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Abstract

Achieving linguistic inclusivity in artificial intelligence systems cannot be accomplished by
technological advancements alone. This paper underscores the necessity of a multidisciplinary
and collaborative approach involving linguists, sociologists, software developers, and policy-
makers to ensure that Al-driven language technologies are not only technically robust but also
culturally sensitive and ethically sound. Equally crucial is the active engagement of end-users
in the design and implementation of inclusive Al systems, fostering a sense of empowerment
rather than imposition.

Promoting inclusive language through Al is therefore not merely a technical endeavor, but a
shared social responsibility. Language that reflects and respects human diversity enhances com-
munication and contributes to a more just and equitable society. The future of Al in the domain
of language will depend on our collective capacity to design systems that are transparent, ac-
countable, and responsive to the evolving needs of a pluralistic global community.

1 Introduction

Artificial Intelligence (AI) has transformed the way we interact with technology, including how
we teach, learn, and process language, by enabling systems to learn, reason, and autonomously
generate linguistic content (cf. Alaqlobi et al. 2024). However, these advancements also raise
critical challenges related to fairness and inclusivity, as Al algorithms can inadvertently absorb
and amplify gender biases embedded in training data, ultimately shaping communication in
ways that mirror cultural and social stereotypes (cf. Gliven et al. 2025).

From various research perspectives, studies unequivocally demonstrate that gender bias is pre-
sent in Al datasets in general, and more specifically in training datasets used for Large Lan-
guage Models (cf. Lu et al. 2020). These models are trained on vast amounts of data sourced
from the Internet, which may contain discriminatory opinions (cf. UNESCO, IRCAI 2024).

The presence of gender-related stereotypes, often with a pejorative connotation towards
women, is linguistically evident in grammatical asymmetries, which also manifest as semantic
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disparities. As Cecilia Robustelli (2000) recalls, as early as the second half of the 19th century,
Tennessee Claflin (1871) identified the phenomenon of semantic asymmetry through an anal-
ysis of the semantic field of honor: courtesan vs. courtier, free man vs. free woman. In the mid-
1970s, Muriel Schulz (1975) defined this linguistic phenomenon as the “semantic derogation
of women”, referring to the shift in meaning that occurs when a masculine morphological form
is transformed into its feminine counterpart. This linguistic phenomenon is widespread across
multiple languages and was identified in Italian in the pioneering work of Sabatini/Mariani
(1987).

Gender asymmetries in grammatical usage reinforce stereotypes by either attributing negative
connotations to women and non-binary persons or by including them under the generic mascu-
line, rendering them invisible (cf. Sczesny/Formanowicz/Moser, 2016). From a linguistic per-
spective, in languages such as Italian (cf. Vellutino 2018), where gender inflection is a defining
typological feature based on the male/female binary opposition, it is crucial to promote lan-
guage learning practices that counteract the dominance of masculine grammatical forms, which
otherwise risk erasing women and non-binary individuals (cf. Thornton 2022).

Therefore, the use of linguistic datasets and metadata developed through approaches aimed at
neutralizing gender bias and enhancing female and non-binary visibility is essential, particu-
larly in relation to text type and communicative interaction in supervised learning. Al thus has
the potential to be part of the solution in advancing gender equality within our societies.

To address this issue, the Human-Centered Artificial Intelligence (HCAI) paradigm advocates
for an approach that places human well-being at the core of technological development. The
goal is to design intelligent systems that are not only reliable and transparent but also promote
ethical and inclusive language use (cf. Schmager/Pappas/Vassilakopoulou, 2025).

This work offers a critical synthesis of Al techniques for addressing gender bias in language,
focusing on the intersection of linguistic theory and computational practice. Through an HCAI
perspective, it reviews methods such as embedding analysis, co-occurrence metrics, and con-
textual models, highlighting debiasing strategies designed to foster fairness and inclusivity in
Natural Language Processing (NLP). The contribution lies in proposing an interdisciplinary
framework that connects technical solutions with ethical and cultural considerations.

2 Human-centered Artificial Intelligence

The concept of Al is intricate and multidimensional, encompassing a broad spectrum of forms
and applications. Consequently, its definition remains intricate and subject to varying interpre-
tations, to the extent that no universally accepted definition of the term exists (cf. Russell/
Norvig, 2016).

In general terms, Al can be described as the capability of an artificial system to perform tasks
that traditionally require human intelligence. These tasks include learning, reasoning, problem-
solving, perception, and, in some cases, creativity (cf. Shabbir/Anwer 2018).

A distinguishing feature of Al is its ability to autonomously learn from data: through training
processes on large datasets, Al systems progressively enhance their performance, thereby re-
ducing the need for direct human intervention. However, this very capacity for learning carries
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with it a significant challenge: the algorithms, when trained on datasets that may contain im-
plicit biases or distortions, risk the internalization and perpetuation of cultural, social, or gen-
der-related prejudices (cf. Fournier-Tombs, Castets-Renard 2021). Consequently, the study of
Artificial Intelligence cannot be disentangled from broader ethical considerations and the prin-
ciples of transparency, to promote a responsible and inclusive use of these technologies.

The paradigm of Human-Centered Artificial Intelligence emerges within this framework.
Shneiderman (2020) proposes that HCAI aims to augment and enhance human capabilities,
ensuring that Al systems become more reliable, secure, and trustworthy. This approach entails
a shift in perspective: the conception of Al as a substitute for human intelligence is replaced by
the notion of it being a complement to, and a tool designed to support and amplify, human
cognitive abilities. In this regard, it is imperative for Al to not only enhance its own performance
but also to do so with greater consideration for the human and social context in which it oper-
ates. Adopting a human-centered approach has the potential to engender greater trust in Al
technologies, rendering them more comprehensible and accessible to a broader range of users.
This paradigm thus promotes continuous and transparent collaboration between humans and
machines; wherein human intervention remains an essential element in the decision-making
process.

Considering these considerations, Shneiderman (2020) introduces the concept of the “Second
Copernican Revolution”, a paradigm that redefines the relationship between humans and tech-
nology. To comprehend the magnitude of this transformation, it is instructive to recall the First
Copernican Revolution, which occurred in the 16th century with the geocentric conception of
the universe being overturned by Nicolaus Copernicus, thus demonstrating that the Earth did
not occupy a central position but instead revolved around the Sun. This paradigm shift, far from
being merely a scientific breakthrough, precipitated a profound cultural and philosophical trans-
formation, redefining humanity’s place in the cosmos.

In a similar vein, the Second Copernican Revolution proposed by Shneiderman (2020) posits a
radical transformation in the interaction between humans and technology. While the primary
objective of Al development has historically been the creation of autonomous systems capable
of operating without human intervention, such as industrial robots or automated decision-mak-
ing algorithms, this novel perspective restores human beings to the center of the technological
system.

The transition from the “human in-the-loop” approach to the “Al in-the-loop” model marks a
pivotal shift in the field. The former model relegated human involvement to a marginal role in
autonomous systems’ decision-making processes, whereas the latter integrates Al within hu-
man decision-making without, however, granting it ultimate authority over choices. In this new
scenario, Artificial Intelligence serves as a tool to enhance human decision-making and analy-
tical capabilities, rather than replace human critical judgment.

The shift from “human-in-the-loop” to “Al-in-the-loop” models redefines the balance between
human and machine roles in collaborative systems. While the former centers human expertise
in training and oversight, the latter embeds Al into decision-making workflows as a supportive
tool, enhancing but not replacing human judgment (cf. Natarajan et al. 2025). This transition
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reflects a move from automation to collaboration, with implications for bias, accountability,
and ethical responsibility in sensitive domains.

Consequently, the concept of HCALI is not merely concerned with improving the efficiency of
intelligent technologies but rather with promoting a more conscious and responsible use of Al,
ensuring a synergistic interaction between humans and machines.

2.1 Principles of HCAI

As previously outlined, the design of HCAI extends beyond the development of advanced tech-
nologies to include the creation of systems that place human values, needs, and experiences at
the core of development. This approach is grounded in a structured set of principles, ranging
from ethical foundations to emotional intelligence, that ensure Al systems are inclusive, trust-
worthy, and aligned with societal expectations (cf. Pyae 2025).

Among these, the most relevant are:

* Empathy: An Al system must be capable of recognizing and responding to users’ emotions,
facilitating smoother and more natural interactions while improving usability, trust, and in-
clusivity. Although machines cannot experience emotions, they should be able to identify
users’ emotional states through the analysis of written and spoken language, as well as the
recognition of facial expressions and micro expressions. Subsequently, the system must
contextualize the detected emotion and generate an appropriate response that allows the
user to feel understood and supported, for example, by modulating language tone or incor-
porating reassuring elements (cf. Zhu/Luo 2023; Cao et al. 2021).

* Inclusivity: Al technology design must account for human diversity in terms of gender,
ethnicity, culture, age, and ability to ensure that Al serves as an accessible and beneficial
tool for all. However, inclusivity is often undermined by multiple sources of bias, which go
beyond training data alone. These include bias in data collection, annotation, model design,
and even in evaluation practices (cf. Hovy/ Prabhumoye. 2021). To mitigate such risks and
ensure a fair distribution of Al benefits, it is crucial to involve representatives of diverse
social groups throughout the entire design and development process (cf. Anderson et al.
2024).

* User-Centered Orientation: The development process of Al technologies must be guided
by the needs, experiences, and values of end users. People should not be considered mere
recipients of technology but rather active participants in its design. The objective is not only
to create more powerful or faster Al but to develop systems that enhance quality of life,
support decision-making processes, and are intuitive and accessible. An Al system that dis-
regards user needs is bound to fail, regardless of its technical sophistication (cf. Usmani/
Happonen/Watada 2023).

« Explainability: The ability to make Al decision-making processes comprehensible is es-
sential for fostering trust and ensuring informed use (cf. Ferrario/Loi 2022). Complex Al
models, such as deep neural networks, are often perceived as “black boxes”. Explainability
is particularly crucial in fields where Al decisions have a direct impact on people’s lives,
such as healthcare or the judiciary. Key elements of this principle include the development
of interpretable models, the provision of explanations tailored to users’ expertise levels, and
compliance with transparency regulations (cf. Lisboa et al. 2023).
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* Transparency and Trust: These two elements represent fundamental pillars for the safe
adoption of Al technologies. Transparency entails understanding how Al systems function,
what data they use, and which algorithms and logics they follow, while trust refers to users’
confidence that Al systems are reliable, fair, secure, and under human control (cf. Schmidt/
Biessmann/Teubner 2020).

» Data Privacy. The protection and ethical management of personal data are central aspects
of human-centered Al. As discussed by Martin/Zimmermann (2024), Al technologies chal-
lenge traditional privacy frameworks by automating data collection and processing, often
making it harder for individuals to assess risks and retain control over their information.
Ensuring informed consent and transparent data handling is thus essential to maintaining
user trust and regulatory compliance.

* Ethical Considerations: Al must be developed with ethical awareness, ensuring respect
for human rights and dignity while actively countering biases in data and algorithms. Since
Al systems reflect historical and social distortions, continuous oversight is essential to pro-
mote fairness and support inclusive, responsible technological interactions. As Safdar/
Banja/Meltzer (2020) highlight, algorithmic decisions are shaped by the data and values
embedded in their design, making neutrality a misconception. Ensuring fairness, transpar-
ency, and accountability is not optional but essential to prevent harm and build technologies
that reflect social responsibility and moral integrity.

3 Al strategies for gender-fair tasks

This section aims to present various Al techniques that can be employed to detect gender bias
in texts, as well as different approaches to making language more gender inclusive. NLP plays
a crucial role in analyzing large volumes of text to identify linguistic patterns that contribute to
gender bias. It is a subfield of artificial intelligence focused on enabling interaction between
humans and computers through natural language, to develop algorithms that can understand,
analyze, and generate human language (cf. Dande/Pund, 2023). Through this, it is possible to
examine how language is used and to detect patterns that implicitly or explicitly discriminate
based on gender.

But how does Al identify linguistic patterns that perpetuate gender bias? As Stanczak/Augen-
stein (2021) highlight, gender bias in language can emerge at both structural and contextual
levels. Structural bias occurs when sentence constructions reflect stereotyped gender patterns,
such as defaulting to masculine interpretations of neutral terms or explicitly marking gender. In
contrast, contextual bias arises from lexical choices, tone, or framing, and requires background
knowledge and interpretation to be identified. Detecting such bias is complex, as it involves
both linguistic and extra-linguistic cues.

By analyzing the context in which a word is used, Al can detect implicit gender stereotypes
encoded in language use, for example, it may find that words like nurse or receptionist are more
closely aligned with female subjects, while words like architect or warrior align more with
male subject, reflecting and reinforcing societal biases (cf. Bolukbasi et al. 2016). These pat-
terns emerge from data because the language we use is deeply influenced by social norms and
traditional gender roles.
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Through the analysis of these patterns, Al can identify whether systematic trends reflecting
gender bias exist, enabling informed actions to mitigate them.

The following subsection explores the main techniques utilized, including:

* Word Embedding Association Test;
» Co-occurrence Analysis;
» Contextual Models.

3.1 Word Embedding Association Test (WEAT)

The Word Embedding Association Test (WEAT) is a powerful method, designed to quantify
and measure implicit biases present in word embeddings, numerical vectors that represent the
semantic meanings of words in Al models (cf. Caliskan/Bryson/Narayanan 2017).

To fully understand how WEAT functions, it is essential to grasp the concept of word embed-
dings. When training Al models for NLP, words are transformed into numerical vectors within
a multidimensional space, where words with similar meanings are positioned closer together
(cf. Almeida/Xexéo 2019). WEAT helps measure the strength with which certain words, for
example those related to gender or ethnicity, are associated with stereotypical concepts (cf. Du/
Wu/Lan 2019; Van Loon et al. 2022).

Consider two sets of words representing gender, such as man, father, and he for the male cate-
gory, and woman, mother, and she for the female category. WEAT examines whether implicit
associations exist between these groups. These gendered words are then compared with two
sets of neutral words representing concepts or professions, such as scientist, engineer, nurse,
and assistant. Subsequently, the semantic distance between the words is measured, indicating
how close or far the word vectors of the reference groups are from the attribute groups. This
comparison reveals whether implicit associations exist between specific concepts and a partic-
ular gender. Finally, WEAT generates an association score, which indicates the strength of the
relationship between the target words (e. g., gender-related terms) and attribute words (e. g.,
personal traits, professions, etc.). This score provides a quantitative measure of bias, enabling
researchers to identify and understand underlying stereotypes embedded within language mod-
els.

3.2 Co-occurrence analysis

The co-occurrence analysis technique examines how words appear together within a given text
or dataset. By analyzing these associations, it is possible to uncover hidden patterns that reflect
biases embedded in language. In the context of Al, this technique is particularly useful for ex-
ploring how words related to certain concepts tend to co-occur, revealing implicit stereotypes
and cultural norms (cf. Sedighi 2016).

But how does this approach work? First, a large corpus of texts is required. This dataset can
consist of newspaper articles, social media posts, academic papers, or other written sources that
reflect societal language use. Once the corpus is compiled, the next step is to calculate how
frequently certain words appear together. This analysis can be conducted at different levels,
such as within a sentence, a paragraph, or an entire document, depending on the research ob-
jective.
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After collecting co-occurrence data, the strength of the association between words can be meas-
ured using statistical metrics such as association scores or the chi-square test. These metrics
help determine how strong and significant the connections between words are. For example,
co-occurrence analysis might reveal that words like leader or executive frequently appear with
male pronouns, while words like assistant or caregiver are more commonly associated with
female pronouns. Such patterns reflect societal stereotypes and can contribute to reinforcing
gender biases in language.

One of the primary advantages of co-occurrence analysis is its simplicity. It effectively identi-
fies repetitive word associations without requiring complex linguistic models, making it a quick
and efficient method for revealing hidden linguistic patterns. However, it has an inability to
account for the context in which words appear. Two words may co-occur in the same text, but
their meanings can vary significantly depending on the context. For example, the word pair
doctor and she might appear in a sentence discussing gender stereotypes rather than reflecting
an actual societal association.

3.3 Contextual models

In language, the meaning of a word is heavily dependent on its context, the other words that
accompany it. For example, the word “bank” can mean a financial institution or the side of a
river. The correct interpretation can only be determined by examining the surrounding words.
Contextual models help Al understand these nuances, significantly enhancing its ability to in-
terpret human language (cf. Naseem et al. 2021).

To understand how contextual models function, it is essential to examine their architecture and
information-processing methods. One of the most influential models in this field is BERT (Bi-
directional Encoder Representations from Transformers, cf. Gardazi et al. 2025). Unlike earlier
models that processed words sequentially, BERT and similar models, such as GPT (Generative
Pre-trained Transformer) (cf. Topal/Bas/van Heerden 2021), analyze an entire sentence or par-
agraph simultaneously, considering each word about all the others.

For example, if BERT encounters the sentence: The bank is located along the river, it uses the
context of river to understand that bank refers to the riverbank rather than a financial institution.
This bidirectional approach enables a much richer and more accurate understanding of language
compared to traditional models, which would have interpreted each word separately without
considering its broader meaning.

A key feature of contextual models is their ability to learn from both directions of a sentence,
capturing long-term dependencies between words. This means that BERT can interpret both the
preceding and following context of a word, leading to a more comprehensive understanding of
the language. For instance, in the sentence She went to the bank to watch the boats sail by, the
model can use the phrase boats sail to accurately infer that bank refers to a riverside location,
not a financial institution.

This bidirectional processing is powered by Transformers (cf. Lin et al. 2022), a neural network
architecture that allows the model to focus on different parts of the input simultaneously. Trans-
formers use a mechanism called self-attention, which enables the model to weigh the
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importance of each word relative to others in the sentence. This results in a dynamic represen-
tation of words, influenced by the complete context in which they appear.

3.4  Debiasing

At this point, let us introduce a set of techniques known as Debiasing (cf. Meade/Poole-Dayan/
Reddy 2021). Debiasing refers to the process of removing biases from artificial intelligence
models, particularly linguistic ones. It aims to correct models that reflect gender stereotypes or
other forms of bias present in training data (cf. Sokolova et al. 2024).

Why is debiasing so crucial in our case? The answer is simple: without debiasing, Al models
risk perpetuating and amplifying existing inequalities.

Several debiasing techniques have been developed to render texts fair and gender-inclusive,
including:

» Neutralization and Equalization

* Fine-tuning on balanced data

* Sequence-to-sequence debiasing

* Data augmentation for debiasing

 Bias attenuation through attention mechanisms

3.4.1 Neutralization and equalization

To address gender bias in language models, two complementary debiasing techniques are com-
monly employed: neutralization and equalization. Both approaches operate on word embed-
dings, but they target different aspects of biased associations.

Neutralization focuses on removing unintended gender associations from words that should be
inherently gender neutral. For instance, terms such as doctor, scientist, or leader should not
carry implicit gendered meanings. However, due to historical and societal biases embedded in
training corpora, such terms are often disproportionately associated with male pronouns or char-
acteristics. The neutralization process aims to project these words away from the “gender di-
rection” in the embedding space, thereby eliminating or minimizing their alignment with male
or female features. The result is a set of word vectors that are more gender-neutral, helping to
reduce the reinforcement of stereotypes in downstream tasks.

Equalization, on the other hand, seeks to ensure that word pairs representing opposing genders,
such as man and woman or father and mother, are treated symmetrically. This technique is
applied when such pairs should be semantically equivalent but are unequally represented in the
training data. Equalization adjusts their embeddings to reflect an equal relationship, aligning
their associations with traits and concepts in a balanced manner. For example, if the word man
1s more closely associated with strong, intelligent, or rational while woman is linked to emo-
tional or weak, the model risks perpetuating harmful stereotypes.

Equalization intervenes by modifying the vectors to balance these associations, ensuring that
both terms are represented equitably in the model’s output.
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3.4.2 Fine-tuning

Fine-tuning refers to the process of further optimizing a pre-trained model, often to improve its
performance on specific tasks or to adapt it to a new domain (cf. Zhang/Li/Liu 2024). An es-
sential consideration when discussing fine-tuning is the quality and balance of the data used in
this phase. Why is it so important to work with balanced data during fine-tuning? Al models
learn to make decisions and predictions based on patterns found in the training data. If the data
is unbalanced, the model tends to favor the more represented classes or categories, neglecting
those that are less present.

Fine-tuning on balanced data begins with identifying and gathering a more representative da-
taset. This means ensuring that all relevant classes, categories, or groups are equally represented
in the data used for training and fine-tuning.

Once the balanced dataset is created, fine-tuning can proceed. The model, which was previously
trained on a large corpus of data, is now fine-tuned using this new, balanced dataset. This phase
is crucial to improving the model’s accuracy in specific contexts and reducing any biases that
may have emerged during the initial training phase.

Models like BERT are trained on vast amounts of textual data from sources such as articles,
books, or social media posts. However, even these datasets can be biased, reflecting social,
cultural, or gender biases. For example, if a linguistic model is primarily trained on texts written
by male authors, it may learn to favor certain expressions or linguistic styles that reflect a male
perspective, ignoring or undervaluing other viewpoints. Fine-tuning on a more balanced da-
taset, which includes texts written by a broader range of authors, ensures that the model can
respond more impartially and inclusively, treating different perspectives with equal importance.

Fine-tuning on balanced datasets offers several crucial advantages for enhancing the quality
and fairness of Al models. First, it helps mitigate implicit bias by ensuring equal representation
across all classes or categories, an essential requirement for applications in sensitive domains
like healthcare, education, and the justice system.

Additionally, balanced fine-tuning improves the model’s ability to generalize to unseen data.
When no class is overrepresented, the model is more likely to perform reliably across diverse
scenarios and user groups, thereby reducing the risk of biased or inaccurate predictions.

3.4.3 Data Augmentation

“Data Augmentation” refers to the technique of expanding the training dataset by generating
new examples from existing data (cf. Maharana/Mondal/Nemade 2022). This approach is par-
ticularly valuable in debiasing, as it allows for balancing the classes and categories within the
data, correcting implicit biases. Data augmentation is especially useful in domains where Al
models need to make accurate predictions based on patterns identified in data, as it mitigates
biases or imbalances by increasing the diversity and representativeness of the data, thereby
improving the model’s performance and impartiality.

Consider an Al model used for text classification or generation. If the model were trained on
data where technical occupations are predominantly associated with men, we could generate
new examples where the same occupations are associated with women. For example,
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transforming a sentence like He is an engineer into She is an engineer would balance the
gender representation within the dataset. This process helps the model learn to treat men and
women equally in its outputs. The benefits of this technique include balancing classes, increas-
ing data diversity, and improving model accuracy.

3.4.4 Sequence-to-Sequence

Sequence-to-Sequence (Seq2Seq) Debiasing is a specialized technique applied to sequence-to-
sequence models, which are commonly used in natural language processing tasks such as ma-
chine translation, chatbots, and text generation (cf. Neubig 2017). These models function by
taking a sequence of inputs and generating a corresponding sequence of outputs. They typically
employ an encoder-decoder architecture, where the encoder processes the input (which can be
a sentence or a sequence of words) and converts it into an internal, vector-based representation.
This representation is then passed to the decoder, which generates the desired output sequence.

For instance, in machine translation, a sequence of words in one language is converted into a
cor-responding sequence in another language (cf. Wang et al. 2022). However, even in these
models, implicit biases in the training data may reflect social biases, such as gender stereotypes.
Bias in these models poses a significant issue. In machine translation, gender-neutral pronouns
in source languages, like English, may be translated into gendered pronouns in languages such
as Spanish or French, depending on the associations the model has learned. If the training data
contains more references to men in professional roles than to women, the model is likely to
generate male pronouns, even when the context does not specify gender.

Seq2Seq Debiasing aims to address these biases by implementing a set of strategies to ensure
that the model produces more equitable and inclusive results.

These strategies include:

» Correcting the training data: Balancing the training data so that job roles, character traits,
and pronouns are more equally represented across genders. This ensures that the model
learns from data that reflects greater gender equality.

* Modifying the model structure: In some cases, the internal representations of the Seq2Seq
algorithm can be adjusted to neutralize tendencies, such as the propensity to generate mas-
culine pronouns when gender is not explicitly indicated in the input.

* Re-evaluating output sequences: After generating an output sequence, filters or control al-
gorithms can be applied to ensure that the results are free from gender bias. This final step
allows real-time monitoring of the generated text to correct any biases produced by the
model.

4 Bias Mitigation through Attention Mechanisms

The final technique we will discuss is bias mitigation through attention mechanisms. In re-
cent years, attention mechanisms have revolutionized the field of NLP and neural networks by
enhancing the ability of models to focus on the relevant parts of an input sequence. These mech-
anisms have not only improved model performance but have also emerged as powerful tools
for mitigating bias.
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Before delving into bias mitigation, it’s important to understand how attention mechanisms
work. Attention mechanisms are key components in deep learning models such as the Trans-
former architecture, which underpins advanced models like BERT. These mechanisms allow
the model to “focus” on specific parts of the input when generating an output sequence. Rather
than treating each word or element of the input equally, the model can prioritize certain words
or phrases that are most relevant to the task (cf. Vaswani et al. 2017). For example, in machine
translation, attention mechanisms help the model identify which words in the source sentence
are most important for accurately translating each word into the target language. This technique
has been shown to be highly effective in improving the quality of translations and the model’s
understanding of linguistic context. However, the true potential of attention mechanisms lies in
their ability to mitigate bias. Due to their adaptive nature, these mechanisms can be leveraged
to identify and correct biased patterns in the training data, allowing the model to focus on more
neutral or equitable information. Bias mitigation through attention mechanisms occurs by al-
tering how the model assigns attention to different parts of the input sequence. Since attention
mechanisms enable the model to focus on specific elements, we can control which parts of the
text receive attention, thus diminishing the weight of information that reinforces biases and
stereotypes. One way to implement bias mitigation is by adjusting attention weights. If the
model tends to focus more on terms that perpetuate gender stereotypes, we can reduce the at-
tention given to these terms and increase the focus on more neutral elements. This approach
allows the model to make predictions or generate responses that are less influenced by implicit
biases in the data.

5 Conclusion

Artificial Intelligence is rapidly transforming the way we interact with language, providing in-
creasingly sophisticated tools for text processing and generation. However, this progress comes
with challenges, particularly in preventing the reinforcement and amplification of gender biases
embedded in training data. The primary goal is not just to make Al more efficient but to ensure
that it operates ethically, fostering fairness and inclusivity in language.

Through the analysis of various methodologies, such as the Word Embedding Association Test,
co-occurrence analysis, and contextual models, it has become evident that Al can serve as a
powerful tool for detecting and quantifying biases in text. At the same time, debiasing tech-
niques, including neutralization and equalization of semantic vectors, fine-tuning on balanced
data, and the use of attention mechanisms, show that it is possible to mitigate these distortions
and promote a more equitable linguistic landscape.

Yet, it is essential to move beyond optimistic narratives. Saying that eliminating bias is complex
is not enough: research has shown that many debiasing methods offer only partial mitigation
and may obscure rather than resolve underlying structural issues.

Crucially, Al alone cannot ensure linguistic inclusivity. Technological solutions must be ac-
companied by the active engagement of linguists, sociologists, developers, and policymakers,
to ensure that models are not only technically sound but also culturally and ethically robust.
Moreover, user involvement in the design and deployment of inclusive Al systems is essential
to foster trust and to align these tools with real-world expectations and values.
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Ultimately, building a more inclusive language through Al is not just a technical undertaking —
it is a social and ethical responsibility. A linguistic system that reflects and values diversity
enhances communication and actively contributes to a more just society. The future of Al in
language depends on our collective ability to design systems that are transparent, accountable,
and responsive to the evolving needs of a pluralistic world (cf. Gonen/Goldberg 2019).

It is crucial to recognize that Al alone cannot resolve the challenge of linguistic inclusivity.
Techno-logical solutions must be supported by the intentional and collaborative efforts of lin-
guists, sociologists, developers, and policymakers to ensure that innovations are not only tech-
nically sophisticated but also culturally and ethically sound. Equally vital is the active partici-
pation of users in the design and adoption of inclusive Al systems, so that these technologies
are perceived as empowering tools rather than externally imposed constraints.

Ultimately, promoting inclusive language through Al is not solely a technical task — it is a
shared social responsibility. Language that embraces and represents diversity not only enhances
communication but also fosters a more just and equitable society. The future of Al in the realm
of language will depend on our collective capacity to build systems that are transparent, ac-
countable, and responsive to the needs of a continually evolving world.
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