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Abstract—Word embeddings have become core components
in modern natural language processing (NLP) systems, because
they are important tools to represent words as a set of vectors.
However, these representations often reflect and perpetuate
societal biases from the training data, particularly gender bias. To
address this issue, recent research has proposed multi-objective
optimization strategies that aim to mitigate bias while preserving
the semantic integrity of the embeddings. In this study, we
investigate the practical impact of such optimized embeddings
in the context of hate speech detection. This application is one
of the most socially sensitive NLP tasks. We apply embeddings
optimized for fairness and semantic correlation to two benchmark
datasets, training neural classifiers under identical conditions.
Qur results show that bias-reduced and semantically-tuned em-
beddings maintain, and in some cases slightly improve, classifica-
tion performance compared to the original representations. These
findings demonstrate that it is possible to reduce gender bias
in word embeddings without compromising their downstream
effectiveness. This work contributes to the development of fairer
and more reliable NLP systems suitable for deployment in real-
world moderation and decision-making contexts.

Index Terms—Gender bias, word embeddings, multi-objective
optimization, hate speech detection;

I. INTRODUCTION

Artificial intelligence (Al) systems are increasingly present
in automated decision-making, influencing everything from
recommendation mechanisms to critical tasks such as candi-
date selection, financial risk assessment, and content moder-
ation. These systems are often embedded in platforms that
reach millions of users daily, shaping access to information
and opportunities. However, the growing use of language
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models trained on large volumes of online text has revealed
the reproduction and, sometimes, amplification of historical
stereotypes and social inequalities, particularly with regard to
gender bias [6], [10], [11].

Gender bias, in this context, can manifest subtly, such as in
the inappropriate association between professions and gender
identities (e.g., linking “nurse” to women and “engineer”
to men) [15], [7], or explicitly, as in the reinforcement of
misogynistic language and the unequal treatment of female-
coded terms. These associations are especially harmful when
language technologies are applied to high-stakes or sensitive
domains, such as hate speech detection [17], [18], where
they may influence which content is flagged or ignored by
moderation algorithms.

One of the main technical mechanisms through which this
bias is internalized in systems is through linguistic representa-
tions known as word embeddings. These vector models, which
capture semantic relationships between words based on their
co-occurrence in large corpora, also encode the discriminatory
patterns present in the source data [20], [14], [16]. Studies
show that widely used embeddings, such as Word2Vec and
GloVe, associate terms like “engineer” with male figures and
“nurse” with female figures [7], [9]. These biases are not
merely technical artifacts; when propagated into downstream
applications, they risk entrenching discriminatory assumptions
at scale.

Several approaches have been proposed to mitigate bias in
embeddings, including pre-processing techniques, adjustments
in training algorithms, and post-processing methods such as
Hard Debiasing and Linear Projection [8], [7]. However, these
techniques often prioritize only the removal of bias at the
expense of the semantic integrity of the models, potentially
impairing their usefulness in real applications. Moreover,



they do not always consider the trade-offs between fairness
and linguistic expressiveness, limiting their effectiveness in
practice.

In this context, [9] proposed a solution based on multi-
objective optimization, simultaneously optimizing gender fair-
ness and the semantic quality of embeddings. This proposal
represents an important advance as it does not sacrifice the
linguistic effectiveness of the model in the name of equity.
Instead, it explicitly models the tension between bias reduc-
tion and semantic preservation by adopting two conflicting
objectives, generating a Pareto front of optimized embedding
vectors.

In this work, we explore the practical application of embed-
dings optimized by an evolutionary multi-objective search in
a real NLP task: hate speech detection. Our goal is to assess
whether the improvements in fairness promoted by debiasing
methods remain effective in complex and sensitive scenarios
such as this, where the analyzed content often exhibits explicit
or implicit bias against women and other gender minorities
[12], [17], [18]. The analysis includes comparing original
and optimized embeddings in supervised classifiers, aiming to
understand the viability of using these models in real content
moderation applications.

This article is organized as follows: Section II presents
the related works, covering the main approaches to gender
bias mitigation in word embeddings. Section III describes
the methodology used for optimizing the word embeddings,
and training and evaluating the optimized embeddings in hate
speech classification tasks. Section IV details the experiments
conducted and discusses the results obtained in light of the
proposed objectives. Finally, Section V presents the conclu-
sions and directions for future research.

II. RELATED WORKS

The presence of gender biases in language models has been
extensively documented, reflecting historical inequalities em-
bedded in the data used to train these systems. Such biases can
directly affect applications in various areas, such as sentiment
classification, machine translation, and, critically, hate speech
detection. The literature indicates that these distortions not
only reproduce stereotypes, but also intensify them in sensitive
contexts [6], [10].

In the context of word embeddings, the vector representation
of terms based on semantic co-occurrences has proven vul-
nerable to incorporating biased associations, especially when
profession-related words are closer to masculine or feminine
terms [15], [20]. Studies indicate that the problem persists
in both static embeddings, such as GloVe and Word2Vec, and
contextualized embeddings produced by models such as BERT
and T5 [10], [8]. This characteristic is particularly problematic
in automated tasks that require impartiality, such as offensive
content classification, where bias can lead to unfair judgments
[14].

Among mitigation strategies, post-processing methods such
as removal of gender subspaces and orthogonal projections
have been widely explored. The Hard Debiasing method, for

example, neutralizes vectors concerning previously identified
gender directions, although its effectiveness is contested in
some scenarios [15], [8]. Recent advances propose formulating
the bias problem as a multi-objective optimization task, as
a way to balance bias reduction with the semantic preser-
vation of vectors [13]. This approach has proven effective
in maintaining the quality of embeddings while promoting
greater fairness, and was successfully applied in hate speech
classification tasks [12].

The relevance of investigating gender biases in hate speech
contexts stems from the very nature of the phenomenon,
often linked to expressions of misogyny, machismo, and sexist
stereotypes. In this scenario, the use of optimized embeddings
that minimize biased associations can significantly contribute
to fairer and less discriminatory decisions [14], [7].

III. METHODS
A. Datasets

In this study, we employed two datasets to evaluate the
effect of the bias optimization in binary hate speech classifica-
tion models. All datasets were pre-processed to ensure a binary
labeling format, distinguishing only between the presence and
absence of hate speech.

The first dataset is derived from a white supremacist forum
and is known as the Hate Speech Dataset from a White
Supremacy Forum (HSD-WSF). It consists of thousands of
English-language sentences manually annotated as either hate
speech or not. The annotation process involved a custom-built
tool that allowed annotators to consult the broader context of
each sentence before labeling [4]. In our work, we retained
only the binary label indicating the presence or absence
of hate speech, disregarding contextual metadata to ensure
compatibility with the other corpora used.

The second dataset, Automated Hate Speech Detection and
the Problem of Offensive Language (AHSD-POL), introduced
in the study presented in [3], was constructed from tweets
collected using a lexicon of hate speech-related keywords and
later annotated through crowd-sourcing into three categories:
hate speech, offensive language, and neither. For our binary
classification task, we relabeled the data to treat only those
tweets explicitly labeled as hate speech as positive samples,
while combining the remaining categories (“offensive lan-
guage” and “neither”) into a single negative class.

B. Bias and Semantic Evaluation Metrics

To measure the gender bias in word embeddings, we used
the metric proposed by Hort et al. [9], which evaluates the
bias using the Word Embedding Association Test (WEAT).
This method quantifies how unequally words are associated
with male and female concepts by computing the difference
in proximity between each target word and two sets of gender
attribute words. Rather than using similarity scores directly,
we work with cosine distance, which reflects how far apart
two words are in the embedding space.

The cosine distance between two word vectors @ and b is
defined as,
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This cosine distance ranges from O (more related) to 2 (less
related). In most word embedding models, values typically
range from O to 1, and higher distances indicate weaker
semantic associations between words.

To measure the bias of the word embedding, the method cal-
culates the difference between the average distances of a given
word, provided by WEAT, to male-associated and female-
associated terms. The higher this difference, the stronger the
gender asymmetry associated with that word. This process
is repeated across a set of target words, and the resulting
values are added together to yield a total bias score b for the
embedding model.

For example, in a pre-trained GloVe model of 50 dimen-
sions, the word “Harry” had a cosine distance of 0.5406 to
the word “family” and “Elizabeth” had a smaller distance of
0.3976 to the same word. Similarly, “Harry” had a distance of
1.0044 to the word “laundry”, while “Elizabeth” had a distance
of 0.8979. These numbers illustrate that, in the vector space of
this model, “Elizabeth” is more closely associated with family
and domestic tasks than “Harry”. In this way, it is possible to
say that this word embedding suffers from gender bias.

In parallel, to ensure that the semantic quality of embed-
dings is preserved during optimization, we used the Spearman
rank correlation coefficient (p). This metric compares the
ranking of word pair similarities in the embedding space
against human-annotated similarity scores. A high correlation
indicates that the model captures semantic relationships faith-
fully, while a drop in correlation reflects semantic degradation.
It is interpreted as a cost in the optimization process.

C. Multiobjective Optimization

The multiobjective optimization problem can be stated as:

arg ;%ig{ﬁ(f)’ f2(2)} (2)

where & € X' is a solution vector of real numbers with the
same length as the vector of a given word embedding model
. The objective functions, f1(Z) for the bias (b) and fo(Z)
for semantic distortion (1 — p), as presented in the previous
subsection, are evaluated after using # to modify the word
embedding model by multiplying , element by element, by
Z, which generates an adjusted word embedding model Woq4; =
w oZ.

The Non-dominated Sorting Genetic Algorithm II (NSGA-
I) [1] was used to perform the multiobjective optimization.
Solutions are encoded as real-valued vectors and initialized by
adding a noise vector 7 to a unit vector 1. The unit vector
corresponds to not changing the word embedding model.
Crossover and mutation operators are two-point crossover
and noise vector addition, respectively. The noise vectors are
sampled from a uniform distribution U ~ [—0.05, 0.05].

D. Classification with Optimized Embeddings

The tweets were tokenized using the BERT tokenizer,
and embeddings were obtained by concatenating individual
word vectors to create fixed-length representations. A neural
network classifier with the following architecture was trained
for both datasets:

« Input layer (vector size: 50 * 100, max tweet length: 100
words)

« Dense layer (128 neurons, ReL.U activation, dropout: 0.2)

o Dense layer (64 neurons, ReLU activation, dropout: 0.2)

o Output layer (sigmoid for HSD-WSEF, softmax for AHSD-
POL)

The model was trained using the Adam optimizer and binary
loss.

E. Evaluation Metrics

To evaluate the performance of the classifier models trained
with different word embeddings, we adopted a set of perfor-
mance metrics. Relying solely on classification accuracy can
be misleading, particularly in tasks with class imbalance or
nuanced decision boundaries, such as hate speech detection.
Therefore, we incorporated multiple complementary metrics
to ensure a fair and informative comparison across models.
Below, we describe the metrics used:

o Accuracy represents the proportion of correct predictions
among all predictions made. While it provides a general
overview of model performance, it does not distinguish
between the types of errors made, nor does it reflect how
well the model handles minority classes [2].

o Precision measures the proportion of true positive pre-
dictions among all instances predicted as positive. In the
context of hate speech detection, high precision indicates
that the model is conservative in assigning the hate speech
label, minimizing false accusations of harmful content
[5].

o Recall or sensitivity captures the proportion of actual
hate speech instances correctly identified by the model.
A high recall indicates that the model effectively detects
most hateful content, which is essential in applications
where missing such instances can have serious social
consequences [5].

o F1 Score is the harmonic mean of precision and recall. It
provides a balanced measure that penalizes models that
achieve high precision at the cost of low recall, or vice
versa. The F1 score is particularly useful when the dataset
is imbalanced or when both types of classification er-
rors (false positives and false negatives) carry significant
weight [5].

« Area Under the Receiver Operating Characteristic Curve
(AUC) measures the model’s ability to discriminate be-
tween the positive and negative classes across all pos-
sible decision thresholds. It reflects the model’s ranking
quality across all thresholds. Although it is threshold-
independent, AUC can still be affected by class imbal-
ance, especially when one class dominates the distribution



of scores. A higher AUC indicates better overall separa-
bility between the classes [19].

Together, these metrics provide a multi-faceted understand-
ing of model behavior, allowing us to evaluate not only overall
accuracy but also the reliability, robustness, and fairness of
each embedding configuration when applied to hate speech
classification.

IV. RESULTS
A. Bias Optimization

The NSGA-II algorithm was used with the following pa-
rameters: Population size of 50, crossover probability of 0.6,
mutation probability of 0.2, binary tournament selection, and
number of generations of 30.

The Pareto frontier estimated by the NSGA-II, illustrated in
Figure 1, demonstrates an improvement over the original word
embeddings in both evaluated objectives: semantic similarity
and gender bias. All solutions on the frontier provide lower
Spearman cost, reflecting a higher semantic correlation, and
most of them present lower bias when compared to the original
embedding model, represented by the black diamond in Figure
1. This result suggests that multi-objective optimization can
effectively reconcile fairness and performance in embedding
spaces.
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Fig. 1. Pareto frontier.

Notably, the embeddings positioned along the Pareto fron-
tier reveal a trade-off curve: as gender bias is reduced, there
is a gradual increase in semantic distortion, and vice versa.
However, several solutions demonstrate substantial bias miti-
gation with only marginal losses in semantic alignment. This
observation reinforces that bias reduction does not necessarily
entail a compromise in model utility. Among the optimized
candidates, three representative solutions were highlighted: the
one with the lowest bias, the one with the highest semantic
correlation, and a balanced solution minimizing the sum of
normalized objective functions.

B. Task results

To evaluate the practical impact of bias-optimized embed-
dings on real-world tasks, we applied our models to two
benchmark datasets: the Hate Speech Dataset from a White
Supremacy Forum (HSD-WSF) and the Automated Hate
Speech Detection and the Problem of Offensive Language
(AHSD-POL). Each model, based on different embedding
configurations, was trained using the same neural architecture
described in Section III. We evaluated four embedding vari-
ants: the original embedding, the weighted solution from our
multi-objective optimization, the best-performing solution in
terms of semantic correlation (Spearman), and the embedding
with the lowest gender bias.

Tables I and II present the comparative results for the orig-
inal word embedding model and the three optimized versions
across five classification metrics: accuracy, F1 score, AUC,
precision, and recall.

TABLE I
CLASSIFICATION RESULTS ON THE HSD-WSF DATASET (WHITE
SUPREMACY FORUM).

Embedding Accuracy | F1 Score AUC Precision | Recall

Original 0.9288 0.1018 0.6431 0.1942 0.0690

Weighted 0.9260 0.1241 0.6293 0.2016 0.0897

Best Spearman 0.9288 0.1108 0.6227 0.2056 0.0759

Best Bias 0.9290 0.1373 0.6334 0.2373 0.0966
TABLE II

CLASSIFICATION RESULTS ON THE AHSD-POL DATASET (ANNOTATED
TWITTER POSTS).

Embedding Accuracy | F1 Score AUC Precision | Recall
Original 0.8596 0.3563 0.7976 0.4344 0.3020
Weighted 0.8599 0.3298 0.7813 0.4292 0.2678
Best Spearman 0.8398 0.3389 0.7875 0.3613 0.3191
Best Bias 0.8405 0.3192 0.7847 0.3542 0.2906

The results reveal key insights about the effect of embedding
optimization. In both datasets, the models using bias-optimized
or semantically-tuned embeddings perform comparably to the
original embedding in terms of classification accuracy. In
some cases, such as the Best Bias embedding on HSD-
WSEF, the alternative embeddings even outperform the original
model in precision and F1 score. These numbers indicate a
better balance between correctly identifying hate speech and
avoiding false positives.

Importantly, the differences in performance across the four
embedding variants are minor in magnitude and consistent
across metrics. While there are some small trade-offs in AUC
or recall, none of the optimized embeddings lead to significant
degradation in the model’s ability to detect hate speech.

From a broader perspective, these findings suggest that
multi-objective optimization of word embeddings, aimed at
reducing bias while preserving semantic quality, may not
necessarily hinder classification performance. On the contrary,
embeddings optimized for fairness and semantic correlation
appear to maintain, and in some cases slightly improve, task
effectiveness when compared to the original vectors.



This suggests that it is possible to reduce social bias in word
representations without sacrificing task effectiveness. Such a
result is especially relevant for deploying language models in
sensitive domains, where ethical considerations are paramount.
It also reinforces the value of integrating fairness objectives
directly into the embedding learning or transformation process,
rather than treating them as post hoc concerns.

V. CONCLUSION

This study investigated whether multi-objective optimiza-
tion of word embeddings, targeting both gender fairness
and semantic preservation, compromises performance in hate
speech detection tasks. We applied embedding transformations
in Word2Vec to handle with two datasets, HSD-WSF (white
supremacist forum) and AHSD-POL (annotated Twitter cor-
pus). We evaluated them using a consistent neural classifier
architecture.

The results showed that embeddings optimized to reduce
gender bias or maximize semantic correlation achieved clas-
sification performance largely on par with, or slightly better
than, the original embeddings. In the HSD-WSF dataset, the
bias-optimized embedding produced improvements in both F1
score and precision, while maintaining the highest accuracy
across models. In the AHSD-POL dataset, although there was
a slight decrease in F1 and recall compared to the baseline,
the performance drop was minimal and did not affect overall
classification effectiveness.

These findings indicate that the multi-objective debiasing
process can mitigate gender bias. In practical terms, this
demonstrates that fairness-aware representation learning can
coexist with task efficacy, countering the belief that reducing
bias necessarily entails a loss in utility.

Future research should explore scalability across more di-
verse languages, embedding types, and downstream tasks. In
addition, user-centered evaluation and real-world deployment
studies would help quantify the societal impact of these
fairness-preserving models in active moderation environments.

Although this study focused on gender bias, future work
should explore intersectional and race/ethnicity-related biases,
using suitable target sets already available in the literature.
Moreover, adding explainability elements, user-centered case
studies (e.g., with human moderators), and experiments in-
volving contextual embeddings (e.g., BERT, RoBERTa) can
improve applicability. We also aim to make the preprocessing
code and optimization seeds publicly available to ensure full
reproducibility of results.
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