb09 [28], and
ClueWeb12 [35]. They used the ARaB metric [107] to examine the level of bias among the top
10 documents retrieved by BM25 and the PRF model. The authors found that the reformu-
lated queries included gender-specific terms not present in the original queries. For example,
the query ‘Cult Lifestyles’ was reformulated to include terms such as ‘student Krishna Kim
Chilton lifestyle she mother cult her car pension,” or ‘american muslim mosques schools’
changed to ‘mosque muslim american wahhabi my saudi america religion Islam school he’
by the PRF model. These additions resulted in increased bias in the retrieved documents,
demonstrating how PRF methods can inadvertently introduce and amplify gender bias in
search results.

The findings highlight the importance of critically evaluating query reformulation meth-
ods to ensure they do not perpetuate existing biases. Researchers and developers must
consider the potential for these methods to introduce bias and work towards creating fairer,
more balanced information retrieval systems. This includes exploring alternative approaches
to query reformulation that mitigate bias and developing metrics to measure and address
bias in search results effectively.

User-Driven Query Reformulation. In an observational study [102], a large-scale
search log data from Bing explored how users reformulate their queries to include gender-
specific terms, a process called gender-specializing query reformulations (GSQR). The study
identified approximately 4.7 million pairs of consecutive queries where the second query was
a GSQR of the first. For instance, consider a user initially searching for ‘NCAA scores.’
If their interest lies specifically in women’s basketball, they might reformulate the query to

‘NCAA women’s scores.” This simple modification demonstrates how users can introduce
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gender-specific terms to refine their search results. The study aimed to understand the
contexts in which users reformulate their queries to include gender-specific terms and the
impacts of these reformulations on search results.

The authors defined a query reformulation as specializing if the reformulated query con-
tained all terms from the original query in the same order and included additional contiguous
terms related to gender. They calculated the overall frequency of GSQRs and categorized
the original queries by topic, revealing higher rates of GSQRs in categories such as shopping
and fashion. This categorization provided insights into the contexts where users are more
likely to introduce gender-specific terms.

The study also explored the timing and method of query reformulation. Time differences
between the original and reformulated queries were analyzed to infer user behavior, showing
a median time of 19 seconds between queries, with men-related reformulations occurring
slightly more quickly. Additionally, the study examined how users entered their reformulated
queries. It was found that most gender-specific query reformulations (GSQRs) were made
either by editing the original query directly in the search bar at the top of the search results
page (SERP) or by selecting one of the recommended queries provided by the search engine.

Furthermore, the study investigated the genderedness of original queries using average
GloVe [97] embeddings of terms. This analysis revealed instances where GSQRs corrected the
under-representation of a gender or reinforced existing gender representations. For example,
the query ‘ADHD symptoms’ might be reformulated to ‘ADHD symptoms for women’ to
obtain gender-specific information, while a query like ‘NCAA basketball score’ might be
reformulated to ‘NCAA men’s basketball score’ to emphasize men’s results.

These findings highlight the active role users play in shaping search results through their
query reformulations. Understanding user behavior in this context is crucial for designing
search systems that accommodate user needs while mitigating the introduction of bias. It
also underscores the importance of providing users with tools and options to refine their

searches in a way that promotes fairness and diversity in the retrieved results.
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Gender Bias in Retrieval Methods

Retrieval methods play a pivotal role in retrieving relevant documents in response to user
input queries. However, when these methods lack awareness of bias, they may inadvertently
retrieve biased document sets, especially in response to sensitive queries. The algorithms
and techniques employed by retrieval methods to match the input query with relevant doc-
uments can be a source of gender biases. These methods are often based on Pre-trained
Language Models (PLMs) trained on large datasets that contain human-generated content
such as online forums, books, articles, web pages, etc. If the training data itself contains
gender biases, the retrieval algorithms capture those biases from data as a form of associa-
tion and likely reproduce and even amplify these biases. For example, if a search engine’s
algorithm has been trained on data that overrepresents male achievements in science and
underrepresents female achievements, it will preferentially retrieve documents about male
scientists, even when the query is a gender-neutral one.

Gender Bias in Embedding Models. In the field of Natural Language Processing
(NLP), studies have investigated the presence of gender biases in embedding representations
of word-embedding models |21} 27] such as Word2Vec [87] and pre-trained language models
[84],139] like ELMo [83] and BERT [42]. For instance, the authors in [21] provided significant
insights into gender biases within Word2Vec and GloVe word embeddings. They introduced
a geometric framework to identify gender in the embedding space and evaluated whether the
embeddings of occupations exhibit stereotypical gender biases. Additionally, they examined
if the embeddings generate analogies that humans perceive as reflecting gender stereotypes.
To investigate these, they created a gender subspace by considering 10 pairs of female and
male words such as (‘she’, ‘he’) and (‘mother’; and ‘father’) and subtracting the embedding
representation of each pair’s word embeddings to form matrics of ten vector embeddings and
finally applied singular value decomposition to obtain she-he gender subspace.

Followed by that, this gender subspace was projected into male-stereotypic and female-

stereotypic occupations and it has been shown that it is strongly correlated with the anno-
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tations of ten crowd-workers who were asked to annotate the occupations into male, female,
or neutral. Examples of extreme male and female occupations are captain and nurse, respec-
tively. To investigate if analogies also reflect stereotypes, the authors modified the standard
analogy task to generate pairs of words, allowing the systematic creation of analogies based
on seed words like ‘he’ and ‘she.” Using a scoring metric based on cosine similarity and
a semantic coherence threshold, they identified top analogous pairs. Finally, crowd work-
ers evaluated these pairs to determine if they made sense and reflected gender stereotypes.
The number of workers identifying a stereotype in each analogy quantified the degree of
bias. The results of the experiment showed that 72 out of 150 analogies were considered
gender-appropriate, while 29 exhibited gender stereotypes.

In addition to static word embeddings, contextualized embeddings also demonstrate
stereotypical gender biases, as evidenced by the authors in [I39]. In their study, 400 sentences
were selected from the OntoNotes 5.0 dataset [I31], each containing at least one gendered
word (e.g., ‘he’ or ‘she’). Subsequently, they created a gender-swapped version for each
sampled sentence and analyzed the disparities in ELMo embeddings among the occupation
words in these paired sentences. Principal component analysis (PCA) was then applied to
these differences.

The results revealed the existence of two principal components related to gender in ELMo
embeddings: one representing contextual gender information and the other representing
gender inherent in the occupation word itself. The first principal component segregates
male and female contexts, while the second component clusters male-associated and female-
associated occupation words. This analysis underscores the nuanced depiction of gender in
ELMo embeddings, encompassing both contextual and lexical gender information.

The Impact of Neural Embeddings on Retrieval Methods. With the emergence of
neural embeddings, retrieval methods shifted from term-frequency-based methods to neural-
based retrieval methods that leverage different variations of static word embeddings and

contextualized word embeddings for the task of retrieving relevant documents given a search
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query. For instance, retrieval methods such as KNRM [133], Conv-KNRM [41], DRMM [59],
DUET [88], and MatchPyramid [94] use Word2Vec or GloVe word embeddings for matching
query and documents representation.

Despite the improved performance of neural-based retrieval methods, they often rely on
static or contextualized embedding models that have been found to contain and amplify
gender biases [21], 139]. Moreover, these embedding representations, already biased, are fine-
tuned based on gold standard collections to learn query-document semantic mapping. During
the fine-tuning process, there is a risk of further reinforcing gender biases. For instance, if a
relevant document pair for a query is biased towards a specific gender attribute, the model
may capture and reflect this biased association during the ranking process.

To investigate how gender biases within static and contextualized embeddings manifest
at the ranking stage by retrieval methods, several studies have measured the level of gender
biases among the ranked lists of documents for queries using different retrieval methods
[51], 107, T05].The authors in [51] employed term-frequency-based retrieval methods such
as TF-IDF and BM25, as well as neural-based retrieval methods including DRMM and
MatchPyramid, to compare the level of gender bias among the retrieved lists of documents
for a subset of queries. Based on their experimental results, traditional lexical models such
as TF-IDF and BM25 exhibited low gender stereotypes, whereas semantic models based
on biased word embeddings tended to reinforce gender stereotypes, even with IDF-inspired
weighting schemes.

The authors in [107] released a set of gender-neutral queries consisting of 1,765 queries
annotated by annotators as being non-gendered, as outlined in Section[3.3] Using this gender-
neutral set of queries, BM25, static and contextualized embedding retrieval methods such as
BERT, KNRM, and MatchPyramid are employed to rank the top 1000 documents retrieved
by BM25. They then measured the level of bias within the ranked lists of documents from
each of these retrieval methods using term-frequency-based and boolean-based variations of

their proposed metric, namely A RaB. The results of the comparison, in terms of ARaB met-
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rics, demonstrated that all retrieval methods, especially neural models and BERT, showed a
bias towards male concepts, with neural models consistently increasing retrieval gender bias
compared to BM25. Furthermore, the use of pre-trained word embeddings in neural ranking
models tends to increase gender bias.

In another study [105], the authors investigated the level of fairness within the re-
trieved list of documents ranked by different retrieval methods across MSMARCOparr
and TRECDL19g ;g queries introduced in Section [3.2l They proposed NFaiRR met-
ric to measure fairness across the top-k ranked list of documents for the two sets of fair
queries by different retrieval methods. They evaluated the fairness metric across ranked
lists of documents by retrieval methods such as BM25, KNRM, MatchPyramid, BERT-Tiny,
and BERT-Mini. Based on the results, ranker-agnostic document sets reveal that in the
MSMARCOparr collection, the NFaiRR of SetTop200 (top-200 documents retrieved by
BM25) is slightly lower than SetAll (top-1000 documents retrieved by BM25), indicating
higher gender bias in the top retrieved documents compared to the entire collection. This
suggests that MSM ARCO g argr queries tend to pull documents from biased subspaces. Con-
versely, in the TREC DL19r4;1r collection, SetTop200 is more fair than SetAll, approaching
ideal fairness, suggesting that TRECDL19p ;i queries lead to balanced gender represen-
tation. For ranking models in MSMARCOFparg, classical retrieval models such as BM25
exhibit the lowest fairness, while neural models show significantly higher fairness scores, with
BERT rankers achieving the best results.

In conclusion, the investigation into language models and retrieval methods has high-
lighted significant gender biases that can affect the relevance and fairness of retrieved doc-
ument sets. These biases originate from the training data and are further amplified by the
algorithms and pre-trained language models used in retrieval systems. Studies have shown
that neural-based retrieval methods, despite their improved performance, tend to increase
gender bias compared to traditional models like BM25. This is evident in models that use

both static word embeddings and contextualized embeddings, which often capture and per-
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petuate gender stereotypes. Consequently, there is a pressing need to apply de-biasing meth-
ods to retrieval algorithms. Implementing such methods can mitigate these biases, ensuring
that retrieval systems provide fairer and more balanced results, particularly in response to

gender-neutral queries.

Gender Bias in Gold Standard Datasets

One of the main, if not the main, sources of gender biases in both embedding models and
retrieval methods used for ranking relevant documents in search queries is the use of biased
training datasets. Numerous NLP research studies have statistically analyzed the ratio of
male and female-related terms within the datasets used for training neural models. These
studies have shown that such training datasets contain considerable gender bias, leading
models to learn and reproduce associations between occupations or other entities with gender.
For example, in [44], the authors analyzed six dialogue datasets for gender bias and found a
significant bias towards males. Specifically, the LIGHT text adventure world dataset [125]
was identified as the most biased, with male bias reaching 73%. This high level of bias is
attributed to the dataset’s multiple potential sources of bias, its crowdsourced nature, and
its medieval, fantasy setting, which may reflect the gender biases of the crowdworkers.

In another study [139], the authors targeted the One Billion Word Benchmark corpus [30]
and calculated the occurrences of male pronouns (he, his, him) and female pronouns (she,
her) in the corpus, as well as the co-occurrence of these pronouns with occupation words. The
set of occupation words and their gender assignments were based on the WinoBias corpus
[141]. The findings revealed a significant gender skew in the Billion Word corpus as it could
be observed that male pronouns tend to appear three times more frequently than female
pronouns, and male pronouns were more commonly associated with occupation words.

Investigating gender biases in gold-standard training datasets for information retrieval
methods is imperative. Quantifying these biases is crucial because neural-based retrieval

methods are often trained on such data and biased training data can transfer biases into
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the algorithmic and representational aspects of retrieval methods. This bias can ultimately
affect the ranking process by causing models to associate gender with query needs for sensitive
queries, leading to biased documents being ranked higher and increasing their exposure to
users.

Gold standard datasets for training retrieval methods are typically obtained from crowd-
workers’ annotations, where workers are tasked with identifying relevant documents to

queries. Gender bias within these datasets can arise from two primary sources:

1. Perceived bias in human judgments: Crowdworkers assigned to annotate relevant
documents may inadvertently inject their own biases into the dataset. These biases
can be influenced by various factors such as cultural background, personal beliefs, or
societal stereotypes. For instance, a crowdworker’s cultural background might influence
their interpretation of what constitutes relevance, potentially leading to the inclusion

or exclusion of certain documents based on gender-related assumptions or stereotypes.

2. Inherent biases in the content: The material available for annotation might inher-
ently contain biases due to the nature of its source or the domain it represents. This
could encompass biases in language usage, representation of specific demographics, or
the framing of topics. For instance, documents sourced from certain domains or publi-
cations might predominantly focus on specific gender-related issues, thus skewing the

dataset towards particular gender perspectives.

In this section, we thoroughly investigate each of these potential sources of bias to under-
stand their implications within the context of gender biases in information retrieval datasets.
Impact of Perceived Bias on Human Judgements. Information retrieval models
are typically trained and evaluated using a collection of relevance judgments determined by
human assessors. If these documents display biases toward a particular gender, such biases
have the potential to manifest in the retrieved list of documents presented to users. It is

plausible that biases ingrained within individuals’ mental frameworks may influence their
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decisions regarding the relevance or irrelevance of information [49, [50] 120].

In this section, we explore the critical question of whether these perceived biases impact
human decision-making during the document judgment process, based on the research work
n [74]. The experimental setup of this study employs the Grep-BiasIR dataset, introduced
in Section which includes bias-sensitive queries and documents with varying gender
indications (male, female, and neutral). The experiments are conducted in two distinct
settings: gender-specific (where the gender of the participants is known) and gender-agnostic
(where the participants’ gender is unknown).

The queries in this study span six categories: Appearance, Career, Domestic Work, Child
Care, Cognitive Capabilities, and Physical Capabilities. Each query is paired with relevant
and non-relevant documents presented in both male and female versions. Participants from
the Amazon Mechanical Turk platform were tasked with rating the relevance of these query-
document pairs on a scale from non-relevant to perfectly relevant. Relevance judgments
were collected from 50 participants for the gender-agnostic setting and from 10 male and 10
female participants for the gender-specific setting.

The study aimed to investigate three primary hypotheses. First, it examined whether
relevant documents aligned with expected gender stereotypes received higher relevance scores
(H1). Second, it assessed whether non-relevant documents reflecting gender stereotypes
also influenced relevance scores (H2). Lastly, the research explored whether participants’
gender influenced their judgments of gender-biased content (H3). The design of the study
allowed the researchers to explore these hypotheses comprehensively within the controlled
experimental setup.

In the gender-agnostic experiments, findings revealed that participants generally rated
documents aligning with expected gender stereotypes higher in relevance. For example, in the
Domestic Work category, relevant documents with female-indicating content scored higher
than those with male content. This trend aligns with societal stereotypes where women are

often associated with domestic responsibilities. However, statistical significance was limited,
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indicating a subtle but observable influence of biases. For non-relevant documents, the
results were mixed, with some categories showing stereotype-disconfirming content being
rated as more relevant, potentially due to the surprising nature of such information. For
instance, in the Appearance category, male-indicating non-relevant documents were rated
higher, possibly reflecting a perceived novelty or unexpectedness in this context.

The gender-specific experiments aimed to assess whether participants’ gender impacted
their judgments of gender-biased documents. Results showed no significant interaction be-
tween participant gender and their relevance ratings for either relevant or non-relevant doc-
uments. For instance, male and female participants similarly rated queries such as “how to
build muscles” and “what is considered plus size” with no significant deviations linked to
their gender. This suggests that gender bias in perceived relevance judgments is not directly
influenced by the annotator’s gender under the study’s experimental conditions.

The study’s hypotheses regarding stereotype confirmation (H1), stereotype-confirming
effects for non-relevant documents (H2), and the impact of participant gender (H3) were
only partially supported. While relevance scores often aligned with stereotypes, the ef-
fect sizes were small, and statistical significance was generally not observed. An exception
was observed in the Appearance category for non-relevant documents, where stereotype-
disconfirming male content scored higher than female content, potentially influenced by how
unexpected or surprising the content seemed.

The study is not without its limitations, which constrain the generalizability and inter-
pretability of its findings. First, the sample size, particularly for the gender-specific experi-
ments, was relatively small, reducing the statistical power to detect significant effects. Addi-
tionally, the study relied on binary gender classifications (male and female), which limits the
scope of the findings and excludes insights from individuals who do not identify within these
categories. Another limitation arises from the controlled nature of the experimental setup,
where participants evaluated isolated query-document pairs without additional real-world

contextual factors, such as document ranking, source credibility, or temporal relevance.
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Bias in the Content of Gold Standard Datasets. The presence of gender biases
within the content of relevance judgment collections is examined in this section. To achieve
this, a three-staged methodological approach, as proposed in [19], is employed. The first
stage involves identifying and labeling queries based on their gender. To facilitate this, the
authors in [I07], introduced a gender-annotated dataset, which included queries labeled as
female, male, or neutral. Various models were trained to classify query gender, encompassing
both dynamic embeddings (such as BERT, DistilBERT, RoBERTa, and XLNet) and static
embeddings (including fastText and Word2Vec). The performance of these classifiers was
rigorously evaluated using a 5-fold cross-validation strategy. The uncased fine-tuned BERT
model demonstrated superior performance, with high accuracy and F1 scores across all
gender classes. Subsequently, this model was employed to label the entire MS MARCO
development query set for gender, resulting in a comprehensive dataset.

In the second stage, the authors measured various psychological characteristics of the rel-
evance judgment documents associated with gendered queries. Using the Linguistic Inquiry
and Word Count (LIWC) toolkit [96], they quantified affective processes, cognitive processes,
drives, and personal concerns within gold standard documents associated with development
set labeled queries from each of the male, female, and neutral categories. This stage was cru-
cial for determining whether the psychological expressions within the documents aligned with
known findings from psychological literature or exhibited stereotypical biases. This analysis
helped to uncover implicit biases embedded in the content of the documents, providing a
detailed understanding of how these biases manifest in relevance judgments.

The third stage involved reporting findings on gender stereotypical biases in the gold
standard relevance judgments. The results demonstrated that documents related to female
queries exhibited higher degrees of negative emotions such as anxiety and sadness, while
male query-associated documents showed more anger. In terms of cognitive processes, docu-
ments associated with female queries demonstrated higher cognitive complexity. For drives,

male query-related documents expressed more affiliation, achievement, and power, whereas
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female query-related documents emphasized reward and risk avoidance. Regarding personal
concerns, documents linked to male queries had a higher focus on work and leisure. This
stage revealed that the relevance judgment documents indeed reflected stereotypical gender
biases, consistent with some psychological research findings while highlighting unexpected
biases in the datasets.

These findings underscore the necessity of exploring de-biasing methods to mitigate preva-

lent gender biases in gold-standard datasets used for training retrieval methods.

2.3.2 Eliminating Gender Bias in Information Retrieval

Recent research has focused on identifying and reducing gender biases in neural rankers.
Rekabsaz et al. [I07] were among the first to identify this issue in such systems. Their paper
investigates the presence and extent of gender bias in neural ranking models. The authors
develop a framework to measure gender bias, introducing two metrics to quantify gender
bias in the ranked list of retrieved documents. Their work offers a dataset of gender-neutral
queries and employs it to evaluate various models, including the baseline BM25 method and
several neural ranking models. Their findings show that all models exhibit a male bias, but
neural models, especially those using contextualized embeddings like BERT, significantly
amplify this bias. The study also reveals that transfer learning with pre-trained embeddings
tends to increase gender bias in neural rankers. The work by Rekabsaz can be considered
a pioneering work that highlights the need to reduce gender biases in neural rankers while
maintaining their retrieval effectiveness.

Subsequently, Bigdeli et al. [19] investigate the presence of gender biases in gold stan-
dard relevance judgment datasets used for training and evaluating neural rankers. Since
these relevance judgment datasets greatly influence how neural rankers learn the concept
of relevance, the authors focused on quantifying and analyzing gender biases in relevance
judgments. The authors use a fine-tuned BERT model to label a large collection of queries

within the MS MARCO dataset [89], which were then used to assess the associated docu-
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ments for their psychological characteristics using the Linguistic Inquiry and Word Count
(LIWC) toolkit [95]. Their findings showed that stereotypical biases are common in rele-
vance judgment collections, particularly with regards to affective and cognitive processes, as
well as personal concerns and drives. Bigdeli et al advocate for the need for unbiased gold
standard relevance judgement datasets that can avoid training biased neural rankers. Based
on the findings from Rekabsaz et al. [I06] and Bigdeli et al. [14] that showed neural rankers
are susceptible to intensifying gender biases, follow up work has been focused on developing
methods that can reduce or eliminate such biases. The authors in [I06] attempt to elim-
inate gender information from the intermediate vector representation produced by BERT.
Their proposed architecture comprises a BERT encoder and two classifier heads. One of
the classifiers acts as an adversarial network, designed to discourage BERT from encoding
gender information in its internal representations. This adversarial network is trained to
predict gender, while BERT’s encoder is trained to minimize this prediction accuracy by
making its internal representations less informative. Using the adversarial framework, the
network aims to maximize relevance prediction while minimizing the prediction of gender
labels. This approach allows the encoder to gradually exclude gender information from the
intermediate vector representation, preventing the gender classifier head from being able to
predict gender from the vector representation.

Another relevant work [I8] explores the commonly held belief that reducing bias in ranker
systems comes at the cost of utility (retrieval effectiveness). The authors propose a bias-
aware pseudo-relevance feedback framework that aims to revise input queries to maintain or
improve retrieval utility while significantly reducing bias. The paper demonstrates that it is
possible to reduce bias without compromising retrieval effectiveness. This work challenges
the traditional view of bias and utility as competing aspects and suggests that they can be
addressed concurrently. Although the method is effective in reducing gender biases while
maintaining the performance, the method is limited to non-neural models such as BM25.

The work by Zerveas et al. [138] introduced a novel approach to mitigate bias in neural
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rankers through an end-to-end differentiable, transformer-based framework called COntex-
tual Document Embedding Reranking (CODER), which optimizes document relevance scores
while simultaneously imposing neutrality regularization. CODER . uses a transformer query
encoder that scores a set of candidate documents collectively rather than in isolation, achiev-
ing contextual ranking. For bias mitigation, a regularization loss penalizes high-scoring doc-
uments that deviate from neutrality with respect to gender. The neutral ranking objective
is achieved by comparing the distribution of scores against ideal, unbiased ranking scores.
The authors show that CODER provides a smoother and more predictable bias mitigation
process.

Different from other work that focus on adjusting the training model or the model ar-
chitecture, the recent work by Bigdeli et. al. [14] addresses the problem of gender bias in
neural retrieval models by proposing a simple and effective training data sampling strategy.
The authors suggest incorporating the degree of gender bias when sampling documents for
training neural rankers, allowing these models to maintain retrieval effectiveness while re-
ducing gender biases. This strategy involves a systematic negative sampling approach that
exposes neural rankers to biased documents, teaching them to avoid gender biases without
architectural changes to neural rankers. This approach is notable for its simplicity and ef-
ficacy, offering a practical solution for reducing gender biases while being applicable to a
range of neural rankers.

These existing methods for mitigating gender bias in information retrieval systems can be
broadly categorized into three main classes: Data-Driven Debiasing, Loss Function Reqular-
ization, and Adversarial Training. Each category represents a unique approach to addressing
biases, focusing on different aspects of the model development and training process, and col-
lectively, they form a comprehensive framework for tackling this pressing issue.

Data-Driven Debiasing strategies focus on addressing biases at their source: the training
data. The method proposed by Bigdeli et al. [14] exemplifies this approach. By incorporating

a systematic negative sampling strategy, this method ensures that training data exposes
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neural rankers to biased documents, teaching them to minimize reliance on gender-biased
patterns without requiring architectural modifications. The strength of data-driven debiasing
lies in its simplicity and versatility, as it can be applied to a wide range of neural ranking
models. By carefully curating and sampling data, these methods can preemptively reduce
the propagation of biases in downstream tasks, laying a strong foundation for equitable
information retrieval systems.

Loss Function Regularization methods, on the other hand, directly incorporate bias mit-
igation objectives into the model’s training process. These methods can be further divided
into two subcategories: the introduction of interpolated losses and the application of explicit
regularization terms. Zerveas et al. [I38] present an exemplary interpolated loss approach
through their CODER framework. By integrating a neutrality regularization loss along-
side the primary ranking objective, CODER ensures that high-scoring documents align with
unbiased ranking distributions. This balanced optimization enables the model to achieve
contextual relevance while maintaining neutrality.

Adversarial Training represents a more nuanced approach, wherein the model is explicitly
trained to disentangle sensitive attributes, such as gender, from its internal representations.
Rekabsaz et al. [105)] introduced one of the pioneering adversarial methods for bias mitigation
in neural rankers. Their approach employs a dual-objective training framework, where a gen-
der classifier is adversarially trained against the ranker’s encoder. This process encourages
the encoder to produce representations that are uninformative about gender, effectively neu-
tralizing gender biases in the intermediate vector representation. While adversarial training
offers a powerful mechanism for achieving fairness, it often requires careful tuning to balance
the competing objectives of relevance and neutrality.

These three categories collectively illustrate the diversity of strategies available for ad-
dressing gender bias in neural rankers. While data-driven approaches target biases at the
data level, loss function regularization and adversarial training focus on embedding fairness

into the model’s learning process. Each method has its strengths and trade-offs, but together,
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they provide a holistic framework for mitigating bias. By advancing these approaches, re-
searchers can ensure that information retrieval systems operate equitably, fostering trust and

inclusivity in their application across critical domains.
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Chapter 3

Problem Definition

3.1 Gender Fairness in Ranking

Fairness in ranking can be defined in various ways, depending on the perspective from which
the problem is analyzed [136] 43, @]. In this manuscript, we focus on fairness in terms of
gender equality. There are two broad definitions for fairness, namely Group Fairness, and
Individual Fairness. In this section, we define gender fairness in information retrieval as a

subset of group and individual fairness.

Definition 1. Group Fairness: Group fairness aims to ensure that groups of individuals

with different protected sensitive attributes receive comparable treatments statistically.

One of the most common definitions of group fairness is statistical parity [48]. Statisti-
cal parity requires the prediction y to be independent of the sensitive attribute s, denoted as
y L s. This can be mathematically represented for binary classification and binary attributes

as follows:

Ply=1|s=0)=Ply=1|s=1) (3.1)

To measure statistical parity, we can use the difference in probabilities:
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Asp=|Ply=1]5=0)~ Ply=1]s=1) (3.2)

A lower value of Agp indicates a fairer classifier. Statistical parity can be extended
to multi-class and multi-category sensitive attributes by ensuring that the prediction y is
independent of s.

One approach to conceptualize group fairness in IR argues that fairness may be achieved
when the probability of a document being retrieved for a query is independent of its gen-
der attribute, particularly for gender-neutral queries. This interpretation is rooted in the
idea that documents with identical content but differing gender attributes should have equal
chances of being retrieved, as their relevance to the query remains unaffected by gender.
For instance, given a gender-neutral query g,, and two documents d,, and d; with identi-
cal content but associated with male and female attributes respectively, the probability of
retrieving either document should not differ significantly.

This perspective aligns with the principle of statistical parity, which can be mathemati-
cally expressed to measure the degree of fairness in the retrieval process. Statistical parity
ensures that the likelihood of retrieval is balanced across gender attributes, reducing dispar-

ities introduced by implicit or explicit biases:

Asp = [P(dg; qn) | g =m) = P(dg, ) | g = f) (3:3)

where, P(d,,¢,) is the probability of the document d, being the top-retrieved docu-
ment for the gender-neutral query ¢,. Therefore, group fairness in information retrieval is

addressed if and only if:

ASP —0 (34)

Definition 2. Individual Fairness: Individual fairness focuses on ensuring that similar

individuals recetve similar algorithmic outcomes.
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Individual fairness for gender focuses on ensuring that algorithmic outcomes treat similar
entities equitably, regardless of their gender-related attributes. In information retrieval, this
means that documents or queries with similar intrinsic relevance or difficulty should receive
similar treatment by the system, independent of their association with a particular gender.
This approach addresses disparities that may arise from systemic biases, ensuring that gender
does not influence the outcomes for otherwise comparable items. By grounding fairness in
unbiased metrics of similarity or merit, individual fairness for gender promotes equitable
treatment at the level of individual entities while avoiding overgeneralization based on group
characteristics.

An example of individual fairness is the amortized attention framework [9] that en-
sures that items with similar relevance receive equitable exposure over a series of rankings,
making it a valuable approach for addressing gender bias in information retrieval. This
framework can help mitigate imbalances in attention, such as clicks or visibility, between
gender-associated documents or content. For example, in a scenario where equally rele-
vant documents feature female-associated content (e.g., biographies of women) and male-
associated content (e.g., biographies of men), systemic biases in ranking algorithms might
lead to disproportionately higher exposure for male-associated content. By applying the
amortized attention framework, the cumulative exposure of female- and male-associated
documents can be aligned with their relevance across multiple rankings, ensuring balanced
representation and preventing the consistent underrepresentation of any gender.

Another example of individual fairness frameworks is the Expected Exposure Model by
(author?) [43], which evaluates fairness in rankings by examining how attention (exposure)
is distributed across items of the same relevance grade, making it particularly effective for
addressing gender bias in information retrieval. The model ensures that documents or items
associated with different characteristics (in this case gender) but of equal relevance receive
comparable exposure across stochastic rankings. For instance, in response to a query like

‘top scientists in history,” documents about male scientists may consistently rank higher than
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those about female scientists due to systemic biases, resulting in unequal exposure. The
expected exposure model addresses this by aligning exposure with relevance, ensuring that
female-associated content receives exposure comparable to equally relevant male-associated
content, thereby fostering fairness in gender representation.

Given the definitions of group fairness, and individual fairness in information retrieval, a
fair information retrieval system satisfies both group and individual fairness to ensure that
the model has fair behaviour towards different demographic groups, and also the individuals
with different genders.

With the fairness definitions in mind, we are going to take a deeper look into the neu-
ral rankers, and the existing gender biases in them. Rekabsaz et al. are among the first
researchers who discovered that neural rankers not only exhibit gender biases but also rein-
force the existing biases [107]. During their extensive experiments, they revealed that neural
rankers exhibit gender biases in the sense that for a gender-neutral query, most of the re-
trieved documents exhibit inclination toward males. This contradicts group fairness defined
earlier.

On the other hand, the authors in [I17] revealed another category of gender biases in
information retrieval systems. Their research shows that the neural rankers perform better
when applied to male queries, as compared to the female queries. This contradicts individual
fairness that states every individual should be treated the same by an information retrieval
system, regardless of their gender attribute. This research led to the following research
question in terms of the origin of these gender biases as well as different datasets, and

metrics for measuring gender bias in information retrieval systems.

3.2 Benchmarking Gender Fairness

Gender orientation of queries and documents can be defined in multiple ways, depending on

the perspective from which gender is analyzed. One key perspective is the lexical definition
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of gender, where gender is inferred based on the explicit or implicit presence of gendered
words in the text. Explicit indicators include gendered pronouns (‘he,” ‘she’), gendered nouns
(‘man,” ‘woman’), or professions explicitly marked by gender (‘policeman,” ‘policewoman’).
For example, a query like ‘female CEO leadership strategies’ or a document discussing ‘the
contributions of male nurses’ clearly signals gender through direct lexical cues. However,
lexical gender orientation can also be implicit, where certain words or topics inherently sug-
gest a specific gender without using explicitly gendered terms. For instance, a query about
‘pregnancy nutrition tips’ implicitly points towards a female subject, as pregnancy is strongly
associated with women. Beyond lexical cues, subject-based gender orientation refers to the
gender of the entities or individuals discussed in a document, such as the main character in a
novel, the subject of a biography, or the individuals featured in a news article. A biography
titled ‘The Life of Marie Curie’ would be considered female-gendered due to its subject. An-
other dimension is the author’s gender, where the gender is determined by the identity of the
author or creator of the text. For example, a memoir written by a female author might be
considered female-gendered, regardless of its content. These definitions highlight that gender
orientation in text can emerge from linguistic choices, subject focus, or authorial perspective,
and these facets are not mutually exclusive. In this manuscript, given the current predom-
inant focus on the literature (albeit not the sole focus), we review the lexical definition of
gender, emphasizing how the textual content of queries and documents — both explicitly
and implicitly — reflects gender orientation. As such and in this manuscript, a query or
document is considered gendered if it includes explicit or implicit gendered words. In the
absence of such indicators, it is classified as neutral. This approach provides a measurable
foundation for analyzing gender bias in information retrieval systems, while acknowledg-
ing that other dimensions of gender representation remain valuable for broader contextual
analyses.

This approach to defining gender orientation is limited by its reliance on textual cues,

which may overlook the complexities of gender representation and its intersectionality with
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other social factors. Implicit gender orientation, for instance, is context-dependent and may
vary across cultures or individual interpretations, making it challenging to generalize. Ad-
ditionally, focusing on lexical definitions risks oversimplifying gender as a binary concept,
excluding non-binary and fluid identities. We acknowledge that while this framework pro-
vides a measurable starting point, it does not capture the full scope of gender representation,

which may extend beyond textual content to societal, historical, and cultural contexts.

3.3 IR Datasets

Several datasets have been proposed to identify and measure gender biases in NLP and
information retrieval systems [67, 111, 114]. These datasets incorporate queries labeled with
gender information, which can serve multiple purposes, such as analyzing search engine
behavior, studying gender bias in human judgment, and analyzing human query generation.
In this section, we will provide an in-depth explanation of these datasets, including their

samples, statistical characteristics, and limitations. An overview of the datasets is included

in Table 311

3.3.1 Gendered Queries

This dataset is proposed by Rekabsaz et. al. [I07]. The creation of the gender-annotated
queries dataset involved several key steps aimed at ensuring the inclusion of queries that do
not contain any gender-specific elements. This process was essential to accurately measure
the gender bias present in the retrieval models. Here is a detailed explanation of how the
dataset was created:

1. Query Selection: The queries were selected from the test set of the MS MARCO
Passage Retrieval collection [90], a dataset comprising 8,841,822 passages and a large set of
informational question-style queries from Bing’s search logs. The initial selection focused on

queries whose ranked list of documents displayed the highest inclinations towards gender,
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determined by the retrieval results of seven ranking models.

For all the Information Retrieval (IR) models, the retrieval gender bias of each test set
query was calculated using the Term Frequency (TF) gender magnitude measure and the
Rank Bias (RaB) approach at a cutoff of 10 [I08]. This process generated two separate
lists of queries for each of the seven IR models studied: one list for queries biased toward
females and another for queries biased toward males. Consequently, this resulted in a total
of 14 lists of sorted queries. A pooling method introduced in [69] was applied to these sorted
lists with a cutoff of 500, leading to a total of 3,924 unique queries. This method ensures a
comprehensive selection of queries, capturing various degrees of gender bias as perceived by
different models.

2. Human Annotation: The next step involved human annotation to categorize the
queries accurately. Three Amazon Mechanical Turk workers were tasked with classifying

each query into one of four categories:

Non-gendered: Queries that do not refer to any specific gender.

e Female: Queries containing words or phrases related to female concepts (e.g., queen,
pregnant).
e Male: Queries containing words or phrases related to male concepts (e.g., king, father).

Other or Multiple Genders: Queries that refer to other genders or multiple genders

(e.g., transgender, references to both male and female).

The detailed descriptions and guidelines for these categories were provided to the annota-
tors to ensure consistency and accuracy. Based on the annotations, each query was assigned
to a category using the majority vote of the annotators. Queries that did not reach an un-
ambiguous majority decision (i.e., each annotator chose a different category) were removed
from the dataset. This step was crucial to maintain the reliability of the dataset. The details

of the dataset are included in Table [3.1]
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3.3.2 MSMARCOFair: Gender-neutral Queries

The process of creating this dataset involves several detailed steps aimed at identifying
and annotating fairness-sensitive queries related to gender equality. (author?) [105] began
with an initial selection of queries from two prominent datasets: the TREC Deep Learning
Track 2019 Passage Retrieval (TRECDL19) [37] and the development set of the MSMARCO
Passage Re-ranking collection[90]. Specifically, they selected 1,765 non-gendered queries from
the MSMARCO collection, which had been previously annotated by Amazon Mechanical
Turk workers.

Next, the researchers employed three Amazon Mechanical Turk workers, all native English
speakers, to annotate the queries from TRECDL19 in a similar manner. This crowdsourced
annotation ensured consistency across both datasets. Following this, a meta-annotation pro-
cess was carried out to verify the initial annotations and identify queries where the presence
of gender bias in retrieval results would be socially problematic.

During the meta-annotation process, the researchers evaluated each query on two criteria:
whether it was non-gendered and whether gender bias in its retrieval results would be socially
problematic. Socially problematic queries were identified based on their potential to reinforce
existing gender norms and promote gender inequality. The researchers focused on domains
such as education, career, health, violence, exploitation, social inequality, and politics. For
example, a query like ‘how important is a governor?’ was marked as fairness-sensitive because
bias in this context could reinforce career stereotypes. Another query, ‘When do babies
start eating whole foods?” was identified as problematic due to its potential to reinforce
the stereotype of ‘women as caretakers’, thereby impacting career choices and perpetuating
gender norms.

The final step involved compiling the datasets, ensuring only those queries agreed upon by
both meta-annotators were included. This resulted in the MSMARCOFair dataset containing
215 queries and the TRECDL19Fair dataset including 30 queries. These datasets were

designed to serve as benchmarks for studying fairness in retrieval results, enabling research
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Table 3.1: Overview of the datasets for gender bias in information retrieval.

Query set queries neutral male female other human annotator
Gendered Queries 3,750 1,765 1,202 742 41
MSMARCOFair 215 215 - - -
TRECDL19pg, 30 30 - - -
BERT Gendered Queries 51,827 48,200 2,222 1,405 -
Grep-BiaslR 118 - - - -

on fairness alongside utility in information retrieval models.

3.3.3 BERT-annotated Gendered Queries

To begin, the authors in [10] employed a publicly available gender-annotated dataset provided
by Rekabsaz et al. (2020), which includes queries labeled as non-gendered (neutral), female,
male, or other/multiple genders, as mentioned in section .

On this basis, they trained classifiers using both dynamic and static embeddings to
predict the gender of queries. The performance of these classifiers was evaluated using a
5-fold cross-validation strategy. The fine-tuned uncased BERT model outperformed others,
showing the highest accuracy and F1 scores for gender identification: 0.856 accuracy, 0.816
for female, 0.872 for male, and 0.862 for neutral queries.

Using the fine-tuned BERT model, the researchers labeled all 51,827 queries in the MS
MARCO Dev set, resulting in 48,200 neutral queries, 2,222 male queries, and 1,405 female
queries. To create a balanced dataset, they retained all 1,405 female queries and randomly
selected 1,405 male and 1,405 neutral queries. These labeled queries, along with their asso-
ciated relevant judgment documents, were used to investigate the presence of stereotypical

gender biases.

3.3.4 Grep-BiaslR dataset

The Grep-BiasIR dataset [73], designed to investigate gender representation bias in informa-
tion retrieval systems, comprises 118 bias-sensitive queries and 708 associated documents.
The creation process began with the categorization of queries into seven gender-related

stereotypical concepts based on the gender role dimensions introduced by Behm-Morawitz
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and Mastro. These categories include Career, Domestic Work, Child Care, Cognitive Capa-
bilities, Physical Capabilities, Appearance, and Sex & Relationship. Each category contains
around 15 queries, resulting in a well-rounded dataset that addresses a variety of gender-
related topics.

For each query, the dataset includes one relevant and one non-relevant document. The
relevant documents were identified by submitting the queries to the Google search engine
and selecting documents that fully addressed the query’s information need. Non-relevant
documents were either taken from the same search results or created by the authors to
ensure they did not match the search query. Each document is provided in three variations:
male, female, and neutral. The variations maintain the same content, with gender-indicating
words modified accordingly. For instance, male indications include words like ‘man’ and ‘he’,
while female indications use ‘woman’ and ‘she’. Neutral terms like ‘person’ and ‘they’ were
used to create gender-neutral versions. This thorough and systematic approach ensures
that the dataset can effectively facilitate the study of gender biases in information retrieval
systems.

The dataset underwent rigorous auditing by two post-doctoral researchers who reviewed
each query and document for quality. They judged the items as high, medium, or low qual-
ity and only high-quality items were included in the final dataset. This review process also
involved checking for ambiguous content and ensuring that gender-neutral documents were
properly formulated, such as using only surnames to avoid gender-specific references. Addi-
tionally, the reviewers assessed the expected stereotypes for each query based on anticipated
gender characteristics and behaviors. This meticulous process of data collection and audit-
ing ensures that the Grep-BiasIR dataset is a reliable and valuable resource for investigating

gender representation biases in IR systems.
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3.4 Problem Formulation

When considering the issue of gender, user queries can be broadly categorized in two classes,
namely (i) gender-neutral queries, and (ii) gender-specific queries. Gender-neutral queries
are those queries, which seek information that can be answered independently of gender
considerations and include examples such as ‘what happened in cabo shooting” and ‘what is
early childhood studies’. In contrast, gender-specific queries will need to take gender as a
consideration when effectively addressing the query. Examples of such queries include ‘when
can you feel signs of pregnancy’ (female-affiliated query) and ‘what is age for prostate cancer’
(male-affiliated query). Table provides further examples of gender-specific and gender-
neutral queries as provided by Rekabsaz et al [I08]. The objective of our work is to ensure
that a neural ranker ® is fair when dealing with these two different types of queries. We
adopt the definition of gender fairness as laid out by earlier work [T18] 13|, [75], and formulate
them as follows:

Fairness for gender-neutral queries. A neural ranker would be deemed fair when pro-
cessing gender-neutral queries if the retrieved ranked list of documents would not exhibit
any predispositions towards any specific gender. This principle is predicated on the under-
standing that a query devoid of gender-related cues should yield a set of documents whose
relevance is determined independently of gender implications [71], 108, [19]. For instance,
the query ‘how can one become an engineer?’ is gender-neutral, as the path to becoming
an engineer is independent of the individual’s gender. In such a case, one would expect to
receive a ranked list of documents that does not carry any preconceived notions of gender
preference in relation to the engineering profession. In order to quantitatively assess the
fairness of a ranked list of documents, denoted as R,, in relation to a gender-neutral query g,
researchers have assumed that a function W(R,) can be formulated for measuring the extent
of gender bias manifested by R, [107, 106, 1] where lower values of W(R) depict increased

degrees of fairness. For a ranking R, to be considered fair in response to a gender-neutral
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Table 3.2: Sample queries and their gender affiliations from [107].

Query Gender Affiliation Query
actress who born at litrhuania

Female what does it mean when you bleed before period
Male who is king philip of spain

is king arthur real or legend?
Neutral where is kobenhavn

what is hemianopsia

query, the ideal outcome would be:

U(R,) — 0 (3.5)

This symbolizes the expectation that the ranked list of documents for a gender-neutral query
q should approach a state of gender parity, where ideally no discernible bias in favor of any
gender is observable.

Fairness for gender-specific queries. When processing gender-specific queries, a neural
ranker would be deemed fair if its ability to effectively rank documents does not vary based
on the gender of the query. This concept posits that the performance of a neural ranker, can
be quantitatively assessed using a performance metric A\(Q)), where a higher \(Q) indicates
superior model performance on the query set (). For a neural ranker to be considered fair
under this definition, it must exhibit comparable performance levels for queries belonging to
different gender affiliations, such as male-affiliated queries (Q,,), or female-affiliated queries

(Qy), essentially satisfying the following condition:

A@Qm) = AQy) (3.6)

This definition emphasizes the need for promoting a system that treats all queries equally
without bias towards any gender association.

In summary, a fair ranker should not exhibit stereotypical biases toward both gender-
neutral and gender-specific queries. For gender-neutral queries, the goal is to reduce, and ide-
ally remove, biases in the document retrieval process, as shown in Equation : U(R,) — 0.
For gender-specific queries, the ranker should demonstrate comparable retrieval effectiveness

across different gendered queries, as detailed in Equation B.6f A(Qm) ~ A(Qy).
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Chapter 4

Loss Function Regularization

4.1 Methodology

4.1.1 Proposed Framework

In this work, we propose a systematic approach to mitigating gender biases in information
retrieval systems by introducing bias-aware training into the neural ranker’s optimization
process. The training procedure is regularized to jointly optimize for document-query rel-
evance and reduce the influence of biases present in the ranked results. Biases are treated
as systematic distortions that may need to be minimized to align with the dual objectives
of fairness and effectiveness. The loss function, as the primary objective guiding the opti-
mization process, plays a critical role in shaping the training dynamics of neural rankers. By
incorporating fairness constraints into the loss function, the model is trained to explicitly
account, for both relevance and bias mitigation during optimization. This ensures that the
ranker produces more balanced outputs while maintaining retrieval performance.

The training process of a neural ranker can be framed probabilistically. Let 7 =
{(q,d;)}Y., represent the training dataset, where ¢ is a query and d; is a document. For
each query-document pair, the model ®(q,d;) predicts a relevance score. Additionally, let

Y = {y;}Y, be the corresponding ground truth relevance labels, where y; indicates the true
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relevance of document d; to query ¢. The likelihood of observing the correct ranking out-
comes can be expressed as the posterior probability P(® | 7,)). The training objective is
to maximize this probability. Equivalently, minimizing the negative log-likelihood gives the

loss function:

L=—-Er[logP(®|T,))] (4.1)

Using Bayes’ Rule, the posterior probability can be expanded as:

P®|T,Y)xPY|T,®) - P(®) (4.2)

Here, P(Y | T,®) is the conditional probability of observing the labels ) given the
training data 7 and the model predictions ®, and P(®) is a prior distribution over the

model parameters. Assuming a uniform prior P(®), the objective simplifies to:

L=-Er[logP(Y|T,®)] (4.3)

In this work, we aim to extend standard ranking objectives by incorporating fairness
constraints to address gender biases. By integrating bias-awareness into the loss function,
we enable the neural ranker to optimize not only for relevance but also for fairness, ensuring
that the system produces rankings that are both effective and unbiased. This dual objective is
fundamental to our approach, as it allows the ranker to account for and mitigate the harmful
effects of biases during training. To achieve this, we introduce two functions, ¥ and (, which
measure the bias and fairness of the training samples, respectively. The function ¥ quantifies
the degree of gender bias in a training sample. A higher W-value for a document d; in a
training pair (¢, d;) indicates a stronger inclination toward a specific gender. Conversely, ¢
evaluates the fairness of training samples, where a higher (-value indicates that the document
d; exhibits a balanced representation of different genders. We incorporate these measures

into the loss function under two distinct scenarios:
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1. Bias Penalty: Penalizing training samples based on the level of bias measured by
U. This approach modifies the log-likelihood loss to create a bias-aware loss function,
denoted as Lpenalty:

EPenalty - _ET[lOgP(y | T7 CI), \Ij)} (44)

2. Fairness Reward: Rewarding training samples for their fairness based on the values

measured by (. This approach introduces a fairness-aware loss function, denoted as

LReward :

»CReward = _ET[IOg P(y ‘ T7 (I)v \II7 C)] (45)

By incorporating these loss functions into the training process, the neural ranker is guided
to balance relevance and fairness objectives, potentially reducing gender biases in the ranking
process while maintaining retrieval effectiveness. In the following, we outline how Lpenaity
and Lgewara can be effectively operationalized in practice to penalize and/or reward training

samples to obtain a fair neural ranker.

Penalizing Irrelevant Documents

In ranking systems, irrelevant documents are expected to be positioned farther from the
query in the embedding space, resulting in low relevance scores. However, when irrelevant
documents exhibit high levels of bias, their proximity to the query can inadvertently influence
the ranking process, potentially propagating biased content. This is particularly problem-
atic as it conflicts with the objectives of fairness and effectiveness by introducing unintended
biases into the system’s output. To address this, it is necessary to penalize irrelevant doc-
uments based on their level of bias. By explicitly discouraging the model from associating
biased irrelevant documents with the query, we aim to deprioritize these documents and
reduce their influence on the final rankings. Hence, we incorporate bias-awareness into the
loss function by adjusting the relevance score of irrelevant documents according to their bias

levels.
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We propose that the relevance score ® (g, d~) for a query ¢ and an irrelevant document d~
is modified using a bias penalty to produce a bias-aware relevance score ®(q,d™), defined

as:

®p(g,d™) = a(®(q,d”) +A¥(d")) (4.6)

Here, « represents an activation function applied to the adjusted score, while ®5(q,d ™)
denotes the bias-adjusted relevance score for the query ¢ and the irrelevant document d—.
The parameter A controls the influence of the bias penalty, and ¥(d~) quantifies the level of
bias in the document. By incorporating this bias-aware adjustment, the model is signaled to
push biased irrelevant documents farther from the query in the embedding space, effectively
reducing their relevance scores. This adjustment ensures that such documents contribute
minimally, if they are biased, to the ranking process, supporting the objective of a fairer and

more balanced ranking system.

Penalizing Relevant Documents

Relevant documents are typically expected to have high relevance scores and should be
ranked higher for a given query. However, when these documents exhibit bias, their high
relevance can inadvertently amplify unfair patterns in the ranking process. This is partic-
ularly concerning because it can perpetuate biased content while still appearing relevant,
undermining the fairness of the ranking system. To address this, we propose to adjust the
ranking of biased relevant documents, reducing their influence on the final output without
diminishing their relevance. Since there are often multiple relevant documents for a single
query, it becomes crucial to prioritize documents with lower bias and demote those exhibiting
higher levels of bias. The aim is not to discard relevant documents but to ensure that those
with less bias are given higher prominence, fostering fairness in the rankings. To implement
this, we modify the relevance score of each relevant document based on its bias level, incor-

porating this adjustment into the loss function. The bias-aware relevance score for a relevant
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document d' can be defined as:

Pp(q,d") = a(P(q,d") + A\¥(dT)) (4.7)

where « is an activation function, ®(q,d") represents the bias-adjusted relevance score
for the query ¢ and document d*, )\ is a parameter that controls the penalty’s strength,
and W (d') quantifies the bias in the relevant document. This approach ensures that biased
relevant documents are penalized in the ranking process, reducing their prominence while

preserving the overall relevance of the documents.

Penalizing Both Irrelevant and Relevant Documents

In this approach, we combine the strategies from the first two scenarios to address bias
in both irrelevant and relevant documents. The goal is to ensure that the model accounts
for bias across all types of documents, improving fairness throughout the ranking process.
For irrelevant documents (d~), the objective is to move them farther from the query in
the embedding space, minimizing their relevance score. To achieve this, we penalize these
documents by artificially increasing their relevance score based on their bias level. This
adjustment encourages the model to position biased irrelevant documents farther from the
query, thus lowering their influence on the final ranking.

For relevant documents (d*), the goal is to prevent biased relevant documents from being
ranked too close to the query. These documents may already have high relevance scores, but
their bias can cause them to disproportionately dominate the ranking. To prevent this,
we introduce a penalty by increasing their relevance score in proportion to their bias level,
signaling the model to avoid overemphasizing them. Therefore, the relevance scores for both
irrelevant and relevant documents are adjusted according to the bias measures, as described

in Equations [4.6] and [£.7] This combined approach ensures two key outcomes:

1. Biased irrelevant documents are deprioritized, as their relevance scores are minimized
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and their position relative to the query is moved farther away.

2. Biased relevant documents are not overemphasized, as their relevance scores are mod-

erated to prevent them from dominating the ranking.

Rewarding Irrelevant Documents

In this approach, the goal is to enhance fairness by rewarding irrelevant documents (d~) that
exhibit higher fairness scores. The key assumption is that encouraging fairness in the ranking
of irrelevant documents will help the model position them appropriately without amplifying
biases. Typically, for irrelevant documents, the aim is to minimize their relevance score
®(q,d"). However, to prevent overly penalizing fair irrelevant documents, we adjust their
relevance score by decreasing it in proportion to their fairness score ((d~). This adjustment
prevents the model from excessively pushing fair irrelevant documents away from the query in
the embedding space, helping to maintain a more equitable ranking. The adjusted relevance

score for an irrelevant document is given by:

Op(q,d™) = a (P(g,d”) — A(d7)) (4.8)

where « is an activation function applied to the relevance score, ®p is the fairness-adjusted
relevance score for the query ¢ and irrelevant document d~, X is a coefficient controlling the
magnitude of the fairness reward, and ((d~) represents the fairness of document d~. By
incorporating this fairness reward, the model ensures that irrelevant documents that are fair
are not penalized too harshly, allowing them to be ranked appropriately within the overall
system while avoiding the introduction of bias. This strategy ultimately helps maintain

fairness across the ranking process.
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Rewarding Relevant Documents

In this approach, we aim to encourage fairness in the ranking of relevant documents (d*) by
rewarding those with higher fairness scores. The hypothesis is that prioritizing fairness in
relevant documents can help the model rank them appropriately while maintaining overall
ranking effectiveness. For relevant documents, the primary objective is to maximize their rel-
evance score ®(q, d"). However, when a relevant document is biased, we adjust its relevance
score downward based on its fairness score ((d*). This adjustment signals to the model
that the document is already sufficiently close to the query and that its position should not
be further emphasized, ensuring that fairness is prioritized. The reward-adjusted relevance

score for a relevant document is defined as:

Dp(q,d") = a ((q,d") — M(dT)) (4.9)

where « is an activation function, ®p is the adjusted relevance score for the query ¢ and the
relevant document d*, X is a hyperparameter controlling the strength of the fairness reward,
and ((d") quantifies the fairness of the document. By incorporating this adjustment into
the ranking, the model is encouraged to prioritize relevant documents that exhibit fairness,

ensuring that they are ranked in a way that is not only relevant but also equitable.

Rewarding Both Irrelevant and Relevant Documents

Simultaneously rewarding both irrelevant and relevant documents based on their fairness
scores promotes fairness throughout the ranking system while preserving relevance. Ad-
justing relevance scores according to fairness ensures that fair documents are prioritized
appropriately, regardless of their relevance category, and minimizes the impact of biased
documents. For irrelevant documents (d~), the relevance score is decreased by an amount
proportional to their fairness score ((d~). This rewards fair irrelevant documents by signal-

ing that their relevance is already sufficiently low, and further adjustment is unnecessary.
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On the other hand, for relevant documents (d*), the relevance score is adjusted downward
in proportion to their fairness score ((d*), guiding the model to prioritize those that are fair
and pushing them closer to the query in the embedding space. By adjusting the relevance
scores of both irrelevant and relevant documents as shown in Equations and [4.9] we en-
sure that fairness is promoted across the entire ranking process. This adjustment helps the
model learn to balance fairness and relevance, leading to a more equitable ranking system
that treats bias as an important factor in determining the final outputs. As a result, the
model is better equipped to rank documents in a manner that reflects both relevance and
fairness, enhancing the quality and inclusiveness of the ranking system.

In the next section, we will concretely demonstrate how these six strategies—penalizing
and rewarding both irrelevant and relevant documents—can be incorporated into the loss
function of pointwise [32 [70] and pairwise [64, 29] neural ranking models. Pointwise models,
which focus on predicting the relevance of individual documents for a given query, provide
a simple yet effective approach for incorporating fairness adjustments on a per-document
basis. They are well-suited to scenarios where the focus is on ensuring that each document
is fairly ranked relative to a given query. Pairwise models, on the other hand, consider the
relative ordering between document pairs, making them particularly effective in scenarios
where ranking accuracy and fairness need to be optimized in terms of the relative positioning
of documents. By comparing pairs of documents and learning the correct order, pairwise
models can directly address situations where the fairness of one document should influence
the position of another, especially when the documents are similar in relevance but differ in
bias or fairness. Overall, Pointwise models are simpler to train and evaluate, while pairwise
models tend to provide stronger performance in ranking tasks where the relative order of
documents is critical. In the next section, we will outline how to integrate our proposed
fairness adjustments into both types of models, providing concrete examples of how each

strategy can be operationalized in practice.
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4.1.2 Fair Pointwise Neural Rankers

Pointwise neural rankers treat the ranking task as a regression or classification problem by
independently predicting the relevance of each query-document pair. The model is trained
to assign scores that match the ground-truth relevance labels for each pair, focusing on
individual query-document relevance without considering pairwise relationships. One key
strength of pointwise models is their simplicity and ease of implementation, making them
particularly well-suited for datasets where relevance labels are explicitly provided for indi-
vidual query-document pairs. This makes them an attractive choice when the task focuses
on optimizing relevance scores for each document independently, as is common in ranking
tasks with clearly labeled datasets. For a given query ¢ and document d;, the relevance

likelihood can be formulated as:
PYI|T,®) = HP%!@q, i) (4.10)

Here, P(y; | ®(q,d;)) denotes the probability of observing the true relevance label y;,
given the predicted relevance score ®(q,d;). Assuming that the relevance label y; follows a

logistic distribution, we model this probability as:

1

S T (4.11)

Py | ®(g,di)) =

In this context, the relevance score ®(q,d;) is interpreted as the logit of the relevance

score. The log-likelihood for the pointwise loss function is then:
Lpointwise = — Y _log P(y; | D(q,d;)) = _log (14 e @) (4.12)

This formulation can be simplified by using the Mean Squared Error (MSE) loss, which

penalizes the squared difference between the predicted relevance score ®(q, d;) and the ground
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truth label y;. The MSE-based formulation is:

1 2
Lpointwise = (m - yi) (4.13)

i

The simplicity of pointwise models makes them an ideal starting point for exploring
fairness in ranking tasks. By adjusting the predicted relevance score based on fairness mea-
sures, we directly incorporate the impact of gender biases or fairness issues into the model’s

optimization process. This modification enhances the model’s ability to not only optimize

relevance but also improve fairness in ranking results.

Penalizing Documents

To incorporate fairness into the pointwise loss function, we introduce a unified bias-aware
penalty framework that can be applied to irrelevant documents, relevant documents, or both,

depending on the specific scenario. The bias-adjusted loss function is defined as:

1 2
Lrenaity = Z |:(1 + 6_(@(q7dz‘)+(1_yi)'\Ij(di)"‘yi‘qj(di))) B yz} (4.14)

In this formulation, y; represents the ground-truth relevance label for the document d;
with respect to the query ¢, where y; = 1 indicates a relevant document and y; = 0 indicates
an irrelevant document. The term W(d;) quantifies the bias of the document d;, serving as a
measure of how strongly the document deviates from fairness. The two terms, (1 —y;)-V(d;)
and y; - ¥(d;), selectively apply the penalty based on the relevance label y;. Specifically,
(1 —y;) - U(d;) applies the penalty to biased irrelevant documents (y; = 0), ensuring that
such documents are deprioritized in the ranking. Similarly, y; - U(d;) applies the penalty to
biased relevant documents (y; = 1), discouraging their overemphasis in the ranking. This

unified formulation supports three distinct scenarios:

1. For penalizing irrelevant documents (Section {4.1.1)), the loss function applies a bias-

aware penalty only to documents labeled as irrelevant (y; = 0), encouraging the model
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to reduce their prominence in the ranking while accounting for their bias.

2. For penalizing relevant documents (Section [4.1.1]), the loss function applies the penalty
only to documents labeled as relevant (y; = 1), preventing biased relevant documents

from being overly emphasized in the ranking.

3. For penalizing both irrelevant and relevant documents (Section [4.1.1)), the loss function
applies penalties to all documents based on their bias levels, regardless of their relevance

labels.

To demonstrate the effect of regularizing the loss function, we analyze the impact of
incorporating a bias-aware penalty term in the case of penalizing irrelevant documents. The
gradient of the loss function with respect to the relevance score ®(q,d;) is calculated as

follows:

aEPenalty

D0(q.d)) 2[0(®(q, di) +W(di)) — ;] -o((q, di) + U (dy)) - (1 —o(D(q, di) +W(dy))), (4.15)

where o is the sigmoid activation function. The penalty term ¥(d;) modifies the input to
the sigmoid function and plays a critical role in shaping the gradient. The impact of ¥(d;)
on the gradient can be interpreted as follows. First, the penalty term W(d;) shifts the input
(g, d;) to O(q,d;)+¥(d;). A positive bias score (¥(d;) > 0) increases the effective relevance
score, causing the sigmoid output o(®(q,d;) + ¥(d;)) to move closer to one. Conversely, a
negative bias score (¥(d;) < 0) reduces the effective relevance score, pushing the sigmoid
output closer to zero. Second, the gradient is sensitive to the magnitude of ¥(d;), ensuring
that highly biased documents (¥(d;) > 0) induce a stronger adjustment in ®(q,d;). This
encourages the model to correct for biases by appropriately adjusting relevance predictions
during backpropagation.

Algorithm [I] outlines the training procedure for a ranking network using a bias-aware
pointwise loss function in the case of penalizing irrelevant documents. The process begins

by initializing the model parameters (6,b) randomly (Line 2). Over a specified number
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Algorithm 1 Training of the Ranking Network with the Bias-Aware Pointwise Loss.

1: Data: {(q,d,y)}, number of training iterations 7'
2: Initialize: 0, b randomly. for t =1 to T do

each sample (g, d,y) in the batch
E + encoder(q ® d)
s+ o(0FE +b)
U(d) <y ¥(d)
ne 2
‘?Pe%lalty — Zz [(1+e*(‘1>(q,di)‘1F(1*yi)"1’(di))) - y"]
Oronsic  9[o((q,d;) + U(d,)) — yi] - (g, di) + U(dy)) - (1 — o(D(q, dy) + ¥(dy))

pt+1) — p(t) _ OLpenalty 92(q,di)
aaf(q’di) a<1>(89d-)
pt+1) — p(t) _ n 8@1)(2;13 dql; i

—_ =

of iterations T' (Line 3), the model processes each query-document pair (¢q,d,y) from the
training batch (Line 4). For each pair, the query and document are encoded into embeddings
E (Line 5), which are used to compute the relevance score s via a sigmoid activation function
parameterized by 6 and b (Line 6). The bias term W(d) is updated based on the relevance
label y to modulate its impact on the loss (Line 7). The bias-aware penalty loss Eﬁiialty is then
calculated (Line 8). The gradient of this penalty loss with respect to ®(g, d;) is derived (Line
9) using the sigmoid’s derivative to capture the sensitivity of relevance scores to parameter
updates. Finally, the model parameters 6 and b are updated via gradient descent (Line 10),
weighted by the learning rate n and the gradient of the bias-aware penalty. This iterative

process optimizes relevance predictions while mitigating bias, resulting in a fairer ranking

system.

Rewarding Documents

To incorporate fairness rewards into the pointwise loss function, we introduce a unified bias-
aware reward framework that applies to irrelevant documents, relevant documents, or both,

depending on the specific case. The reward-adjusted loss function is defined as:

1 2
Lrevard = Z |:<1 + e—(‘P(Q,di)—(l—yi)'C(di)—yi'C(di))) B yl:| (4'16)
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In this formulation, y; represents the ground-truth relevance label for the document
d;, where y; = 1 for relevant documents and y; = 0 for irrelevant documents. The term
((d;) measures the fairness of the document d;, serving as a reward for documents with
higher fairness. The expression (1 — y;) - {(d;) ensures that fairness rewards are applied only
to irrelevant documents (y; = 0), encouraging the model to deprioritize biased irrelevant
documents while recognizing fairness. Similarly, the term y; - ((d;) applies fairness rewards
to relevant documents (y; = 1), helping the model prioritize fair relevant documents over
biased ones.

This unified framework integrates the following cases:

1. When rewarding irrelevant documents (Section |4.1.1)), the loss function applies fairness
rewards exclusively to documents labeled as irrelevant (y; = 0). This signals the model
to deprioritize biased irrelevant documents while maintaining fairness in the ranking

process.

2. When rewarding relevant documents (Section {4.1.1)), the fairness rewards are applied
exclusively to documents labeled as relevant (y; = 1). This encourages the model to
rank fair relevant documents higher, ensuring that fairness is prioritized in relevant

document rankings.

3. When rewarding both irrelevant and relevant documents (Section [4.1.1]), the fairness
rewards are applied simultaneously to all documents regardless of their relevance label.
This ensures a comprehensive approach to mitigating biases across all document types,

balancing fairness and relevance in the ranking system.

4.1.3 Fair Pairwise Neural Rankers

Unlike the pointwise approach, pairwise neural rankers focus on the relative ordering of
documents for a given query. The primary objective is to train the model to ensure that

the predicted relevance score for a relevant document is higher than that of an irrelevant
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document. This method is particularly well-aligned with the goals of ranking tasks, where the
relative ordering of documents often carries more importance than their absolute relevance
scores. Rather than predicting the relevance of individual documents, the pairwise approach
models the relative preference between a relevant document d* and an irrelevant document
d~ for a given query g. The conditional probability for a pairwise ranking approach is

expressed as:

PY|T,®) = HP viy;) | (B(g, di), ®(q,d;))), (4.17)

where P((y;,y;) | (®(q,d;), ®(q,d;))) denotes the likelihood of document d; being more

relevant than document d;. This likelihood is modeled using a sigmoid function as follows:

1

oo s (4.18)

P((yi, ) | (2(q,di), 2(q,d)))) = o(®(g, di) — D(q,d;)),  o(2) =

The training objective for pairwise ranking is to maximize this probability, which trans-

lates into minimizing the negative log-likelihood:
*Cpairwise = - Z log P((yh y]) | ((I)(Q7 d2)7 CD(Qa dj))) . (419)
(i.4)
Expanding this expression gives the following loss function:
'Cpairwise = Z log (1 + eXp(_(q)(q> d’L) - @(q’ d])))) (420)
(i.3)

This formulation directly optimizes the ranking order by penalizing cases where a relevant
document d* is not scored higher than an irrelevant document d~. To further enforce a
significant margin between the relevance scores of relevant and irrelevant documents, we

incorporate a hinge-like loss function. This loss penalizes situations where the difference in
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scores is less than a predefined margin m:

Nt N—

_ 1 + -
Lomargin = — ; ;max(O, m— ®(q,d*) + ®(q,d")). (4.21)
Here, N* and N~ represent the number of relevant and irrelevant documents, respectively,
and m is a hyperparameter that defines the minimum desired gap between scores. The
hinge-like behavior of this loss encourages the model to prioritize clear distinctions between
the scores of relevant and irrelevant documents, thereby improving the robustness of the

ranking system.

Penalizing Documents

To incorporate fairness into pairwise loss functions, we propose a unified penalty frame-
work that applies to biased irrelevant documents, biased relevant documents, or both. The

penalty-adjusted pairwise loss function is defined as:

Nt N—

Lrenney = = 37 S max(0,m — (sanh(®(g,d*)) + XU(d")) + (sanh(®(g,d)) + X¥(d))),
o (4.22)
where ®(q,d") and ®(q,d ") represent the predicted relevance scores for the relevant and
irrelevant documents, respectively, and ¥(d") and W(d~) denote the bias scores for the
relevant and irrelevant documents. The hyperparameter A controls the strength of the bias
penalty, and m defines the desired margin between the relevance scores of the two document
types. The loss penalizes pairs where the relevance score gap between d+ and d~ is insufficient

due to the presence of bias. This formulation unifies the three cases where we may apply

penalties to documents:

1. For penalizing biased irrelevant documents (Section [4.1.1]), the term AW(d™) increases
the relevance score of biased irrelevant documents, encouraging the model to push their

scores further down and create a clearer distinction from relevant documents.
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Algorithm 2 Training of the Ranking Network with the Bias-aware Pair-wise Loss.

1:
2:

Data: {(q,d,y)}, number of training iterations 7.
Initialize: 0, b randomly.
fort=1to T do

each sample (q,d,y) in the batch

E™ «+ encoder(q ® d™)
E~ + encoder(q ® d™)
D(q,d") + c(0ET +b)
®(q,d”) + o(0E~ +0)
Calculate ¥(d™)
L3% y = £ 200 S0 max(0,m — tanh(®(g, d*)) + (tanh(®(q, d~) + A(d "))
OLEE Ly + -
e LN Y Haso - (1 — tanh®(®(q,d) + Ay ¥ (d)))
OLpenatty 9P (q,ds _ OLpenatty 0P (q,d;
. Pt — p(t) _ n <I>P(q dl) (8q0 )’ plt+1) — p(t) _ n (;&q dl) (qu )

2. For penalizing biased relevant documents (Section|4.1.1)), the term AU (d*) increases the

relevance score of biased relevant documents, discouraging the model from over-ranking

them in comparison to irrelevant documents.

3. For penalizing both types of documents (Section4.1.1)), both ¥(d*) and W(d ™) are incor-

porated into the loss, simultaneously addressing biases in both relevant and irrelevant

documents.

We show how the gradient of the penalty-adjusted loss function is computed when only

applying it to irrelevant documents. We calculate the gradient of the loss function as follows:

bty _ 1\~
= = W.so - (1 — tanh®(® v
R ZZ >0 (1= tanh®(®(q, ) + Ay ¥(d)))

(4.23)

The bias term W(d™) shifts the gradient of ®(q,d~) through the tanh function, directly

influencing how strongly the model adjusts the relevance score for biased irrelevant docu-

ments. This mechanism ensures that documents with higher bias are penalized more during

backpropagation, promoting fairness in the ranking process.

pairwise loss.

Algorithm 2 outlines the training procedure for a ranking network using the bias-aware
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term b randomly (Line 2). Training proceeds over T iterations, during which each query-
document pair (q,d",d™) in the batch is processed iteratively (Line 4). For each sample, the
encoder generates embeddings £ and E~ for the relevant document d* and the irrelevant
document d~, concatenated with the query ¢ (Lines 5—6). These embeddings represent the
query-document pairs in a latent semantic space. The algorithm then computes the relevance
scores ®(q,d") and ®(q,d ™) for the relevant and irrelevant documents, respectively, using a
sigmoid function parameterized by 6 and b (Lines 7-8).

The bias score W(d™) for the irrelevant document is then calculated, which captures the
degree of bias associated with d~ (Line 9). Using these scores, the bias-aware pairwise loss

£ g

Ponalty 15 computed (Line 10). This loss ensures that the margin between the relevance scores

of relevant and irrelevant documents is adjusted to account for the bias in d—, applying a
penalty proportional to W(d ™). The gradient of the loss function with respect to the relevance
scores is computed (Line 11), incorporating the derivative of the tanh function and the bias
term A\W(d~). This allows the model to dynamically adjust its parameters based on both
relevance and bias. Finally, the model parameters 6 and b are updated using gradient descent,
with the learning rate n controlling the step size for each update (Line 12). This iterative
process ensures that the ranking network learns to prioritize relevance while mitigating the

influence of bias, resulting in a fairer and more effective ranking system.

Rewarding Documents

To incorporate fairness into the pairwise loss function, we propose a unified reward framework
that addresses fair irrelevant documents, fair relevant documents, or both. The reward-

adjusted pairwise loss function is defined as:

Nt N-—

Lreward = % Z Z max(0, m — (tanh(®(g,d")) — A¢(d™)) + (tanh(®(g,d")) — A¢(d7))),

(4.24)

where ®(q,d") and ®(q,d™) are the predicted relevance scores for the relevant and ir-
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relevant documents, respectively. The fairness scores ((d*) and ((d~) reflect the degree
of fairness associated with each document. The hyperparameter \ controls the weight of
the fairness reward, and m ensures a sufficient margin between the scores of relevant and

irrelevant documents. The framework addresses the following cases:

e For irrelevant documents (Section {4.1.1)), fairness rewards are applied by reducing their
relevance scores via A((d™). This ensures that fair irrelevant documents maintain their

low rank without unnecessary penalization.

e For relevant documents (Section , fairness rewards are applied by reducing their
relevance scores via A((d"). This encourages the model to prioritize fair relevant

documents over others.

e When applied to both relevant and irrelevant documents (Section [4.1.1)), fairness ad-
justments ensure that fairness considerations span all document types, creating a more

balanced ranking system.

The gradients and the algorithms can be written out similarly to those already shown

for penalizing documents.

4.1.4 Theoretical Justification

Before providing our empirical findings, we provide a theoretical analysis of the proposed
fairness-aware framework. Our goal is to formalize how integrating bias and fairness terms
into the loss function shapes the optimization trajectory of neural rankers. We show that the
proposed modifications amplify the gradient signal for biased content, encourage demotion

of such documents, and achieve a principled trade-off between relevance and fairness.

Lemma 1 (Bias Penalty Gradient Amplification). Let Lpenayy be the pairwise margin-based
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ranking loss reqularized with a bias term:

Nt N-

1 _ _
Lpenaity = 2; 2 max (0,m — (®(g,d*) + AV(d")) + (P(q,d7) + A¥(d)))
i=1 j=
Assume V(d) > 0 and is Lipschitz continuous [? |. Then the gradient % increases
monotonically with W(d™), causing the model to push more biased irrelevant documents far-
ther from the query in embedding space.

Sketch. By differentiating the loss with respect to ®(q,d”) and applying the chain rule,

9U7)  GSince W(d~) is non-negative and Lipschitz, the

the gradient includes the term A\
gradient magnitude increases with the bias score, leading to stronger penalization of biased

documents. O

Theorem 4.1.1 (Fairness-Constrained Optimization Yields Pareto-Optimal Trade-offs). Let
the total loss be defined as Lpewara(0) 07 Lpenany(0), where the objective combines a standard
pairwise relevance loss with additional terms based on document-level bias V(-) or fairness
C(+). For any N\ > 0, every local minimum 6* of the modified loss function represents a

solution on the Pareto frontier of relevance and fairness.

Sketch. The loss functions Lpenaity and Lrewara can be written as scalarized combinations of
two objectives: the pairwise relevance loss Lpairwise(#), and a fairness term involving either

U(d) or ((d), which we denote generically as Leimess(¢). That is,
'Cfair (‘9> = Lpairwise<9) + )\['fairness(e)-

Assuming both Loairwise a0d Leaimess are continuous and differentiable with respect to ¢, and
that A > 0, this formulation constitutes a scalarization of a bi-objective optimization prob-
lem. According to classical results in multi-objective optimization theory [? ], minimizing
a weighted sum of continuous objectives yields a solution that lies on the Pareto frontier,

provided the objectives are conflicting to some extent (as is the case here, where improving
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fairness may slightly compromise relevance). Therefore, any local minimum 6* of Ly, ()
represents a Pareto-optimal solution in the trade-off space between minimizing relevance
error and improving fairness, as encoded via ¥ or (. ]
Corollary 4.1.1.1 (Bounded Fairness—Relevance Trade-off). Assume that the cumulative
contribution of the bias or fairness reqularization term (i.e., based on V(-) or ((+)) is bounded
above by B, and that the pairwise relevance loss is Lipschitz continuous. Then, for any A > 0,
the difference in relevance loss between the model trained with a fairness-aware 108s L penaity

or L geward, and a model trained solely for relevance, is bounded as:

‘Epairwise(e*) - Epairwise<(90)| < Aﬂ

where 0y = arg min Lgirwise and 0* = argmin L pepqiy 07 arg min £ gegpard-

Sketch. Let Lpairwise(f) be the original relevance-based loss function and let Lpepaity(6) =
Lpairwise(0) + ALpias(0), where Lyis(0) is the additional term based on W(d), or similarly for
Lrewara(0) using ¢(d). Assume Lpis(0) < B for all 0 € ©, and that Lpaiwise 1S L-Lipschitz
continuous. Let 6* = argmin Lpepay(0) and 6y = argmin Loaiwise(¢). By the definition of

Lpenalty, We have:

Epairwise (0* ) + /\Ebias (0*) S »Cpairwise (80) + )\Ebias (90) .

Rearranging gives:

‘Cpairwise(g*) - »Cpairwise(00> S A (»Cbias(eO) - Ebias(e*)) S )\ﬁ

Thus, the increase in relevance loss due to fairness-aware training is upper-bounded by A3,

which completes the proof. n

These results provide a theoretical foundation for our fairness-aware loss design. The

bias penalty increases gradient pressure on biased documents, while fairness-constrained
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optimization ensures that the model trades off relevance and fairness in a controlled, Pareto-
optimal manner. The bounded trade-off further assures that gains in fairness do not dispro-

portionately degrade retrieval effectiveness.

4.2 Experiments

4.2.1 Research Questions

Our experiments are designed to address five key research questions:

e RQ1: Are the proposed fairness-aware loss reqularization scenarios effective in re-
ducing gender bias in ranked results? 'To evaluate this, we apply the six proposed
scenarios—penalizing or rewarding relevant, irrelevant, or both document types—on
both pointwise and pairwise ranking loss functions. We assess their effectiveness in

mitigating gender bias while maintaining ranking effectiveness.

e RQ2: Is the proposed fairness-aware framework generalizable across different pre-
trained language models used as encoders? To answer this, we conduct experiments
using two base language models, BERT-mini and ELECTRA-small, and evaluate the

consistency of results across these encoders.

e RQ3: Which type of loss function—pointwise or pairwise—is more amenable to becom-
ing a fair ranker? This research question investigates the comparative performance of
pointwise and pairwise rankers under the six proposed fairness-aware loss regularization
scenarios, focusing on their ability to balance bias mitigation and retrieval effectiveness

across diverse datasets.

e RQ4: How does the choice of the reqularization coefficient (\) impact the perfor-
mance of the fairness-aware framework? We test the best-performing models from

both pointwise and pairwise loss functions with various values of the regularization
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coefficient (A € {0.1,0.5,1,2,5}) and analyze its effect on retrieval effectiveness and

fairness.

e RQ5: How does the proposed fairness-aware framework compare to state-of-the-art
fairness-aware ranking methods? To explore this, we benchmark our best-performing

fairness-aware method against three state-of-the-art approaches:

1. AdvBERT: An adversarial debiasing method applied to ranking models’ interme-

diate layers [105].

2. CODER: A transformer-based model that incorporates neutrality regularization

[138].

3. Light-Weight Sampling Strategy (LWS): A bias-aware negative sampling ap-

proach that trains models to mitigate bias [17].

4.2.2 Dataset, and Setup

Datasets and Setup. We conduct our experiments on the MSMARCO passage ranking
dataset [89], which consists of approximately 200,000 queries and 8.8 million passages. For
training, we use a randomly sampled subset of 3,000,000 query-passage pairs, processed
over one epoch with the Adam optimizer and a sigmoid activation function. Our neural
rankers are implemented using the OpenMatch framework [78], leveraging its architecture,
implementation, and hyperparameter settings to ensure consistency with prior work. To
measure document-level bias, we employ the ARaB-TF function defined in [107] to quantify
U used in Section 3. Full implementation details and the source code for our work are
publicly available on GitHuH]

Evaluation Queries. To evaluate the reduction of bias and ranking performance, we focus

on gender bias across two distinct types of query sets:

'https://github.com/fairnesspaper/fairnesspaper
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e Gender-neutral queries: These queries are used to assess whether the ranker intro-
duces gender stereotypes in contexts where no explicit gender association is expected.
We adopt the query set curated by Rekabsaz et al. [107], consisting of 1,765 queries an-
notated by three Amazon Mechanical Turk workers. These queries were derived from
an initial pool of 55,578 MSMARCO queries selected based on gender association.

Ideally, retrieved results for these queries should exhibit no gender preference.

e Socially sensitive queries: These queries consist of 215 examples that are more
likely to propagate stereotypes or reinforce gender inequality if bias is present in the
rankings. These queries are designed to evaluate the ranker’s ability to mitigate biases

in contexts with inherent societal sensitivity [105].

Evaluation Metrics. We evaluate the models on two key aspects: ranking effectiveness
and gender bias. For ranking effectiveness, we use the Mean Reciprocal Rank (MRR),

reporting MRR@10 as the standard benchmark metric for the MSMARCO dataset [89]. To

assess gender bias, we employ three complementary metrics:

e Average Rank Bias (ARaB) [107]: This metric quantifies the presence of gendered
terms in ranked documents using both Term Frequency (TF) and Boolean metrics to

capture bias at the document level.

e NFaiRR [I05]: A document-level fairness metric designed to evaluate ranking fairness,
where higher values indicate more equitable rankings with respect to gender-neutral

queries.

e Linguistic Inquiry and Word Count (LIWC) [95]: This metric examines the
frequency of gendered terms in retrieved text by counting references to male and female

pronouns, providing insights into the linguistic attributes of retrieved content.
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Table 4.1: Performance of the model across the six proposed scenarios using the pairwise
loss function with the ”BERT-mini” base model on the 215-query dataset [105].

Cut-off@10
aB-T aB-T aB-Boo a
Trrelevant  -3.51 -15.66 -15.02 -13.1I7 -6.76 1.83
Penalty Relevant 10.72 -60.62 -59.52 -60.76  -28.26 8.22
Both 8.83 -48.20 -46.31 -45.53 -42.92 11.95
Irrelevant -16.00 -96.83 -96.62 -95.06 -39.16 10.62
Reward Relevant -5.42 -87.32 -85.55 -84.64 -29.84 8.69
Both 10.84 -51.00 4779 4472 -33.47 9.56
Cut-off@20
aB-T aB-T aB-Boo a
Irrelevant  -3.81 -12.64 -13.29 1247 -6.72 1.47
Penalty Relevant 8.92 -51.97 -52.06 -54.35 -16.03 5.62
Both 6.80 -43.53 -40.87 -38.93 -36.14 9.01
Irrelevant -15.93 -01.28 -92.19 -92.17 -30.78 7.21
Reward Relevant -5.42 -77.59 -78.81 -80.97 -23.02 5.61
Both 9.10 -44.31 -41.18 -38.93 -25.67 7.12

4.2.3 Findings

Findings for RQ1. Tables 1 and 2 present the results of the six proposed bias mitigation
scenarios applied using the pairwise loss function on two datasets: the 215 socially sensitive
queries and the 1,765 gender-neutral queries. The findings reveal that scenarios involving
penalties, particularly penalty on relevant documents and penalty on both types of docu-
ments, consistently demonstrate strong bias mitigation across bias metrics like ARaB-TC
and LIWC. However, these scenarios often result in modest trade-offs in ranking effective-
ness, as indicated by marginal reductions in metrics like MRR@1(0. Rewarding scenarios,
such as rewarding irrelevant documents or rewarding both types of documents, exhibit mixed
results: while they achieve substantial bias reduction, their impact on ranking performance
varies, with some cases showing significant drops in MRR@10. These results suggest that
penalty-based strategies tend to achieve more consistent bias mitigation, albeit with slight
compromises in ranking effectiveness.

Tables 3 and 4 focus on the pointwise loss function, revealing smaller overall changes in
ranking performance compared to the pairwise approach. Similar to the pairwise results,

scenarios applying penalties, especially to both relevant and irrelevant documents, exhibit
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Table 4.2: Performance of the model across the six proposed scenarios using the pairwise
loss function with the "BERT-mini” base model on the 1765-query dataset [107].

Cut-off@10
aB-T aB-T aB-Boo a
Trrelevant  -7.71 -26.04 -30.29 -35.92 -3.35 0.90
Penalty Relevant 1.09 -64.96 -64.48% -66.78 -20.14 8.81
Both -3.66 -38.15 -37.16 -36.82 -32.95 14.99
Irrelevant -28.23 -79.06 -80.10 -79.23 -26.29 11.47
Reward Relevant -12.57 -82.27 -86.23 -87.60 -1I8.70 7.6698
Both -2.51 -39.74 -38.37 37772 -23.02 10.15
Cut-off@20
aB-T aB-T aB-Boo a
Irrelevant  -7.46 -22.84 -28.13 -35.21 -4.18 1.24
Penalty Relevant 0.92 -60.69 -61.99 -66.22 -I17.55 727
Both -3.40 -32.88 -31.42 -30.16 -32.51 13.17
Irrelevant -27.11 -68.94 -70.30 -68.84 -23.98 9.28
Reward Relevant -11.87 -78.53 -81.39 -81.21 -14.60 5.49
Both 241 -35.74 -35.18 -36.10 -22.94 9.01

the strongest bias reduction across all datasets. However, these penalty-based strategies
occasionally lead to reductions in fairness metrics like NFaiRR, highlighting challenges in
balancing fairness and ranking effectiveness. On the other hand, reward-based scenarios,
while less effective in bias reduction, sometimes lead to marginal improvements in rank-
ing metrics. For example, scenarios involving rewards for irrelevant documents show slight
gains in MRR@1(0 while achieving moderate bias mitigation. These findings underscore the
trade-offs inherent in different mitigation strategies, with penalty-based scenarios being more
reliable for bias reduction and reward-based scenarios offering potential ranking benefits in
specific contexts.

Findings for RQ2. The objective of the second research question is to investigate
whether the behavioral patterns observed on one language model can be generalized to other
language models. For this purpose, we repeat our experiments on a second language model,
namely Electra-small and report on our findings in Tables 5-8. Similar to the findings with
BERT-mini, scenarios involving applying penalty to relevant documents and applying penalty
to both types of documents consistently demonstrate strong bias mitigation across datasets
and evaluation metrics. These approaches achieve substantial reductions in bias metrics

such as ARaB-TC and ARaB-TF, while either maintaining or slightly improving ranking
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Table 4.3: Performance of the model across the six proposed scenarios using the pointwise
loss function with the ”BERT-mini” base model on the 215-query dataset [105].

Cut-off@10
MRR RaB-T RaB-TF RaB-Bool LIW NFalRR
Trrelevant  -9.51 -11.61 -10.02 -8.78 -15.03 1.97
Penalty Relevant -8.55 -16.69 -13.93 811 -2.62 0.58
Both -14.88 -15.53 -17.57 -22.42  -16.37 2.00
Irrelevant  -6.65 -17.05 -21.91 -30.27 1794 -1.71
Reward Relevant -16.96 2.23 2.72 3.60 -046 -0.59
Both -14.56 -0.75 -3.53 -10.76  16.91 -2.19
Cut-off@20
aB-T aB-TF aB-Boo Fa
Trrelevant 5.73 -4.81 -5.26 -5.07 -21.35 2.07
Penalty Relevant -8.88 -18.36 -16.86 -13.09 -5.44 0.39
Both -14.96 -8.53 -10.66 -13.60 -19.71 1.91
Irrelevant  -6.4% -27.40 -30.03 -32.82  13.58 -1.88
Reward Relevant -16.70 1.21 1.47 217  -0.99 -0.27
Both -15.44 1147 -12.40 -15.23  14.02 -2.28

Table 4.4: Performance of the model across the six proposed scenarios using the pointwise
loss function with the "BERT-mini” base model on the 1765-query dataset [107].

Cut-off@10
MRR ARaB-T RaB-TF ARaB-Bool LIWC NFalRR
Irrelevant  0.41 -16.10 -15.40 -15.37 -11.92 2.99
Penalty ~Relevant 0.96 -15.54 -11.96 -8.82 -2.13 1.07
Both -4.24 -21.81 -22.72 -24.01 -14.94 411
Irrelevant — 2.16 -8.67 -11.42 -21.24 12.34 -3.53
Reward Relevant  -1.63 7.87 10.99 11.09 4.16 -1.49
Both 1.24 1.54 -3.50 -18.55 15.77 -5.45
Cut-off@20
MRR ARaB-T RaB-TF ARaB-Bool LIWC NFalRR
Irrelevant  0.68 -13.82 -14.42 -13.81 -13.10 3.44
Penalty ~Relevant 0.97 -20.96 -19.65 -18.45 0.06 0.47
Both -4.08 -23.35 -25.10 -25.98 -14.70 3.92
Irrelevant  2.31 -15.72 -17.47 -21.88  13.77 -3.48
Reward Relevant  -1.49 -0.09 1.36 1.67 3.05 -0.90
Both -4.08 -1.40 -5.01 -12.51  12.82 -4.56

effectiveness. For instance, applying penalty to both types of documents leads to significant
fairness improvements, as reflected in higher NFaiRR scores, albeit with moderate trade-offs
in ranking effectiveness (MRR@10). This pattern is consistent with the earlier results on
BERT-mini, suggesting that penalty-based approaches are robust and generalizable across
different pre-trained language models.

In contrast, scenarios involving rewards exhibit greater variability in their performance

79



Table 4.5: Performance of the model across the six proposed scenarios using the pairwise
loss function with the ”Electra-small” base model on the 215-query dataset [105].

Cut-off@10
MRR RaB-T RaB-TF RaB-Bool LIW NFalRR
Trrelevant  -9.36 -64.48 -68.67 -68.55 -15.99 3.12
Penalty Relevant 13.38 -82.91 -75.81 -66.57 -25.60 5.36
Both 10.23 -80.87 -77.88 -75.19 -31.82 7.45
Irrelevant -14.94 -73.27 -71.57 -67.21 -50.83 13.05
Reward Relevant -18.38 -04.24 -96.56 -100.04 -1IR.74 470
Both -4.46 -129.84 -135.63 -141.12 -31.30 715
Cut-off@20
aB-T aB-TF aB-Boo Fa
Irrelevant  -9.13 -56.96 -60.91 -61.69 -16.77 277
Penalty Relevant 11.50 -80.78 -75.66 -69.48 -22.07 3.96
Both 947 -79.95 -78.13 -76.57 -31.29 6.12
Irrelevant -14.38 -72.55 -70.42 -67.73 -47.21 10.58
Reward Relevant -17.01 -84.55 -88.58 -92.14 -14.64 3.23
Both 441 -68.38 -64.19 -60.31 -30.12 5.71

Table 4.6: Performance of the model across the six proposed scenarios using the pairwise
loss function with the ”Electra-small” base model on the 1765-query dataset [107].

Cut-off@10
MRR ARaB-T RaB-TF ARaB-Bool LIWC NFalRR
Irrelevant -18.13 -74.43 -84.88 -88.74 -13.16 4.15
Penalty ~Relevant 3.43 -56.66 -71.59 787 -17.15 6.5160
Both -3.90 -88.53 -95.07 -94.13 -25.80 11.69
Irrelevant -12.44 -74.12 -68.29 -64.40 -38.52 17.63
Reward Relevant -25.63 -47.89 -62.06 -67.54 -16.31 5.28
Both -6.49 -95.04 -87.38 -85.91 -25.13 10.93
Cut-off@20
MRR ARaB-T RaB-TF ARaB-Bool LIWC NFalRR
Irrelevant -17.47 -88.43 -92.38 -91.73  -15.99 5.0068
Penalty ~Relevant 3.48 -56.39 -66.27 -69.31 -15.99 5.60
Both -3.61 -03.16 -96.29 -92.75  -25.89 10.66
Irrelevant -11.95 =747 -70.19 -67.69 -36.60 15.74
Reward Relevant -24.66 -57.19 -65.10 -66.41 -12.63 4.04
Both -6.07 -03.86 -88.94 -88.97 -24.60 10.08

across the two language models. For example, while applying reward to irrelevant documents
and applying reward to both types of documents achieve substantial reductions in bias metrics,
they often show pronounced trade-offs between bias mitigation and ranking effectiveness. In
some cases, applying reward to irrelevant documents achieves notable improvements in fair-
ness, indicated by higher NFaiRR, but these gains come at the expense of reduced MRR@10.

The sensitivity of these reward-based scenarios to the underlying encoder is more evident with
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Table 4.7: Performance of the model across the six proposed scenarios using the pointwise
loss function with the ”Electra-small” base model on the 215-query dataset [105].

Cut-off@10
MRR RaB-T RaB-TF RaB-Bool LIW NFalRR
Trrelevant 1.41 -31.54 -32.03 -33.11 -44.35 3.04
Penalty Relevant -4.35 -12.29 -12.24 1178 -2.37 1.32
Both -5.23 -12.17 -13.55 -16.I8  -23.57 3.58
Irrelevant 8.65 -33.11 -38.38 4424 20.02 -2.14
Reward Relevant -7.87 -1.89 -4.41 -5.95 0.00 -0.32
Both -15.55 -46.98 -49.31 4783 21.53 -4.01
Cut-off@20
aB-T aB-TF aB-Boo Fa
Trrelevant 1.12 -23.70 -20.48 -15.66 -40.00 2.45
Penalty Relevant -3.82 -8.22 -6.98 715 -4.13 1.49
Both -5.59 -4.06 -3.29 -4.05 -22.26 3.78
Irrelevant 7.60 -25.12 -27.85 -29.96 15.82 -1.82
Reward Relevant -10.39 4.47 5.63 9.13 -1.I3 0.19
Both -14.85 -32.12 -27.08 -16.63 1IR8.21 -2.68

Table 4.8: Performance of the model across the six proposed scenarios using the pointwise
loss function with the ”Electra-small” base model on the 1765-query dataset [107].

Cut-off@10
MRR RaB-T RaB-TF RaB-Bool LIWC NFalRR
Irrelevant  -1.37 -6.76 -5.97 -4.37 -13.00 2.55
Penalty ~Relevant -2.61 -10.77 -10.61 -9.8T  -5.80 1.94
Both -3.67 -14.92 -11.96 751 -18.72 5.22
Irrelevant 1.32 -19.42 -22.13 -24.8%8 1451  -4.3581
Reward Relevant -2.11 -11.47 -10.66 -9.86 1.34 -1.47
Both -11.62 -13.42 -13.64 -14.39 1213 -4.58
Cut-off@20
MRR RaB-T RaB-TF RaB-Bool LIWC NFalRR
Irrelevant  -0.92 -5.99 -5.08 -3.30 -14.05 3.31
Penalty ~Relevant -2.76 -10.02 -9.86 -9.14  -3.60 1.2884
Both -3.46 -15.01 -12.20 -7.66  -18.43 5.12
Irrelevant 1.25 -18.31 -20.21 -22.16  15.97 -4.1863
Reward Relevant -2.03 -11.51 -10.74 -10.05 -0.24 -0.44
Both -11.33 -12.82 -12.95 -13.46 9.24 -3.41

Electra-small, where the ranking performance sometimes degrades more significantly than
with BERT-mini. Nevertheless, in specific contexts, applying reward to irrelevant documents
demonstrates slight gains in ranking effectiveness, suggesting opportunities for optimization
to better balance fairness and effectiveness.

Overall, the findings indicate that scenarios involving applying penalty to relevant docu-

ments and applying penalty to both types of documents exhibit consistent and generalizable
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behavioral patterns across language models, making them robust options for fairness-aware
ranking. In contrast, reward-based scenarios, such as applying reward to irrelevant docu-
ments and applying reward to both types of documents, demonstrate varying effectiveness
depending on the base encoder, highlighting their sensitivity to the underlying architecture.

Findings for RQ3. The objective of RQ3 is to evaluate the comparative potential of
pointwise and pairwise loss functions in serving as fair rankers by analyzing their ability
to balance bias mitigation and ranking effectiveness under the proposed fairness-aware sce-
narios. The findings in Tables 9 and 10 highlight notable differences in the performance
of the pairwise and pointwise loss functions under the proposed bias mitigation scenarios.
These observations are summarized as follows: (1) The pairwise loss function consistently
outperforms the pointwise loss function in ranking effectiveness, as measured by MRR. For
both the 215-query and 1765-query datasets, pairwise models demonstrate higher MRR im-
provements at both cutoff levels (10 and 20), indicating their superior ability to preserve
ranking quality while incorporating fairness-aware adjustments. (2) The pairwise models
achieve stronger reductions in bias metrics, including ARaB-TC, ARaB-TF, ARaB-Bool,
and LIWC. Across both datasets and cutoff levels, the pairwise models consistently exhibit
larger decreases in these bias measures compared to pointwise models, reflecting their higher
effectiveness in mitigating gender bias. (3) Improvements in the fairness metric NFaiRR
are more pronounced for pairwise models. This indicates that the pairwise approach better
promotes fairness across the rankings, achieving consistently higher NFaiRR scores than
pointwise models on both datasets and cutoff levels. (4) The pairwise loss function demon-
strates a better ability to balance fairness and ranking effectiveness. While the pointwise
models achieve moderate reductions in bias metrics, these often come at the cost of rank-
ing effectiveness, as evidenced by negative or marginal improvements in MRR. In contrast,
the pairwise models successfully maintain or improve ranking effectiveness while achieving
greater bias reduction, highlighting their robustness. These findings collectively indicate that

the pairwise loss function is more effective in achieving fairness-aware ranking and serves as
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Table 4.9: Comparison of the best-performing pairwise and pointwise approaches using the
”"BERT-mini” base model on the 215-query dataset [105].

Cut-off@10
aB-T aB-T aB-Boo a
Best pairwise model — 10.71 -60.62 -59.52 -60.75  -28.25 8.22
Best pointwise model  -8.54 -16.68 -13.93 -8.10 -2.62 0.57
Cut-off@20
aB- aB- aB-Boo a
Best pairwise model 8.92 -51.96 -52.05 -54.35  -16.02 5.62
Best pointwise model  -8.88 -18.36 -16.85 -13.09  -5.44 0.39

Table 4.10: Comparison of the best-performing pairwise and pointwise approaches using the
”"BERT-mini” base model on the 1765-query dataset [107].

Cut-off@10
aB-T aB-T aB-Boo a
Best pairwise model 1.08 -64.95 -64.47 -66.77 -20.13 8.81
Best pointwise model  0.95 -15.54 -11.95 -8.81 -2.13 1.06
Cut-off@20
aB- aB- aB-Boo a
Best pairwise model 0.91 -60.68 -61.99 -66.22 -17.55 72717
Best pointwise model ~ 0.97 -20.96 -19.64 -18.45 0.06 0.46

a better foundation for fair rankers compared to the pointwise loss function.

Findings for RQ4. This research question focuses on understanding the influence of
the regularization coefficient (A) on the performance of the fairness-aware framework, par-
ticularly its ability to balance bias mitigation and ranking effectiveness. We have chosen the
same pairwise and pointwise models reported in Tables 9 and 10 in this research question.
As shown in Figure 1, as X increases, the fairness of the models improves consistently, as
indicated by the upward trend in the NFaiRR metric across both datasets (1,765 and 215
queries) and both loss functions (pairwise and pointwise). Simultaneously, bias metrics such
as ARaB-TC, ARaB-TF, ARaB-Bool, and LIWC exhibit substantial reductions, demon-
strating the model’s enhanced capability to mitigate gender biases with larger regularization
coefficients. However, increasing A introduces a clear trade-off, as reflected in the decline
of ranking effectiveness measured by MRR. As fairness improves, MRR steadily decreases,
highlighting the tension between bias mitigation and retrieval effectiveness. This trade-off

becomes particularly evident at higher values of A, where fairness metrics reach their peak,
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Figure 4.1: The impact of varying the value of A on the performance of the best ‘fair’
pointwise and pairwise ranker using the "BERT-mini” base model. These rankers are the
same as those reported in Tables 9 and 10.

but MRR suffers the most significant drop. These results emphasize the importance of
carefully tuning A\ to achieve an optimal balance that aligns with the specific goals of the
application, whether prioritizing fairness, effectiveness, or a combination of both.

Findings for RQ5. This research question aims to evaluate how the proposed fairness-
aware framework compares to three state-of-the-art methods: Light-Weight Sampling (LWS),
AdvBERT, and CODER. We adopt the best pairwise variation chosen based on Tables 9
and 10 as representative of our proposed approach. We find that our proposed approach
demonstrates superior bias mitigation across all bias metrics when compared to AdvBERT
and LWS. On both the 215-query and 1,765-query datasets, the framework achieves more
substantial reductions in metrics such as ARaB-TC and ARaB-TF, reflecting its effectiveness
in minimizing gender biases in ranked results. Unlike AdvBERT and LWS, which exhibit
inconsistent performance in bias mitigation across datasets, the proposed approach maintains
robust bias reduction across all evaluated scenarios.

When compared to CODER, our proposed approach achieves competitive bias reduction

while maintaining higher ranking effectiveness. Although CODER demonstrates strong bias
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Figure 4.2: Comparison of our proposed approach with the state-of-the-art methods on
the 215-query and 1,765-query datasets based on the best ‘fair’ pairwise ranker using the
"BERT-mini” base model. This ranker is the same as the pairwise ranker reported in Tables
9 and 10. We note negative values on the left side of each figure and positive values on the
right side are desirable.

reduction capabilities, it significantly compromises ranking performance, as evidenced by a
marked decline in MRR values. This trade-off limits CODER’s practicality in real-world
information retrieval systems, where delivering relevant and accurate results remains a pri-
mary requirement alongside fairness. In contrast, our proposed approach effectively balances
fairness and ranking quality. By integrating fairness constraints into the loss function, our
approach achieves notable reductions in bias metrics while maintaining or slightly improv-
ing MRR. This balanced performance highlights our approach’s potential for deployment in
practical IR systems, where fairness and relevance are equally critical. Overall, the results
affirm that our approach not only surpasses the state-of-the-art methods in bias mitigation

but also ensures that fairness enhancements do not come at the cost of retrieval effectiveness.
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4.3 Concluding Remarks

In this chapter, we presented a systematic approach to mitigating gender bias in dense
neural rankers through fairness-aware loss function regularization. By introducing penalty
and reward mechanisms into both pointwise and pairwise ranking frameworks, the proposed
method effectively balances retrieval effectiveness and fairness. Comprehensive experiments
on benchmark datasets demonstrate the framework’s ability to reduce gender bias while
maintaining or enhancing ranking performance. Comparisons with state-of-the-art fairness-
aware methods further highlight the robustness and competitiveness of our proposed ap-
proach.

We believe this work opens avenues for further research. First, while the proposed ap-
proach incorporates fairness constraints into the optimization objectives of neural rankers,
future research could explore adaptive reqularization strategies that dynamically adjust the
trade-off between relevance and fairness during training based on dataset characteristics and
model performance. Such an approach could improve generalizability across diverse queries
and datasets by tailoring fairness requirements to specific use cases without manual tuning
of hyperparameters. Second, our approach could be extended to address intersectional biases
involving multiple sensitive attributes (e.g., gender, race, and age) through multi-objective
optimization techniques that simultaneously account for fairness across multiple dimensions.
This would involve developing multi-task loss functions or joint debiasing mechanisms that

minimize the compounded effects of biases while preserving ranking quality.
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Chapter 5

De-biasing Neural Embeddings

5.1 Preliminaries

Neural rankers. Given a set of queries, denoted by @ = {q1, ¢, - -, ¢n}, and a correspond-
ing pool of documents represented by D = {dy,ds,...,d,}, a neural ranker, ®, employs a
neural network architecture with a set of parameters 6 to rank documents in D in relation
to queries in ). The neural ranker generates a ranked list R of documents by evaluating
the relevance of each document to a given query. This is achieved by calculating a relevance
score s = ®(q,d) for each query-document pair (g;,d), where ¢; € @ and d € D. Since
neural rankers are supervised methods, during the training process, their parameters 6 are
optimized to improve the ranker’s ability to accurately reflect the relevance of documents in
relation to input queries.

Neural ranking architectures. A neural ranker ® often consists of two components:
(i) an encoder, and (i7) a scoring mechanism. The encoder, which is typically a large
language model (LLM), processes the inputs to generate vector representations for queries
and documents. Within a cross-encoder architecture [104], the vector representation of the

query ¢ and document d are often concatenated, which can be expressed as:

E = encoder(q & d) (5.1)
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where @ denotes the concatenation operator. Subsequently, a multi-layer feedforward net-
work is employed as the scoring mechanism. It takes the vector F2 and computes the relevance
scores used to rank documents in relation to the input query gq.

Training neural rankers. A neural ranker ® is often trained using a pairwise training
process [25], which adopts a contrastive learning strategy [144]. This strategy ensures that
vectors representing queries are placed closer to those of their relevant documents and placed
furthest away from those of their irrelevant documents within the vector space. This objective

is achieved through a marginal ranking loss function, as follows:

Nt N—

L- % 3OS max(0,m — d(g, di*) + ®(g,d;)) (5.2)

i=1 j=1

where d; and d; denote relevant and an irrelevant document, respectively, relative to the
query q. Furthermore, N* and N~ represent the total number of relevant and irrelevant
documents, and n is the total number of training samples across all queries. This loss
function helps guide the training process, enabling the neural ranker ® to better distinguish

between relevant and irrelevant documents for each query.

5.2 Overview of the Disentanglement Approach

Neural rankers order documents by the similarity between their vector representations and
those of user queries. It has been empirically demonstrated [I08§] that these vectors often
encode gender preferences, which can intensify biases. Consequently, these biases are implic-
itly considered during the ranking process. Therefore, our hypothesis is that by excluding
gender information from the vector representations of queries and documents, the neural
ranker will be unable to access, even implicitly, any gender data during the ranking process,
thereby preventing the intensification of biases.

To this end, we propose to ‘disentangle’ query and document vector representations into
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discernible components dedicate to gender and semantic sub-vectors. The gender sub-vector
would be responsible for capturing possible gender information in the query or document,
whereas the semantic component would, independently of the gender information, only rep-
resent the content value of the query or document. Disentangled representation learning [5]
aims to create factorized representations that isolate underlying factors of input data. In
our work, we focus on separating content gender from content semantics. We propose that
separating gender-related information from E can debias neural ranking outputs. Thus, we
disentangle F into two components: F,, containing all content semantics and non-gender fac-
tors, and E,, representing gender-related information. Let I' be a function that disentangles

a vector E of size d into two components of sizes m and n such that:

E..E,=T(E,m,n), d=m+n (5.3)

Based on Equation we propose using £, for ranking while excluding E,, potentially
reducing the gender biases inherent in neural rankers. By omitting E, from the ranking
process, we suggest that gender will no longer influence query performance or the makeup

of the ranked results.

5.3 Neural Architecture for Gender Disentanglement

Figure shows our architecture for disentangling gender from content semantics in neural
rankers. It includes two distinct networks: the Ranking Network and the Gender Network.
The Ranking Network processes only the semantic subvector, E,., learning the relevance
between queries and documents. The Gender Network refines the gender-specific subvector,
E,, to predict gender attributes accurately. When trained together, these networks separate
content into £, and gender information into Ey, effectively disentangling the two.

The Ranking Network. This network is designed to capture and learn the concept of

relevance between queries and documents. It operates by only processing the semantic
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Figure 5.1: Overview of the proposed neural disentanglement architecture.

component of the original vector, E,, using a Multi-Layer Perceptron (MLP), denoted as
MLP,, to predict relevance scores for query-document pairs. During the training process,
this network generates relevance scores for both relevant and irrelevant documents associated

with each query in the dataset, as defined in the following:

s=0(0.FE.+b,), (5.4)

where o is the activation function, and © = 6,.Ub, are the parameters of the MLP responsible
for predicting the relevance score s. To enhance the model’s discrimination capabilities, we
embed a contrastive loss function that aims to increase the relevance scores for matches
between queries and their corresponding relevant documents while reducing the scores for

mismatches with irrelevant documents. The loss function can be formulated as follows:
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Lt =Y N o(0,E +b), L =Y 0(6,E; +b,)(5.5) Thercfore,
1 L
ZEZmaX(O,m—L + L) (5.6)

Given L,, 6, and b, are updated as follows:

oL oL
oL iy 9Ly
"ag U b =g

ot = g (5.7)
where 7 is the learning rate, and ¢ denotes the iteration number. This approach allows
the network to accurately identify and enhance the relevance of query-document pairs, thus
optimizing the performance of the neural ranker.

The Gender Network. This network specifically targets the gender-specific subvector
of the neural ranker’s intermediate vector, £, to predict gender attributes. The network
utilizes a Multilayer Perceptron (MLP), denoted as M LP,, which processes E, to estimate

the probability of document or query gender affiliation as follows:
pg = 0(04E, + by), (5.8)

where o is the activation function, 6, are the weights, and b, the bias of the M LF,.
To obtain accurate gender affiliations, a function A is assumed, which can identify the

gender affiliation of a text ¢:

g9 =A(t) (5.9)

Here, g represents the gender affiliation of the text, ¢t. The training of the Gender Network

is governed by a Binary Cross Entropy loss function, formulated as:

N
1
2 [wilog(pg) + (1 = y:) log(1 — py,)] (5.10)
i=1
where N is the total number of instances, p,, is the predicted probability that the i-th
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Algorithm 3 Training of the Disentangled Ranking Network

1
2
3:
4

14:
15:
16:
17:
18:

: Data: {(q,d",d

~)}, number of training iterations T.
: Initialize: 0,, 6,4, b, b, randomly.

9" < AMg®d?)

cg-«—Algodd ) fort=1toT do

each sample (¢,d*,d™,g",¢™) in the batch

E* + encoder(q & d
E~ < encoder(q&® d~
EY Ef < T(E*t,m,n
E - E; F(Ef,m,n
s+ “ 0(9 B +b )

o (6r
:pg <—J(
o (g

Plt+1) —

: LT T w Zi:l Zj:l max(0,m — s +s7)

Ly« —% Y, [9ilog(py,) + (1
Lt<—a><L —|—ﬁ><L

— gi)log(1 — pg, )]

pt+1l) — p(®) — 77%

instance belongs to a particular gender, and y; = A(g; @ d;) is the true label derived from

the function A.

Simultaneous training of the ranking and gender networks disentangles gender and se-

mantic information. This dual-training strategy divides the encoder’s output, F, into two

components: E, for semantics and £, for gender information. Consequently, the architecture

assesses relevance using £, and remains unbiased by gender influences from E,. The total

loss function L; is a linear combination of the ranking loss L, and the gender classification

loss Ly:

Nt N
- Z Z max(0,m — o(0,E; +b,) +0(0,E, + br))>
n J

i=1 j=1

N

Zif Z yilog(pg,) + (1 — i) log(1 — pgi)]> (5.11)

The final formulation of L; clearly illustrates the model’s balance between optimizing

ranking performance and promoting gender fairness. Adjustable weights o and 8 enable

fine-tuning to meet specific performance and fairness objectives.
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5.4 Model Training

To effectively train the model, we form a dataset comprising of samples (¢, d*, d ™, gender™, gender™),
where gender™, and gender~ denote the gender affiliation of the relevant, and irrelevant doc-
uments, respectively. The training procedure is illustrated in Algorithm [3| which begins by
initializing the dataset with query-document pairs (q,d",d”) and settings the number of
training iterations 7T'. Initially, the network parameters 0,, 6,, b., and b,, are initialized
randomly. Subsequently, true gender affiliations are computed for both relevant and irrele-
vant documents by applying function A to the concatenated pairs, resulting in ¢* and ¢~
as described in Lines 3 and 4 of the algorithm. The primary training loop executes over T’
iterations. Each iteration processes a batch of samples, which includes both query-document
pairs and their corresponding gender affiliations. In each iteration the following steps are
taken: (Step 1) The query-document pairs are transformed into vector representations E*
and £~ (Lines 7 and 8). (Step 2) The representations are then split into components
dedicated to ranking (FE; and E;) and gender (E; and E;) (Lines 9 and 10). (Step 3)
Relevance scores are computed from the ranking components (Lines 11 and 12), while gen-
der affiliations are estimated from the gender components (Lines 13 and 14). (Step 4) The
algorithm computes the ranking loss L, using a hinge loss in Line 15. The gender loss L, is
calculated using binary cross-entropy (Line 16), and (Step 5) The total loss L; is computed
as a linear interpolation of both losses, as shown on Line 17. Finally, the parameters 6,, 0,

b,, and b, are updated on Line 18 by minimizing the total loss.

5.5 Adversarial Strategy

In this appendix, we explore the question: “What if we further penalize the presence of
gender information in the ranking component of the representation to ensure it is entirely
gender-neutral?” To address this, we employ an adversarial strategy. We introduce an

adversary network specifically designed to detect gender in the ranking representation and
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aimed to alter the representation to remove any gender-related information, rendering the
adversary network incapable of detecting gender from the ranking part.

To this end, we trained a gender classifier network with parameters ©., which takes the
ranking representation (F,) as input and attempts to classify the gender into two categories:

male or female. This process is formalized as follows:
pe =0(0.E. +b.), (5.12)

where o is the activation function, and p. represents the predicted probability that the

ranking representation is male. We use a binary cross-entropy loss for training, defined as:

L, Z yilog(pe,) + (1 — yi) log(1 — p.,)] (5.13)

where y; is the true gender label obtained from the function A.
To ensure the ranking representation (F,) does not contain gender information, we add an
adversary loss L,g, to the total network loss L;. This adversary loss maximizes the entropy

of the predicted gender probability p., making gender information unpredictable:

Lo,dv(0g) = H(p|E;; 6.), (5.14)

> pilog(p:)

i€lables

By maximizing the entropy of p., we modify the ranking representation during training
to exclude gender information, making it challenging for the adversary network to predict

gender. The total loss L, is defined as an interpolation of three losses: 1) the ranking loss
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Figure 5.2: Overview of the proposed neural disentanglement architecture with the adversary
network.

L,, 2) the gender classification loss L,, and 3) the adversary loss Lg,:

Nt N-

1
Ly =a x (ﬁ Z Z max(0,m — o (6, E;" 4+ b,) + o0, B, + br))>
i=1 j=1

=1

+ ﬁ X <_% Z [yz log(pgi) + (1 - yl) log(l _pgi)]>
-7 X % ;pci 1Og(pm) (515)

The network architecture, including the adversary network, is illustrated in Figure [5.2]
During training, we first optimize the adversary network parameters (6.). In this stage,
only the adversary network parameters are updated, and the encoder parameters remain
unchanged. Then, while optimizing the total loss (L;), the parameters of the encoder,

ranking network, and gender classifier network are updated.
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5.6 Experiments

5.6.1 Datasets and Setup

To train our neural rankers , we utilize the MS MARCO passage ranking dataset [90], which
contains approximately 200,000 queries and 8.8 million passages. For training purposes,
we select 200,000 random samples of query triples (query,doct,doc™) to teach the model
effectively. The models are trained for five epochs using the Adam optimizer and a sigmoid
activation function. Additional implementation details, as well as the code, are available in
our publicly available GitHub repositoryE].

To evaluate model performance and measure the proposed model’s effectiveness in reduc-
ing gender biases we require two sets of queries:
Gender-neutral queries (Q,,): This set allows us to evaluate stereotypical gender biases
for gender-neutral queries. In particular to test the condition set out in Equation [3.5, When
a gender-neutral query is fed to the model, it is expected that the ranked list does not show
any inclination towards male, or female. We use two query sets proposed by Rekabsaz et
al. The primary set [L105] comprises 1,765 gender-neutral queries, annotated from a pool of
55,578 MS MARCO queries by three Amazon Mechanical Turk workers. The annotators
flagged queries with words or phrases related to gendered concepts. The second set, contains
215 socially problematic queries that could potentially reinforce existing gender norms and
propagate gender inequality if the search results are biased.
Gender-specific queries (@,): This set is employed to evaluate the fairness for the gender-
specific queries. In particular this query set is used to evaluate the condition set out in
Equation We use the dataset labeled by Bigdeli et al.[I9]. Their work involved training
a BERT classifier with human-annotated queries, which they applied to the MS MARCO
passage ranking development set. This labeling effort resulted in two sets: 1,405 male

affiliated queries and 1,405 female affiliated queries. We evaluate the model performance on

'https://github.com/genderdisen/genderdisen
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Table 5.1: Gender bias measures for 215 neutral queries with MiniLM base model.

ut-off 10 aB-tc aB-t aB-boo Fal LIW:
Original Model 0.1602 0.3183 0.1374 0.1101 0.8107 1.023
AdvBert 0.0093 0.0304 0.0022 0.0008 0.9854 0.1134
Bias-aware Penalty 0.167 0.1994 0.0867 0.0689 0.8453  0.8545
CODER 0.0152 0.0254 0.0240 0.0313 0.9336 0.4114
Ours 0.1877  0.0737 0.046 0.0567 0.8664  0.8404
Cut-off 20 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFalRT LIWC]
Original Model 0.1658 0.2635 0.1142 0.092 0.8274  0.7966
AdvBert 0.0103 0.0289 0.0028 0.0016 0.9824  0.1101
Bias-aware Penalty 0.1722 0.1674 0.0725 0.0576 0.8564  0.6426
CODER 0.0155 0.0351 0.0263 0.0311 0.9348  0.3491
Ours 0.1941 0.0574 0.035 0.0422 0.8722 0.717

both male affiliated, and female affiliated queries in order to asses whether the model shows

comparable performance over different genders.

5.6.2 Baselines and Metrics

To evaluate our work against robust state-of-the-art baselines, we use five distinct methods:
1) Original Model: A cross-encoder model trained for the passage re-ranking task, using
the OpenMatch implementation [78]. 2) AdvBert[106]P} Utilizes an adversarial strategy to
eliminate gender data from the neural rankers’ intermediate representations, replicated from
their GitHub repository. 3) Bias-aware Penalty[116]: Incorporates a direct bias penalty
in the neural ranker’s loss function to explicitly address gender biases during training. 4)
CODERJI37]%: A transformer-based framework that evaluates document relevance collec-
tively rather than individually and includes neutrality regularization to penalize deviations
from gender neutrality. 5) Light-weight Sampling[14]: Employs a negative sampling strat-
egy that selects the most biased documents as negative samples to train the model, teaching
it to recognize and reduce bias.

To evaluate model performance, we assess ranking effectiveness and the degree of gender

biases: i) Ranking Effectiveness. We use Mean Reciprocal Rank (MRR) to gauge the

2 The numbers reported in the table represent the best results obtained from their implementation. We
verified these results with the authors through multiple meetings, during which they confirmed the accuracy
of the very low MRR values.
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Table 5.2: Gender bias measures for 1765 neutral queries with MiniLM base model.

cut-off 10 aB-tc aB-t aB-boo Fal LIW

Original Model 0.2673 0.1535 0.0721 0.0611 0.7066  1.5599
AdvBert 0.0081 0.0051 0.0018 0.000267 0.9657  0.2374
Bias-aware Penalty 0.2814 0.0506 0.0256 0.0218 0.7396  1.4368
CODER 0.0021 0.1507 0.0721 0.0663 0.8404  0.7199
Our Approach 0.2969 0.0805 0.0131 0.0178 0.7623  1.4521
cut-off 20 aB-tc aB-t aB-boo Fal LIW

Original Model 0.2726 0.0721 0.0641 0.0538 0.722 1.3001
AdvBert 0.0099 0.0025 0.0003 0.0014 0.9642  0.2283
Bias-aware Penalty 0.2868 0.0256 0.0192 0.0152 0.7527  1.1809
CODER 0.0025 0.1490 0.0716 0.0663 0.8407  0.6467
Our Approach 0.3023 0.0131 0.0313 0.0052 0.7658  1.2767

baseline models’ performance. MRR calculates the average of reciprocal ranks for all queries,
focusing on the rank of the first relevant result, with MRR@10 being the standard metric
for the MS MARCO passage ranking task [89]. ii) Measuring Gender Biases. We use
three metrics to quantitatively assess each model’s gender biases: a) Average Rank Bias
(ARaB) [107] measures the presence of gender-specific words in documents, using Term
Frequency (TF) and Boolean methods to calculate gendered terms. b) NFaiRR Metric
[T05] evaluates fairness at the document level within ranked lists and across all queries, based
on the concept of ‘document neutrality’, where a higher NFaiRR indicates a fairer ranking.
¢) Linguistic Inquiry and Word Count (LIWC) [95] is employed to determine the
gender affiliation of text using the social referents category, specifically the male and female

reference subcategories, as outlined in [19].

5.6.3 Ranking Effectiveness and Bias Mitigation Evaluation

In our experiments, we evaluate the effectiveness of our proposed disentanglement approach
in reducing stereotypical gender biases in neural rankers. We conduct experiments using
two sets of gender-neutral queries, comprised of 215 and 1, 765 queries introduced in Section
[6.3] respectively. To demonstrate the generalizability of our approach, we report the results
based on the MiniLM [128] language model in Tables and , and BERT-Mini language
model [7] in Tables and 5.4 Figure [5.3] shows the training loss, and MRR on the
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Figure 5.3: The train loss, and MRR of the developement set queries for (A) MiniLM base
model, and (B) BERT-Mini base model.

development set queries for both of the base models. We can infer from the figure that
as training goes on, the training losses are decreased, while the MRR of the development
sets is increases, which shows that the model is trained properly, and it is not overfitted on
the training data. As shown in Table [5.1] our model significantly outperforms the original
model in the 215 query set, achieving a higher MRR of 0.1877 at Cut-off 10 compared to the
original’s 0.1602. Our model also shows considerable reductions in ARaB metrics: ARaB-tc
decreases from 0.3183 to 0.0737, ARaB-tf from 0.1374 to 0.046, and ARaB-bool from 0.1101
to 0.0567, with the NFalR score improving from 0.8107 to 0.8664. In contrast, the CODER
model, while achieving lower ARaB values, only reaches an MRR of 0.0152, and the AdvBert
model, despite lower ARaB values, significantly compromises retrieval effectiveness with an
MRR of only 0.0093 at Cut-off 10. This table demonstrates that our approach not only
reduces bias but also enhances ranking effectiveness. Furthermore, at Cut-off 20, our model
continues to show improvement, with an MRR of 0.1941 compared to the original model at
0.1658. The ARaB-tc value further decreased to 0.0574, and ARaB-tf to 0.035. The NFalR
score increased to 0.8722, again indicating reduced bias. Despite AdvBert’s superior bias

reduction, it’s MRR remained noticeably low at 0.0103, reinforcing the trade-off between
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Table 5.3: Gender bias measures for 215 neutral queries with BERT-Mini base model.

cut-off 10 aB-tc aB-t aB-boo Fal LIW

Original Model 0.1662 0.2544 0.1058 0.0751 0.8273 0.8467
Advbert 0.0431 0.0308 0.0159 0.0155 0.9644 0.2943
Bias-aware Penalty 0.1714 0.2472 0.1025 0.0756 0.8389  0.8217
CODER 0.0014 0.0260 0.0171 0.0205 0.9649 0.2998
Our Approach 0.1399 0.0376 0.0132 0.0075 0.8583  0.6969
cut-off 20 aB-tc aB-t aB-boo Fal LIW

Original Model 0.1742 0.2318 0.0929 0.0646 0.8457 0.6964
Advbert 0.0487 0.0289 0.0151 0.015 0.9657 0.2474
EDBT 0.181 0.2331 0.0928 0.0662 0.8563 0.6448
CODER 0.0014 0.0228 0.0148 0.0178 0.9650 0.2828
Our Approach 0.1455 0.047 0.0158 0.0083 0.8691 0.5674

Table 5.4: Gender bias measures for 1765 neutral queries with BERT-Mini base model.

cut-off 10 aB-tc aB-t aB-boo a

Original Model 0.2475 0.1387 0.056 0.0369 0.7304 1.4942
AdvBert 0.0081 0.0051 0.0018 0.0003 0.9657 0.4403
Bias-aware Penalty 0.244 0.1374 0.0536 0.0334 0.7384 1.4474
CODER 0.7082¢e-4 0.0646 0.0371 0.0421 0.9093 0.5713
Our Approach 0.1922 0.0928 0.0354 0.026 0.7565  1.3468
cut-off 20 aB-tc aB-t aB-boo a

Original Model 0.2548 0.1262 0.0.505 0.0329 0.7451 1.2592
Advbert 0.0099 0.0025 0.0003 0.0014 0.9642 0.4043
Bias-aware Penalty 0.2505 0.1138 0.0441 0.027 0.7583 1.1984
CODER 0.0001 0.0674 0.0388 0.0440 0.9096  0.4858
Our Approach 0.1996 0.0928 0.037 0.0285 0.7672  1.1682

bias reduction and retrieval effectiveness in their work.

In the 1765 query set, as shown in Table [5.2] our model achieves a superior MRR of
0.2969 at Cut-off 10, outperforming the original model’s 0.2673, illustrating our approach’s
effectiveness in enhancing retrieval while reducing biases. Notable improvements in bias
metrics include ARaB-tc decreasing from 0.1535 to 0.0805, ARaB-tf from 0.0721 to 0.0131,
and ARaB-bool from 0.0611 to 0.0178, with the NFalR score rising from 0.7066 to 0.7623.
The CODER model records lower ARaB but a significantly reduced MRR of 0.0021, while
the AdvBert model, despite achieving low bias scores, suffers in performance with an MRR of
only 0.0081 at Cut-off 10. At Cut-off 20, our model maintains its performance with an MRR
of 0.3023, further reducing ARaB-tc to 0.0131 and ARaB-tf to 0.0313, with an increased
NFalR score of 0.7658, highlighting continued bias reduction. AdvBert’s low bias metrics

come with a trade-off in retrieval effectiveness, indicated by an MRR of just 0.0099.
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Table 5.5: Bias measures for the light weight(LW) random samples proposed in [16] on 215
queries.

cut-off 10 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFalRT LIWC]
Original Model 0.1602 0.3183 0.1374 0.1101 0.8107 1.023

Original LW 0.1604 0.0269 0.0147 0.0141 0.9596  0.2913
Disentangled LW 0.1466 0.0164 0.0103 0.0133 0.983 0.1292
cut-off 20 aB-tc aB-t aB-boo a

Original Model 0.1658 0.2635 0.1142 0.092 0.8274  0.7966
Original LW 0.1659 0.0218 0.0123 0.0125 0.9595  0.3004
Disentangled LW  0.1554 0.0137 0.0076 0.0086 0.9788  0.1749

Table 5.6: Bias measures for the light weight (LW) random samples proposed in [16] on 1765
queries.

cut-off 10 aB-tc aB-t aB-boo a

Original Model 0.2673 0.1535 0.0721 0.0611 0.7066 1.5599
Original LW 0.2737 0.027 0.0136 0.0124 0.8810  0.8192
Disentangled LW 0.2393 0.0157 0.0032 0.0028 0.915 0.5915
cut-off 20 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFaIlRT LIWC]
Original Model 0.2726 0.0721 0.0641 0.0538 0.722 1.3001
Original LW 0.2795 0.0214 0.0109 0.0101 0.8802  0.7268
Disentangled LW  0.2464 0.0177 0.0049 0.0003 0.9091 0.5621

It’s worth noting that while the AdvBert model greatly reduces biases, it suffers a sig-
nificant performance drop, limiting its practical use. The Bias-aware Penalty baseline offers
moderate bias reduction with good performance, yet our model exceeds it in both bias re-
duction and ranking effectiveness. Similarly, the CODER baseline significantly reduces bias
but has markedly lower ranking performance compared to our approach.

Using the BERT-Mini model, shown in Tables [5.3] and [5.4], similar trends are observed.
In the 215 query set, our model achieves an MRR of 0.1399 at Cut-off 10, compared to
the original’s 0.1662. Despite a slight drop in ranking effectiveness, our model significantly
mitigates bias, with ARaB-tc dropping from 0.2544 to 0.0376, ARaB-tf from 0.1058 to 0.0132,
and ARaB-bool from 0.0751 to 0.0075. The NFalR score improved from 0.8273 to 0.8583.
The AdvBert model, though achieving lower ARaB values, suffers from drastically reduced
performance, with an MRR as low as 0.0431 at Cut-off 10. At Cut-off 20, our model continues
to improve, reducing ARaB-tc to 0.047 and ARaB-tf to 0.0158, and increasing the NFalR

score to 0.8691. However, AdvBert’s performance remains low with an MRR of 0.0487,
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underscoring a substantial trade-off between bias reduction and retrieval effectiveness. In
the 1765 query set, our model significantly improves bias metrics with ARaB-tc decreasing
from 0.1387 to 0.0928, ARaB-tf to 0.0354, and ARaB-bool to 0.026. The NFalR score
rose from 0.7304 to 0.7565. Despite AdvBert achieving the lowest bias scores, its retrieval
effectiveness is compromised, showing an MRR of only 0.0081 at Cut-off 10. At Cut-off 20,
further reductions in bias metrics and an increase in NFalR to 0.7672 continue, yet AdvBert’s
MRR remains low at 0.0099, highlighting its limited practical utility.

We point out that while the AdvBert model significantly reduces biases across all met-
rics, it does so with a marked decline in retrieval effectiveness. The Bias-aware Penalty
baseline shows a moderate reduction in bias with relatively good performance. However,
our model outperforms it in both bias reduction and retrieval effectiveness. In addition, we
have incorporated an adversary network into our architecture to intensify the penalization
of gender information within the ranking representation. Detailed explanations, results, and
discussions are provided there. Additionally, a case study example is presented to further

illustrate the effectiveness of our proposed model in mitigating stereotypical gender biases.

5.6.4 Light-Weight Sampling Strategy

As an additional baseline, Bigdeli et. al. [16] have suggested a negative sampling strategy,
in which the negative documents are selected such that they exhibit large amount of bias.
By doing so, the model will implicitly recognize bias as a negative factor during the training;
therefore, biased documents will be sorted lower when re-ranked with the trained model. We
adopt this negative sampling strategy, and select two negative samples from the proposed
dataset, and train our gender disentanglement model with this bias-aware negative strategy.
Given limited space, we report the results on the MiniLM language model in Tables [5.5 and
for the 215, and 1,765 queries.

When comparing the results of the original and disentangled models in both tables be-

fore and after the light-weight negative sampling strategy is used, we make three consistent
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Table 5.7: Performance on gender-specific queries.

MRR@10
Male Female A
Original Model 0.3939 (std=0.3528) 0.3178 (std=0.3445) 19.3196
Disentangled Model 0.4093 (std=0.3485) 0.3511(std=0.3474) 14.2194
Improvement 3.90% 10.47% -26.39%
MRR@20
Original Model 0.4002 (std=0.3682) 0.3242 (std=0.3582) 0.1899
Disentangled Model 0.4146 (std=0.3597) 0.3572 (std=0.3610) 0.1384
Improvement 3.59% 10.17% -27.11%

improvements: (1) the negative sampling strategy does not lead to a drop in retrieval effec-
tiveness on the base retrieval method but decrease in our disentanglement method is more
pronounced on the MRR metric. This shows that When shown severely biased negative sam-
ples, the proposed disentanglement model cannot learn the concept of relevance as well as
when random negative samples were selected; (2) on the other hand, the negative sampling
strategy leads to notable reduction in bias in our proposed approach, which is superior to
both the original base model as well as when negative sampling strategy was applied to the
base retrieval method. This suggests, as also reported by Bigdeli et al [16] that the selection
of the negative samples can lead to reduced bias. In summary, while the disentangled model
consistently reduces bias metrics (ARaB-tc, ARaB-tf, ARaB-bool) and improves NFalR and
LIWC scores compared to the original model, this often comes at the cost of a slight decrease
in MRR, which may be tolerable depending on the application area and the significance of

the observed bias reduction.

5.6.5 Performance Disparities

Besides stereotypical gender biases, disparities in retrieval effectiveness between male and
female-affiliated queries are notable. As shown in the top row of Table[5.7] the original neural
ranker performs significantly better on male queries than on female queries, with a 19% higher
effectiveness at cut-off 10 and a similar disparity at cut-off 20. However, the results from

our disentanglement approach, detailed in the second row of Table [5.7] offer the following
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observations: (1) Our approach reduces the performance disparity between male and female
affiliated queries from 19% to 14%, a 5% improvement. This significant progress suggests
the importance of addressing not only the stereotypical gender biases in document retrieval
but also the disparities in retrieval effectiveness across different gendered queries. Otherwise,
merely reducing gender biases without improving retrieval effectiveness could result in less
biased but potentially irrelevant documents being retrieved. (2) Our approach reduces the
performance disparity between male and female queries without sacrificing the performance
of either group. Contrary to concerns raised in earlier studies [I18] that reducing gender
biases might decrease retrieval effectiveness, our method actually enhances performance for
both groups. Specifically, male-affiliated queries experience more than a 3.5% improvement,
and female-affiliated queries improve by over 10%. We have also reported the standard
deviation of the reciprocal ranks of the male, and female queries. The consistent standard
deviation for both the original, and the disentangled models in cut-offs 10, and 20 implies
that the system has become better at ranking relevant results higher on average (as indicated
by the increased MRR), but the degree to which these rankings vary across different queries
is the same as before. This could mean that the improvement in MRR is consistent across

many queries.

5.6.6 Gender Disentanglement Quality

Evaluating gender bias in neural embeddings is challenging due to the absence of standardized
measures, particularly for complex contextualized embeddings [139,4]. Previous research has
utilized clustering and classification to identify gender information in embeddings, comparing
debiased and non-debiased versions [55, 21]. In our evaluation, we test the efficacy of our
approach to separate gender from semantics using three established strategies: (1) analyzing
occupational stereotypes [4, [139] and (2) detecting gender spaces in embeddings [21] and

(3) Measuring Bias in Sentence Encoders.
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Figure 5.4: PCA of stereotyped occupations by pronouns, using gender and semantic disen-
tanglement.

Occupational Stereotypes

Previous research has shown that neural embeddings often capture biases related to gender
roles and professions, such as stereotypically associating engineering with men and nursing
with women. In this section, we explore how gender and semantic components within these
embeddings affect the representation of occupations deeply linked to gender stereotypes. We
are interested in determining if our disentanglement approach effectively separates gender
from the semantic aspects of occupations. To achieve this, we use the method suggested in
[4, 139], selecting sentence pairs from the WinoBias dataset [141]. Each pair features the
same sentence with different gender-specific pronouns, for example, “[The manager| fired
the cleaner because |[he| was angry” and its counterpart “[The manager| fired the cleaner
because [she] was angry”. In Figure [5.4] we illustrate the 20 occupations from [139]. We
applied PCA to the disentangled semantic component (in blue) and the gender component
(in red) of our model. We then analyzed the difference between the first principal component
of the female representation and the male representation within the same sentence. Given

that we are utilizing contextualized embeddings, the embedding of the pronoun token will
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Figure 5.5: (A) Variance percentages in the principal components for the original, disentan-
gled semantics, and disentangled gender models. (B) Corresponding percentages for random
vectors.

vary depending on the context. As depicted in Figure 4, the semantic component shows a
smaller difference between PCA components across the same occupations when represented
in the same sentence with different gender pronouns. This indicates a reduced dependency on
gendered pronouns within the semantic component. In other words, the difference between
the first PCA components in sentences with gendered pronouns is smaller when analyz-
ing the semantic component than when analyzing the gender component. In contrast, the
gender component displays greater variation, suggesting that it more effectively captures
the gender associations tied to different occupations. This provides a clearer distinction
between the representations of gendered pronouns across different occupations. This con-
trast demonstrates that the semantic component exhibits a more uniform representation of
pronouns across occupations, meaning that pronoun differences are less influenced by occu-
pation titles. Conversely, the gender component highlights these differences, indicating that
it successfully isolates gender characteristics within the gender component, as intended by

our disentanglement approach.

106



Detecting Gender Spaces

Bolukbasi et al. [21] introduced a method to identify gender biases in embeddings by defin-
ing a gender space through directional differences between gender-related word pair vectors.
Adopting this method, we analyzed the Principal Component Analysis (PCA) of male and
female word pairs’ vector differences, as illustrated in Figure |5.5 This analysis extends to
both the original and two disentangled models—one emphasizing semantic aspects, the other
on gender components—providing insights into the inherent gender biases. We initiated our
experiments by calculating directional vectors for pairs like "he-she’ and 'man-woman’, as
recommended by [55], and applied PCA to these vectors to detect and quantify gender biases.
Notably, our evaluation includes contextualized embeddings, allowing word representations
to adapt based on sentence context. Comparing the principal components from the origi-
nal and disentangled models, we assessed whether our disentanglement approach effectively
reduces biased gender representation in embeddings. These comparisons are vital for validat-
ing the effectiveness of disentangling semantic content from gender information in mitigating
gender bias within neural embeddings. Our observations can be enumerated as follows: (1)
When comparing the principal components for gendered terms to those for random terms,
we observed a higher variance among the gendered terms. This finding validates our ex-
perimental approach by highlighting the fact that gendered terms have a more pronounced
first principal component compared to random terms, which can be an indication that this
principal component is capturing aspects related to gender. (2) The disentangled semantics
model shows a higher first component percentage compared to the original model, suggesting
a more significant separation of semantic information from gender influences. The disentan-
gled gender model exhibits an even higher first eigenvalue than the disentangled semantics
model. Given that the disentangled semantics model focuses on detecting gender spaces,
the predominance of a single principal component explaining a large variance aligns with
our expectations. This principal component is likely capturing the primary axis of gender

differentiation, further confirming that our model effectively disentangles gender informa-
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tion. (3) Although similar trends were observed with random terms, the intensity of the
variance was much less pronounced. This is likely due to the shorter context and a higher
occurrence of pronouns or stereotypically gendered occupations within these samples. Both
the content and gender representations in the disentangled models showed higher first prin-
cipal components compared to the original model, yet these were substantially lower than
those observed for gendered terms. These results underscore the efficacy of our disentangled
models in isolating and analyzing gender-related components.

It is worth mentioning that in Figure [5.5] the principal component, which is interpreted
here as the gender component, shows a significantly higher variance for both gendered and
random terms. This observation aligns with trends observed in other studies that apply
PCA to analyze bias in representations [141] 139 [55]. Specifically, when applying PCA to
data where certain dimensions are prominent or where the variance is heavily influenced
by specific attributes, the first principal component tends to capture the majority of this
variance. In this context, since the sentences are all focused on stereotypical occupations,
it makes sense to have one bold principal component. However, by comparing it to the
gendered terms, we see that it is less pronounced; the components in the first row and for
gendered terms are significantly greater than those in the second row, which correspond to

random terms.

Measuring Bias in Sentence Encoders

The authors in [85] have proposed the Sentence Encoder Association Test (SEAT) to mea-
sure social biases in sentence encoders. SEAT is a generalization of the Word Embedding
Association Test (WEAT) [27], which was originally designed to measure biases in word
embeddings by comparing the associations between sets of words (target concepts) and sets
of attributes.

SEAT relies on cosine similarity to measure the association between sentence embeddings.

Bias is quantified using a test statistic, s(X,Y, A, B), which measures the difference in cosine
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similarity between the embeddings of target concepts X and Y the embeddings of attributes
A and B. The magnitude of the association between the target concepts and the attributes
is measured by the effect size. It is calculated as the difference in mean cosine similarity
scores for the target concepts with respect to the attribute sets, normalized by the standard

deviation as follows:

paex 5(x, A, B) — pyey s(y, A, B)
OweXUuYy S(’UJ, A7 B)

EffectSize = (5.16)

where p and ¢ indicate mean and standard deviation and s(w, A, B) is the difference in mean

of the cosine similarities:

s(w, A, B) = mean,ea cos(w,a) — meanyep cos(w, b) (5.17)

A larger effect size indicates stronger bias. To apply this bias measurement, specific
sentences are crafted using templates that incorporate target concepts (e.g., names associated
with a particular race or gender) and attributes (e.g., pleasant or unpleasant adjectives).
The sentence embeddings generated by the encoder are then tested for bias by comparing
the cosine similarity of the embeddings for different combinations of target concepts and
attributes. For example, a biased sentence encoder might show higher similarity between
Male names and career-related words compared to Female names reflecting stereotypical
gender bias.

Based on SEAT and in our experiments, we adopt and measure effect size as an indicator
of bias [85], as explained in Equation . In this test, the target groups consist of female-
related terms and male-related terms, embedded in sentences like “This is a mother” and
“This is a father,” respectively. The attributes are represented by sentences associated with
science and arts, such as “This is a dance” and “This is chemistry,” respectively. Each target
group contains 80 sentences, and there are over 55 attribute sentences in both the science

and arts groups.
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Table 5.8: Comparison of Gender bias in temrs of Effect Size for MiniLM and BERT-Mini
with Original and Disentangled-Semantic Representations.

MiniLM A BERT-Mini A

Original 0.482 - 0.256 -
Disentangled-Semantic 0.368 -23.52% 0.214 -16.55%

Table 5.9: Gender bias measures for 215 neutral queries with MiniLM base model for the
adversarial training strategy.

cut-off 10 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFaIRT LIWC]
Original Model 0.1602 0.3183 0.1374 0.1101 0.8107 1.023
Disentangled Model 0.1877 0.0737 0.046 0.0567 0.8664  0.8404
Disentangled Model+Adv 0.1657  0.2298 0.1237 0.1295 0.8881 0.7624
cut-off 20 aB-tc ab-t aB-boo a

Original Model 0.1658 0.2635 0.1142 0.092 0.8274  0.7966
Disentangled Model 0.1941 0.0574 0.035 0.0422 0.8722 0.717
Disentangled Model4+Adv 0.1712 0.2320 0.1185 0.1185 0.8853 0.7624

Our objective is to explore the extent to which contextualized sentence representations
carry stereotypical gender biases, as shown in Table 5.8 We report the effect sizes for
two different pre-trained language models, MiniLM and BERT-Mini, using both the original
embedding representations and the representations where gender has been disentangled using
our proposed approach. A higher effect size in any of the embeddings indicates a greater
degree of bias, suggesting a stronger association of women with the arts and men with science.
As illustrated in the table, when the semantic component of the original embeddings is
disentangled from gender, both language models demonstrate a lower degree of stereotypical
gender biases. The results show that our approach has been able to reduce biases as a result
of the disentanglement process, namely MiniLM shows a reduction of over 23% in gender

bias in terms of effect size, while BERT-Mini exhibits a reduction of over 16%.

5.6.7 Adversarial Strategy Results

We trained this adversarial network to compare the results with the original model and our

proposed disentanglement network. The results for 215 and 1,765 queries with the two base

models are presented in Tables [5.9] [5.10] [5.11] and [5.12] respectively.
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Table 5.10: Gender bias measures for 1765 neutral queries with MiniLM base model for the
adversarial training strategy.

cut-off 10 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFalIRf LIWC]
Original Model 0.2673 0.1535 0.0721 0.0611 0.7066  1.5599
Disentangled Model 0.2969 0.0805 0.0131 0.0178 0.7623  1.4521
Disentangled Model+Adv 0.2724 0.1337 0.0824 0.0952 0.7915  1.307
cut-off 20 aB-tc ab-t aB-boo a

Original Model 0.2726 0.0721 0.0641 0.0538 0.722 1.3001
Disentangled Model 0.3023 0.0131 0.0313 0.0052 0.7658  1.2767
Disentangled Model+Adv 0.2783 0.1672 0.0911 0.0957 0.7782  1.2912

Table 5.11: Gender bias measures for 215 neutral queries with BERT-Mini base model for
the adversarial training strategy.

cut-off 10 aB-tc aB-t aB-boo a

Original Model 0.1662 0.2544 0.1058 0.0751 0.8273  0.8467
Disentangled Model 0.1399 0.0376 0.0132 0.0075 0.8583  0.6969
Disentangled Model4+Adv 0.1472 0.3889 0.2082 0.2145 0.8313 1.2266
cut-off 20 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFalR LIWC]
Original Model 0.1742 0.2318 0.0929 0.0646 0.8457 0.6964
Disentangled Model 0.1455 0.047 0.0158 0.0083 0.8691 0.5674
Disentangled Model+Adv 0.1544 0.3794 0.1953 0.1960 0.8323 1.0849

From the tables, we observe that the adversarial strategy is not effective in improving
ranking performance or reducing bias. For both the MiniLM and BERT-Mini base models,
our disentangled model consistently outperforms the original and adversarial models. For
instance, in Table [5.9] the Disentangled Model+Adv achieves an NFalR score of 0.8881,
which is better than the Original Model’s 0.8107 but still lower than the Disentangled Model’s
0.8664. Similarly, the adversarial strategy results in higher ARaB-tc values (e.g., 0.2298 in
the Disentangled Model+Adv vs. 0.0737 in the Disentangled Model), indicating less bias
reduction.

One reason for this is that gender information may not be entirely redundant or unnec-
essary for ranking. In some user queries, the presence of gender information could improve
performance. For example, consider the query “rsm meaning home care” from the 215-query
set by [105]. The relevant document is ““The mission of the Right from the Start Medical
Assistance Group (RSM) is to enable children under age 19, pregnant women, low-income

families, and women with breast or cervical cancer to receive comprehensive health services
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Table 5.12: Gender bias measures for 1765 neutral queries with BERT-Mini base model for
the adversarial training strategy.

cut-off 10 MRR ARaB-tc] ARaB-tf] ARaB-bool] NFaIRT LIWC]
Original Model 0.2475 0.1387 0.056 0.0369 0.7304  1.4942
Disentangled Model 0.1922 0.0928 0.0354 0.026 0.7565  1.3468
Disentangled Model4+Adv 0.1472 0.2354 0.1419 0.1621 0.7329  1.6942
cut-off 20 aB-tc ab-t aB-boo a

Original Model 0.2548 0.1262 0.0.505 0.0329 0.7451 1.2592
Disentangled Model 0.1996 0.0928 0.037 0.0285 0.7672 1.1682
Disentangled Model4+Adv 0.1544 0.2632 0.14607 0.1562 0.7299 1.5616

through Medicaid and related programs.” Although this query is considered gender-neutral,
the relevant document contains female-gendered information crucial for accurately answer-
ing the query. In such cases, forcing the model to remove gender information from the
ranking representation is counter-productive. However, the adversarial strategy attempts to
eliminate gender information, which is not always desirable.

In our proposed disentangled model, there is no external force to remove gender infor-
mation from the ranking representation. The multitask training of the ranking network and
the gender classification network provides the flexibility to determine how much gender in-
formation to isolate from the ranking component, optimizing both ranking performance and
gender bias reduction. Consequently, our model performs better in terms of ranking per-
formance and bias reduction. Additionally, training the adversarial network is significantly
more time-consuming, taking approximately six times longer to converge.

Moreover, we observed that methods enforcing gender removal from the representation do
not perform well. For example, the ADVBERT methodology, which is one of our baselines,
removes gender information from the intermediate representation of query-document pairs
using an adversarial strategy. From Tables [5.1] 5.2] and [5.4] we see that the ADVBERT
model significantly underperforms compared to our disentanglement approach and fails to

reduce gender biases effectively.
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5.6.8 Case Study Examples

To further highlight the effectiveness of our proposed model in reducing stereotypical gender
biases, we provide specific examples from the set of 215 socially problematic queries. These
queries are designed to be neutral, but when gender inequality appears in the ranked list
of documents, it can inadvertently perpetuate societal biases against a particular gender.
Therefore, it is crucial that the ranked documents for these queries remain impartial, showing
no preference for one gender over another.

Tables [5.13)5.14], , and present examples of these queries, comparing the top-3 doc-
uments ranked by the original model with those re-ranked by our proposed disentanglement
approach. Our analysis reveals that the top-3 documents produced by our disentanglement
model demonstrate a more balanced representation with respect to gender. Specifically, our
model tends to include gender-neutral documents or documents that reference male and
female terms equally, thereby mitigating the risk of reinforcing gender stereotypes. This bal-
anced approach is essential for ensuring that search results do not unintentionally contribute
to gender bias in society.

Table demonstrates a similar issue for the query “physical health effects of stress.”
The top-3 documents re-ranked by the original model exhibit a bias towards female repre-
sentation. However, our disentangled model successfully re-ranks the documents to ensure
they are gender-neutral, thus preventing any gender bias.

Similarly, Table highlights the query “what body fat percentage is healthy,” where
the original model’s top-3 documents show a strong bias towards female representation.
Specifically, the top-1 and top-3 documents include only female-related terms, indicating a
clear gender bias. In contrast, the top-3 documents re-ranked by our disentangled model
present a balanced representation of both male and female terms, effectively mitigating this
bias.

In Table [5.15] the query “how is back pay for disability determined” shows a male bias

in the top-3 documents re-ranked by the original model, with all documents featuring male-
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specific terms.

On the other hand, the documents re-ranked by our disentangled model

display a more neutral stance, with the top-1 and top-3 documents showing no gender

inclination, significantly reducing the overall bias compared to the original model.

Table 5.13: A case study example of the query “physical health effects of stress”, and the
top 3 re-ranked documents with the original, and disentangled model.

Query: physical health effects of Original Model

stress

Disentangled Model

Rank I Document

According to the American Academy of
Family Physicians (AAFP), stress is an
expression of the body natural instinct
to protect itself. While this may warn a
woman of immediate danger, like a fast-
approaching car, prolonged stress effects
can negatively affect your physical and
emotional health.

The Physical Effects of Long-Term
Stress. Chronic stress can have a serious
impact on our physical as well as psycho-
logical health due to sustained high levels
of the chemicals released in the fight or
flight response. Lets take a closer look at
whats going on. The Role of the Nervous
System.

Rank 2 Document

According to the National Womens
Health Information Center, the effects of
stress on womens physical and emotional
health can range from headaches to irri-
table bowel syndrome. Specific stress ef-
fects include: 1 Eating disorders.

Stress, however, can affect many aspects
of physical and mental health, ranging
from hair, teeth, and skin to memory
and concentration skills, and even how
well we sleep. The good news is while
these problems may seem serious, stress
relief can lead to real improvements in
your overall health and well-being

Rank 3 Document

According to the National Womens
Health Information Center, the effects of
stress on womens physical and emotional
health can range from headaches to irri-
table bowel syndrome. Specific stress ef-
fects include: Eating disorders.
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Tt is a well-known fact that stress can af-
fect our lives in many ways. It can even
have an adverse affect on our physical
health. Severe stress can actually lead
to chronic health conditions. It is im-
portant to recognize symptoms of severe
stress and learn how to cope with stress.



Table 5.14: A case study example of the query “what body fat percentage is healthy”, and
the top 3 re-ranked documents with the original, and disentangled model.

Query: what body fat percentage is
healthy

Original Model

Disentangled Model

Rank T Document

Body Fat for Girls. A 5-year-old girl
should have 14 to 21 percent body
fat, while a 6-year-old girl is considered
healthy at 14 to 22 percent. The low
end of a healthy body fat range for 7-
and 8-year-old girls is 15 percent, while
the high end is 24 and 25 percent, re-
spectively. healthy body fat percentage
for an 18-year-old girl is between 17 and
30 percent, while a 19-year-old should
fall between 19 and 31 percent. Adult
females 20 to 39 years should strive for a
body fat percentage between 21 and 32
percent.

Go to Body Fat Table. The percentage of
body fat in healthy humans ranges from
5 to 40 per cent. Females have more
body fat than males. Athletes vary in
body fat depending on their sport. Dis-
tance runners tend to have a low fat con-
tent. While most humans have too much
fat some get carried away with trying to
achieve unrealistic, unhealthy low levels.
For females, body fat should not be less
than 15 percent and for males, not less
than 5 percent.

Rank 2 Document

A healthy body fat percentage ranges
from 10 to 22 percent for men and 20
to 32 percent for women, according to
ACSM. This means a healthy percentage
of lean mass is 78 to 90 percent for men
and 68 to 80 percent for women. You’ll
get the most accurate assessment of your
body fat levels if you consult a profes-
sional.

The average healthy. adult body fat
range regardless of age is 15 to 20% for
men and 20 to 25% for women. A woman
with. more than 32% body fat and males
with more than 25% body fat are consid-
ered to be at increased risk. for disease.

Rank 3 Document

Body Fat for Girls. A 5-year-old girl
should have 14 to 21 percent body
fat, while a 6-year-old girl is considered
healthy at 14 to 22 percent. The low end
of a healthy body fat range for 7- and
8-year-old girls is 15 percent, while the
high end is 24 and 25 percent, respec-
tively.
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As a result, different body fat percent-
ages will be provided with the same
health assessment for both genders. For
women between age 20 and 40, 19% to
26% body fat is generally good to excel-
lent. For women age 40+ to 60+, 23% to
30% is considered good to excellent.For
men between age 20 and 40, 10% to 20%
body fat is generally good to excellent.
For men age 40+ to 60+, 19% to 23%
is considered good to excellent.ctually,
5% body fat can cause serious health
problems for the average person. Con-
versely, 25% fat can either be healthy or
unhealthy depending upon your age and
gender. In order to provide clarity, it’s
best to look at a scale of body fat per-
centages and what they represent.




Table 5.15: A case study example of the query “how is back pay for disability determined”,
and the top 3 re-ranked documents with the original, and disentangled model.

Query: how is back pay for disabil-
ity determined

Original Model

Disentangled Model

Rank T Document

VA Disability Back Pay is a payment of
all the money that the veteran should
have been receiving for the months in be-
tween his date of eligibility and his VA
rating decision. A veteranas date of eli-
gibility for VA Disability Back Pay is de-
termined in one of two ways.First, if the
veteran submits his VA Disability Claim
within one year of his date of separation,
his date of eligibility for VA Disability
Back Pay is his date of separation...

How far back Social Security will pay dis-
ability benefits to a disabled person is
determined by the date you filed your
disability claim when applying for Social
Security and/or SSI disability.ocial Secu-
rity has a five-month waiting period that
applies to social security disability claims
for which they never pay disability ben-
efits. Basically, the date of filing deter-
mines what month you are first entitled
to begin receiving monthly Social Secu-
rity disability benefits.

Rank 2 Document

A veteranas date of eligibility for VA Dis-
ability Back Pay is determined in one of
two ways. First, if the veteran submits
his VA Disability Claim within one year
of his date of separation, his date of eli-
gibility for VA Disability Back Pay is his
date of separation.f, however, Ben sub-
mits his VA Disability Claim 13 months
after he separates, and the VA takes 16
months (unfortunately not unusual) to
reach their Rating Decision, he will only
receive 16 months of VA Disability Back
Pay.

VA Disability Back Pay is a payment of
all the money that the veteran should
have been receiving for the months in be-
tween his date of eligibility and his VA
rating decision. A veteranas date of eli-
gibility for VA Disability Back Pay is de-
termined in one of two ways.First, if the
veteran submits his VA Disability Claim
within one year of his date of separation,
his date of eligibility for VA Disability
Back Pay is his date of separation...

Rank 3 Document

A veteranas date of eligibility for VA Dis-
ability Back Pay is determined in one of
two ways. First, if the veteran submits
his VA Disability Claim within one year
of his date of separation, his date of eli-
gibility for VA Disability Back Pay is his
date of separation.f, however, Ben sub-
mits his VA Disability Claim 13 months
after he separates, and the VA takes 16
months (unfortunately not unusual) to
reach their Rating Decision, he will only
receive 16 months of VA Disability Back
Pay.

How far back Social Security will pay dis-
ability benefits to a disabled person is
determined by the date you filed your
disability claim when applying for Social
Security and/or SSI disability.

5.7 Discussion

5.7.1 Scalability

In real-world and large-scale applications, the effectiveness and efficiency of a model are
both crucial factors that determine its practical usability. The sheer volume of data, the
computational resources required, and the time needed for training can all pose significant

challenges when deploying a model in real environments. Therefore, it is imperative that the
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Table 5.16: Training and inference time of the original and disentangled model.

MiniLM BERT-Mini
Original Disentangled Original Disentangled
Training Time 01:367:16” 01:39:077  01:007:42” 01:017:37”
Inference Time  21.96 us 23.07 pus 15.97 us 17.97 ps

proposed model for eliminating stereotypical gender biases does not introduce prohibitive
levels of complexity or excessive time demands, as these could impede its application in
real-world scenarios.

To assess the scalability of our model in large-scale and real-world applications, we eval-
uated the training and inference times of the proposed disentanglement model. As shown in
Table [5.16], we compare these running times for both the original and disentangled models
across two base models. All experiments were conducted using an NVIDIA RTX A6000
GPU, which is well-suited for handling high-performance deep learning tasks. The results
indicate that the disentanglement approach does not significantly increase the model’s run-
ning time, as evidenced by the minimal differences in training times (less than three minutes)
and inference times (around 1 microsecond) between the original and disentangled models.

These findings confirm that our proposed model remains scalable, making it well-suited

for deployment in large-scale applications without compromising performance.

5.7.2 Interpretability

In real-world applications, ensuring that a model is interpretable is crucial, particularly
in scenarios where the decision-making processes must be transparent and trackable. In-
terpretability becomes even more significant in contexts like information retrieval systems,
where users and stakeholders need to understand how and why certain results are ranked or
presented. One effective approach to enhancing interpretability in these models is through
representation disentanglement. By decomposing vector representations, which often en-
code a mixture of various information, into more interpretable and meaningful components,

disentanglement allows us to better understand the underlying factors that influence the
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model’s decisions. This process of separating distinct attributes within the representations
makes it easier to track and explain the model’s behavior. Representation disentangle-
ment has been successfully employed in various areas to enhance model interpretability
(143, 63, 115l 122], 127, [46].

In the context of gender bias in information retrieval systems, disentangling gender-
related information from other aspects of the data can significantly contribute to the in-
terpretability of the ranking model. When gender information is disentangled, it allows
researchers and practitioners to isolate and examine the impact of gender on the ranking
process, providing clearer insights into whether and how gender biases are influencing the
model’s outputs. This level of transparency not only helps in identifying potential biases
but also aids in the development of more fair and balanced models. By leveraging disentan-
glement techniques, it becomes possible to create systems that not only perform well but
also offer interpretable, bias-aware decision-making processes, which is essential for ethical

Al deployment.

5.7.3 Ethical Implications

Gender is considered to be a sensitive attribute, and any attempt to manipulate or alter
gender information in machine learning models can lead to significant ethical concerns. This
is particularly true in information retrieval systems, where fairness and transparency are
paramount. In our work, we emphasize that our approach does not involve changing or
manipulating gender attributes in any way. Instead, we focus on disentangling gender from
the intermediate representations of query-document pairs. This process ensures that gender
influences the ranking decisions for neutral queries to the extent to which it is relevant in the
context of the search query, thereby avoiding the introduction of bias or unfair treatment
based on gender.

Disentangling gender in this manner does not alter the gender attribute itself. Rather, it

aims to create a more unbiased and fair model by ensuring that gender does not unintention-
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ally affect the outcomes of the model’s decision-making process. This approach is especially

important in contexts where the objective is to achieve gender fairness.

5.8 Concluding Remarks

We introduce a novel method for mitigating gender bias in neural ranker representations
by disentangling content semantics from gender associations. Our approach isolates gender-
related information, enabling the ranker to assess document relevance based solely on seman-
tic content. Experimental results show our method outperforms state-of-the-art baselines in
reducing gender bias while maintaining ranking effectiveness, decreasing the performance gap
between male and female queries by around 27% at cut-offs 10 and 20. Our disentanglement
strategy effectively weakens gender information in the intermediate vector representation of
the cross-encoder. This balance between fairness and performance is crucial for developing
unbiased neural rankers. Our methodology, while focused on the gender attribute, can be
applied to other sensitive attributes like ethnicity and race for future work, promoting fairer
information retrieval systems. It integrates seamlessly with existing neural rankers, allowing
for immediate deployment without sacrificing performance, scalability, or accuracy, while

promoting unbiased ranking of search results.
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Chapter 6

Bias-aware Curriculum Sampling

6.1 Problem Formulation

Let @ = {q1,q2,...,qn} represent a set of queries and D = {d;,ds,...,dy} denote a col-
lection of documents. The objective of a neural ranker ® is to identify and rank the most
relevant documents from D for each query ¢; based on a relevance score s(g;,d;), where
d; € D. We consider training samples to be structured as & = {(g;,d;}, d;,)}, where d;
denotes a relevant (positive) document and d; represents an irrelevant (negative) document
for a given query ¢;. The model ® is trained to maximize the relevance score difference
between positive and negative examples.

Training datasets often contain biases that subtly influence model learning 2], 21, [86, [140].
A document d; may encode biases, such as inclination towards a certain gender, quantifi-
able via a bias scoring function, W(d;) [107, 105] [, O5]. These biases risk entangling with
relevance signals, leading the model to misinterpret biased patterns as relevance indicators,
compromising ranking fairness. Mitigating this requires (1) maintaining high ranking effec-
tiveness, A(Q), while minimizing bias in outputs, I1(Q); and (2) sequencing training samples
to positively shape learning dynamics.

Curriculum Learning Process. To decouple bias from the model’s learning of rele-
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vance, we structure the training process as a two-stage procedure. In the first stage, Initial
Relevance Learning, the model @ is trained on samples Siow-bias (O Shigh-bias) depending on
the direction of the curriculum, which consist of documents with low (or high) bias scores,
\I/(d:;) < €, where € is a predefined threshold. In the second stage, Gradual Bias Introduc-
tion, the model is progressively exposed to samples Spigh-bias (0T Siow-bias) il the alternative
case) with differing degrees of bias. This gradual exposure allows the model to generalize its
understanding of relevance while enhancing robustness against biases. Let A(Q) be a metric
that evaluates the ranking effectiveness on a set of queries Q, and II(Q) denote a metric
that quantifies bias in the ranked outputs for Q. Our learning objective can be expressed as

finding the parameters 6 of the model ® such that:
arg maaXA(Q) subject to II(Q) — 0. (6.1)

where A(Q) is comparable to baselines to maintain performance.

6.2 Methodology

We propose a training strategy to achieve the proposed learning objective, comprising: (i) an
adaptive curriculum guiding the training sequence with bias-aware sampling, (i) a controlled
probability distribution to balance exposure, and (7ii) a learning objective aligning relevance
learning with fairness.

Bias-Aware Curriculum Design. A key challenge in bias-aware learning is preventing
models from misinterpreting biases for relevance signals. Building on curriculum learning
principles [6, 58| 130, 123], we hypothesize that introducing less (or high, depending on
curriculum direction) biased samples earlier in training may shape the model’s understanding
of bias and possibly mitigates bias. To achieve this, we define a bias scoring function,
\If(d:;), quantifying bias in each document d;; This score informs our sampling strategy,

adjusting document selection probabilities. Prioritizing low (or high) bias samples early
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Figure 6.1: Sampling probs for 10 buckets, with o = {0.5,1,2,3} .
impacts the risk of bias influencing initial learning, potentially creating a fairer relevance

baseline. As training progresses, higher (or lower) bias samples are gradually introduced,
refining relevance without embedding bias.

Dynamic Sampling Strategy with Bias Scoring. We propose that the bias score of
each relevant document djj may serve as a key factor in determining the training sequence.
Since relevant documents shape the model’s understanding of relevance for a query ¢, any
bias within them risks being misinterpreted as a relevance signal. If only high (or low)
bias documents appear early in training, the model may internalize these degrees of bias
as relevance indicators. To mitigate this, we propose a controlled sampling strategy where
the degree of bias of a document determines its selection probability in the early phases.
This encourages the model to first focus on learning relevance and gradually engage with
the concept of bias through its exposure to samples with progressive degrees of bias.

To quantify the bias within each relevant document in a training sample S = (g;, dfj, d),
we compute a bias score for each relevant document dj;, denoted as W(d;;). This score

5
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reflects the degree of bias present in the document and serves as the primary metric for
ranking training samples based on their degree of bias. Specifically, the bias score ¥ is a
function mapping each relevant document d;; to a real-valued score, defined as:

D" =R, W(df;) = bias score of dj;

5, d;eDT

where DT represents the set of all relevant documents.

Given the bias score of each training sample, the samples in S are sorted, forming an
ordered set Sorteq.- This arrangement controls the sequence of sample exposure. The ordered
set is then divided into discrete buckets B;, each containing a fixed number of samples.
A function ((S,b) partitions Sgoeq into b equally sized buckets: B; = B(Ssorted, b). Each
bucket has size b with a total of N equally sized buckets. Buckets group samples by bias
level, enabling distinct sampling probabilities. This approach ensures controlled exposure,
prioritizing samples with different bias levels throughout training.

Adaptive Probability Distribution for Sampling. A sampling probability Pp, is
assigned to each bucket B; to regulate model exposure to biased data. For instance, in order
to ensure buckets containing higher bias samples have a lower sampling probability earlier in

the training process, Pp, can be defined as inversely proportional to the average bias score

x; of bucket B;:

X

1 1
Pp, < —, where z; = EWZB W(df). (6.2)

where |By| is the number of documents in B;, and W(dj;) is the bias score of document d;.
To refine the sampling framework, we model the bucket sampling probabilities Pp, using
a Gaussian distribution, ensuring a smooth probability curve. Adjusting the distribution

parameters controls the spread, assigning higher probabilities to differing buckets. The

_ (mi—p)?
202

Gaussian function can be defined as Px(z;) = #ﬂ exp ( ) where x; is the average
bias score for bucket B;, i defines the distribution center, and ¢ controls its spread. To

ensure probabilities sum to one, we normalize them. All samples within a bucket B; share
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the same probability Pp,, ensuring consistent bias management. A smaller o sharpens the
peak, emphasizing on the earlier buckets in training, while a larger ¢ smooths the transition
across bias levels.

As an illustrative example, Figure shows the sampling probability distribution across
ten buckets, demonstrating how the Gaussian model regulates data exposure. In this case,
lower-bias buckets receive higher sampling probabilities, while higher-bias buckets have pro-
gressively lower ones. We hypothesize that this structured approach promotes fairness and
robustness during training. We note that in this approach, all training instances will even-
tually be sampled. Lower initial sampling probabilities do not exclude samples but delay
their introduction.

Progressive Learning Objective. The selected samples S = (g;, dj;, d;) are then
fed into a cross-encoder neural ranker. The model calculates relevance scores for both the

relevant document d;; and the irrelevant document d;, in relation to the query ¢;: s(¢;, di;) =

®(g; @ d;;). The model is trained with a Max Margin Loss [30] calculated as:

Nt N—

L= %szax(o,m— (g, di*) + B(q,d; ) (6.3)

i=1 j=1
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Figure 6.2: The Bias-performance trade-off.
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6.3 Experiments

Research Questions. Our experiments are structured around four Research Questions
(RQs): RQ1. Does curriculum sampling effectively mitigate biases in neural rankers? Specif-
ically, we investigate whether structuring the training sequence based on bias levels can re-
duce bias in ranking outputs while maintaining model effectiveness. RQ2. How does the
model perform relative to the state-of-the-art bias reduction baseline methods? RQ3. Does
the choice of probability distribution hyperparameters for bias-aware sampling influence the
model’s ranking performance and bias mitigation effectiveness? RQ4. Is the model’s per-
formance consistent across different language models? We run experiments on 3 language
models, BERT-mini [124, 42], MiniLM [128], and ELECTRA [33] to assess the generalizabil-
ity of our approach across LLMs.

Datasets and Setup. We train the neural rankers on the MSMARCO passage ranking
dataset [89], with 200,000 queries and 8.8 million passages. A random sample of 3,000,000
triples is used for training over one epoch, using the Adam optimizer with a sigmoid activa-
tion. We follow OpenMatch [113] architecture, implementation, and hyperparameters. Full
implementation details and source code are available on GitHub: https://shorturl.at/e3ggk.
Bias Measure and Bias Test Datasets. We consider ARaB-tf [107] as the function
¥ in Equation for measuring bias of the documents. To evaluate performance and bias
reduction, we focus on gender bias using two bias query datasets: (a) Gender-neutral queries:
These queries assess whether the model introduces gender stereotypes in neutral contexts.
We use the query set from [105], which includes 1,765 gender-neutral queries, selected from
MS MARCO queries. (b) Socially sensitive queries: This set includes 215 queries that may
contribute to societal inequality if bias is present.

Evaluation Metrics. For ranking, we use Mean Reciprocal Rank (MRR) [89]. For bias,
we use three metrics: Average Rank Bias (ARaB) [107], which quantifies biased word occur-
rences in documents using Term Count (TC), Term Frequency (TF), and Boolean metrics;

NFaiRR [105], measuring document-level fairness, with higher values indicating fairer rank-
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Figure 6.3: Impact of bucket size on model performance.

ings; and Linguistic Inquiry and Word Count (LIWC) [95], which assesses gender mentions
in text as suggested by [19].

Baseline Methods. To benchmark our approach, we compare it against five established
baselines representing diverse bias mitigation strategies: (1) AdvBert [105] uses adversarial
debiasing in the ranker’s intermediate layers; (2) Bias-aware Loss [116] integrates a bias
penalty in the loss function for targeted bias reduction during training; (3) CODER [137]° ap-
plies a neutrality regularization term in a transformer model; (4) Light-Weight Sampling
Strategy (LWS) selects biased documents as negative samples, training the model to recog-
nize and mitigate bias.

Findings. In RQ1, we assess whether our proposed curriculum sampling approach reduces
bias. We conduct experiments under five conditions: (1) shuffled training (no curriculum),
(2) High to Low bias curriculum sampling, (3) Low to High bias curriculum sampling, (4)
training on neutral samples (bias-free), and (5) training on biased samples. Figure [6.2)(a)
shows the trade-off between fairness (NFaiR [105]) and effectiveness (MRR). Training on bi-
ased samples yields the worst fairness and effectiveness, performing worse than the shuffled

baseline. Neutral-sample training improves fairness but reduces performance by up to 10%.
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Figure 6.4: Impact of 0 on model performance.

The High to Low strategy improves fairness but still lowers effectiveness (up to 7%). In con-
trast, our proposed Low to High curriculum strategy achieves the best fairness-effectiveness
trade-off, as further confirmed in Figure [6.2|b), where lower LIWC values indicate reduced
bias. Empirical results show that Low to High curriculum sampling best balances bias
reduction and retrieval effectiveness. By prioritizing low-bias samples early, the model es-
tablishes a robust relevance foundation before gradually incorporating higher-bias samples.
This controlled exposure prevents early bias internalization, allowing the model to learn
relevance signals more effectively. Without loss of generality and to save space, we adopt
this strategy for reporting subsequent RQs. In RQ2, we compare the performance of our
proposed approach with the state-of-the-art baseline methods. Tables and show this
comparison. We observe that our proposed method outperforms the bias-aware loss, Light-
Weight-Sampling, and ADVBERT methods in terms of bias reduction, while having higher
MRR. The other baseline method, CODER, although is able to reduce the bias more than
our proposed approach, but it significantly reduces retrieval effectiveness to 0.0014 for cut-off

10, and 0.0001 for cut-off 20 on the 215 query set, effectively making unhelpful retrieval.
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Figure 6.5: Generalizability of our proposed approach on different LLMs.

In RQ3, we examine the impact of probability distribution parameters on model perfor-
mance, focusing on bucket size b and standard deviation ¢ in sampling probabilities. Figure
m shows the effect of varying bucket sizes using a Normal Distribution (ux = 0,0 = 1) and
BERT-mini as the baseline. The analysis covers two query sets (215 and 1,765 queries) at
cut-offs 10 and 20. The results reveal: (1) Bias Reduction: Increasing b from 5 to 20 reduces
bias across all metrics (ARaB-TC, ARaB-TF, ARaB-Bool, LIWC, and NFaiR). (2) Effect of
Larger Buckets: Larger bucket sizes further enhance bias reduction, with b = 20 outperform-
ing b =5. (3) No-Bucket Strategy: Treating each sample as an individual bucket maximizes
performance and minimizes bias, aligning with the trend that larger bucket sizes reduce bias
more effectively. Figure[6.4) examines the effect of varying o on model stability and bias met-
rics. Our results show (i) MRR Stability: MRR remains stable across sigma values ( 0.27 on
1,765 queries, 0.22 on 215 queries), showing minimal impact on retrieval effectiveness. (ii)
Consistency in Bias Metrics: Bias measures (ARaB-TC, ARaB-TF, ARaB-BOOL, LIWC,

NFaiR) exhibit less than 5% variation across sigma values.
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Table 6.1: Bias & retrieval effectiveness on the 215 query set.

cutoff @QI0
Models MRR ARaB-tc] ARaB-tf] ARaB-bool] NFaiRT Tiwc |
Bias-Aware Loss [116] 0.1820 0.3419 0.1492 0.1176 0.8209  0.9202
Light-Weight-Sampling [14]  0.1823 0.2017 0.0938 0.0782 0.9087  0.5636
CODER [137] 0.0014 0.0260 0.0171 0.0205 0.9649 0.2998
ADVBERT [105] 0.1753 0.1975 0.1054 0.1113 0.8747  0.7850
Our Approach 0.1989 0.0773 0.0376 0.0322 0.9126 0.5057

cutoff @20

odels aB-tc aB-t aB-boo alR T iwce

Bias-Aware Loss [116] 0.1873 0.2783 0.1169 0.0899 0.8519  0.6650
Light-Weight-Sampling [14]  0.1876 0.1618 0.0746 0.0616 0.9168 0.4681
CODER [137] 0.0001 0.0227 0.0148 0.0178 0.9650  0.2828
ADVBERT [105] 0.1799 0.1144 0.0653 0.0710 0.8795 0.6432
Our Approach 0.2046 0.0632 0.0308 0.0265 0.9212 0.4355

Table 6.2: Bias & retrieval effectiveness on the 1,765 query set.

cutoff @QI0
Models MRR ARaB-tc] ARaB-tf] ARaB-bool] NFaiRT Tiwc |
Bias-Aware Loss [1106] 0.2591 0.2109 0.0949 0.0755 0.7289  1.5142
Light-Weight-Sampling [14]  0.2558 0.1540 0.0764 0.0680 0.8204  1.1500
CODER [137] 0.0001 0.0646 0.0371 0.0421 0.8404  0.7199
ADVBERT [105] 0.2019 0.4222 0.2260 0.2363 0.7132  1.6427
Our Approach 0.2671 0.0095 0.0062 0.0090 0.8382 1.0275

cutoff @20

odels aB-tc aB-t aB-boo FaiR 7 iwce

Bias-Aware Loss [116] 0.2653 0.1644 0.0730 0.0574 0.7578  1.2169
Light-Weight-Sampling [14]  0.2622 0.1192 0.0587 0.0516 0.8313 0.9614
CODER [137] 0.0014 0.0674 0.0388 0.0440 0.8407  0.6467
ADVBERT [105] 0.2106 0.2731 0.1475 0.1554 0.7424  1.2933
Our Approach 0.2737 0.0173 0.0040 0.0047 0.8478 0.8684

In RQ4E], we assess whether our approach generalizes across different LLMs while re-

ducing bias and maintaining retrieval effectiveness. We repeat experiments with MiniLM

and ELECTRA alongside BERT-mini. Since Figure [6.3] indicates the best results occur in

the no-bucket scenario, we train models with no bucket, and ¢ = 1. Figure presents

bias reduction and ranking performance across the LLMs. The first, second, and third rows

show results for BERT-mini, MiniLM, and ELECTRA, respectively. Metrics to the left of

the dotted line measure bias (lower is better), while those on the right assess fairness and

effectiveness (higher is better). Our approach significantly reduces bias compared to the

baseline (no curriculum sampling) while increasing the NFaiR fairness metric. Additionally,

LAll results are statistically significant based on a paired t-test with a p-value < 0.05.
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MRR remains comparable to the original model, confirming that bias reduction does not

compromise ranking effectiveness in our proposed curriculum sampling approach.

6.4 Concluding Remarks

In this chapter, we introduced a curriculum learning approach for addressing bias in neural
rankers. By structuring the training process through a staged exposure to biased samples,
we enabled neural rankers to learn relevance while minimizing the risk of embedding bi-
ases into their trained model. Our proposed bias-aware curriculum and dynamic sampling
strategy achieved gradual bias exposure in a controlled, systematic manner, supporting both
model stability and performance. Our experimental results demonstrated that this approach
not only improved bias mitigation but also enhanced ranking effectiveness, underscoring its

potential for advancing fairness in information retrieval systems.
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Chapter 7

Conclusions

In this thesis, we addressed the challenge of gender bias in neural information retrieval
(IR) systems by proposing a set of principled interventions across key stages of the learning
pipeline: training strategies, embedding representations, and data sampling. Our goal was
to develop bias-mitigation approaches that preserve retrieval effectiveness while promoting
fairness and social responsibility in ranked outputs.

First, we introduced bias-aware training strategies that incorporate fairness directly into
the model’s optimization objectives. By modifying standard loss functions to penalize bi-
ased documents and reward unbiased ones, we designed a training paradigm that guides
neural rankers toward equitable decision-making. A document-level gender bias penalty dy-
namically adjusted the learning process, leading to consistent improvements in the fairness-
performance trade-off compared to baseline methods.

In addition, we proposed a disentangled representation learning framework that iso-
lates gender-specific and relevance-related components within query-document embeddings.
Through dual-objective optimization, we ensured that ranking decisions were based solely
on content-relevant signals, effectively removing gender bias from the model’s internal repre-
sentations. This approach demonstrated strong generalization across multiple datasets and

embedding architectures, validating its robustness and transferability.
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furthermore, we tackled the issue of biased training data through a curriculum-inspired
sampling strategy. Inspired by curriculum learning, we structured the training process to be-
gin with gender-neutral samples and gradually introduce biased instances. This progressive
exposure, guided by statistical estimates of document-level bias, allowed the model to first
establish an unbiased foundation before encountering complex, biased examples. Our ex-
periments showed that this curriculum-aware strategy significantly enhances bias mitigation
when used alone or in combination with other methods.

Taken as a whole, this body of work establishes a comprehensive framework for mit-
igating gender bias in neural IR systems through targeted interventions at the training,
representation, and data levels. Extensive experiments on real-world datasets confirm that
our methods reduce the propagation of societal stereotypes in ranked results without sacri-
ficing— and in some cases improving— retrieval performance. This thesis contributes new
methodologies and empirical insights that advance the development of fair, effective, and

socially responsible information retrieval technologies.

7.1 Future Work

In this section, we study potential paths for future research on gender bias in information
retrieval systems. We note that the quest for fair and unbiased IR systems is a continuous
journey. As our understanding of gender evolves, IR systems must remain agile and adapt-
able. Beyond just gender, there is a growing acknowledgment of the need to study fairness in
the broader sensitive attribute context, encompassing biases like race, age, or socio-economic
status. Intersectionality, the interplay of multiple biases, adds another layer of complexity
to this endeavour. As the field progresses, there’s a growing emphasis on making IR systems
transparent in their operations and methodologies, ensuring users have a clear understanding
of how information is retrieved. Several key areas warrant attention for future research and

development. These directions aim to build upon existing foundational work while advancing

133



the creation of more inclusive, equitable, and effective IR systems.

Intersectionality and Multidimensional Biases

While substantial progress has been made in understanding and mitigating gender bias,
future research must explore the intersectionality of biases. Intersectionality refers to the
complex, cumulative manner in which different forms of discrimination—such as those based
on gender, race, socioeconomic status, and ethnicity—intersect and interact. Addressing
gender bias in isolation may lead to incomplete solutions, as individuals’ experiences of
bias are often multifaceted. Future work should focus on developing methodologies that
consider the interplay of multiple biases, ensuring that IR systems provide equitable access

to information for all users, regardless of their intersecting identities.

Beyond Binary Gender Classifications

Current IR systems largely operate within a binary framework of gender, which does not
account for the diverse spectrum of gender identities present in modern societies. Future
research should explore how IR systems can move beyond binary classifications to better
serve users who identify as non-binary, genderqueer, or with other non-traditional gender
identities. This includes developing datasets that accurately reflect this diversity and creating
algorithms capable of processing and responding to gender in a more nuanced manner. Such
advancements would not only enhance the inclusivity of IR systems but also improve their

accuracy and relevance to a broader user base.

Addressing the Limitations of Annotated Datasets

The limited size of annotated datasets poses a significant challenge to the reliable detection
and analysis of biases in IR systems. Small datasets can lead to overfitting, reduced general-
izability, and unreliable bias metrics. Future research should focus on developing methods for

efficiently expanding annotated datasets, including semi-supervised learning, active learning,
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and crowdsourcing techniques. Additionally, creating benchmarks and standards for dataset
annotation processes will help ensure the quality and consistency of the data, enabling more

accurate assessments of bias and fairness.

Development of Robust and Reliable Fairness Metrics

The development of robust fairness metrics is critical for assessing and mitigating bias in
IR systems. However, current metrics often suffer from reliability issues, including incon-
sistencies across different datasets and contexts. Future research should focus on creating
metrics that are not only resilient to variations in data and algorithms but also consistently
reliable across diverse scenarios. These metrics should be validated through extensive testing
and benchmarking, ensuring that they can detect biases accurately and consistently. En-
hancing the reliability of fairness metrics will be key to making meaningful progress in bias

mitigation.

Handling Multilingual Data and Cross-Cultural Biases

As IR systems are increasingly deployed in multilingual and multicultural contexts, address-
ing the unique challenges of multilingual data is essential. Biases can manifest differently
across languages due to cultural nuances, differences in language structure, and varying levels
of data availability. Future research should focus on developing methods for detecting and
mitigating biases in multilingual datasets, including cross-lingual transfer learning and the
creation of language-agnostic fairness metrics. Additionally, ensuring that IR systems are
culturally sensitive and capable of fairly serving users from diverse linguistic backgrounds is

critical for achieving global inclusivity.

Real-Time Bias Mitigation

As IR systems increasingly operate in real-time, the ability to detect and mitigate bias

on-the-fly becomes crucial. Future research should explore the development of real-time
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bias detection and correction mechanisms that can be integrated into IR systems without
compromising their performance. This includes advancements in machine learning models
that can adapt to new data and evolving biases, ensuring that IR systems remain fair and

equitable as they process information in dynamic environments.

Definition and Scope of Sensitive Attributes

A clear and consistent definition of sensitive attributes is essential for developing effective
bias mitigation strategies in IR systems. Future research should focus on establishing stan-
dardized criteria for what constitutes a sensitive attribute, considering the socio-cultural
context and the potential impact on different user groups. This includes not only tradi-
tional attributes like gender and race but also context-specific attributes that may emerge as
relevant in certain applications. Defining sensitive attributes rigorously will guide the devel-
opment of fairness metrics and the creation of datasets that accurately reflect the diversity

of user identities and experiences.
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