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Abstract

This paper presents a vision for creating Al systems that are
inclusive at every stage of development, from data collection
to model design and evaluation. We address key limitations
in the current Al pipeline and its WEIRD' representation,
such as lack of data diversity, biases in model performance,
and narrow evaluation metrics. We also focus on the need for
diverse representation among the developers of these systems,
as well as incentives that are not skewed toward certain groups.
We highlight opportunities to develop Al systems that are for
everyone (with diverse stakeholders in mind), with everyone
(inclusive of diverse data and annotators), and by everyone
(designed and developed by a globally diverse workforce).

1 Introduction

Al, and especially Large Language and Multimodal Models
(LLMs and LMMs), have taken the world by storm, and yet
much of the world is not represented in the data, models,
and evaluations used in their development (Hershcovich et al.
2022; Moayeri, Tabassi, and Feizi 2024; Nayak et al. 2024).
This lack of representation has two major implications. First,
it can lead to numerous mistakes, misconceptions, and even
harms, which can propagate to the growing number of appli-
cations powered by these models, and can limit the ability of
Al systems to effectively serve diverse groups and contexts.

Second, as anthropologists have pointed out, our success as
a human species is not as much due to our intelligence, as it is
to our “collective cultural brains” that allow us to learn from
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'WEIRD, an acronym coined by (Henrich, Heine, and Noren-
zayan 2010) to highlight the coverage limitations of many psycho-
logical studies, refers to populations that are Western, Educated,
Industrialized, Rich, and Democratic. While we do not fully adopt
this term for Al as its current scope does not perfectly align with
the WEIRD dimensions, we believe that today’s Al has a similarly
“weird” coverage, particularly in terms of who is involved in its
development and who benefits from it.
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Figure 1: Desiderata and areas of research to expand the reach and
impact of Al to everyone.

one another over generations and across cultures (Henrich
2015). Cultural evolution has led to many innovations and
entire bodies of knowledge — a form of collective intelligence
that explains our species’ uniqueness and success.

With the rapid growth of Al, we are now facing an evolu-
tion dilemma. On one side, we have our “recipe for success”
learned over tens of thousands of years, where our collective
cultural brains lead to innovation and evolution. On the other
side, we have these very large Al models which, despite en-
compassing enormous bodies of information, act as a single
“super-human” that homogenizes and erases entire bodies of
cultural knowledge (Schwobel et al. 2023; McVeety 2024;
Byrd 2023; Perez et al. 2024; Naous et al. 2024).

The goal of this paper is to present a vision for addressing
limitations throughout the entire Al pipeline, including data,
models, and evaluations, as well as the people driving this
process and the incentives that shape its development. The
aim is to ensure that these Al systems are: (1) For Everyone:
Al systems that represent everyone (§1), with models with
even performance across groups (§3.2), inclusive evaluation
metrics (§4.1) and culturally diverse benchmarks (§4.2), and
incentives that promote inclusive Al and balance profits and
social impact (§5); (2) With Everyone: relying on diverse



data sources (§2.1), diverse annotators and inclusive annota-
tion standards (§2.2); (3) By Everyone: model designs that
are unbiased (§3.1), built by a diverse group of developers
and leading to applications grounded in real-life (§6).

We assembled a team of authors with broad expertise in
the field of Al, who through their current or native countries,
bring insights from twelve different cultures (China, Ger-
many, India, Mexico, Nigeria, Romania, Rwanda, Singapore,
Switzerland, United Arab Emirates, United States, Uruguay).

2 Representation in Al

Just as it is critical to see ourselves represented in our commu-
nities, we also strive for representation in the Al systems we
use. Yet, current models often fail to grasp the characteristics
of different cultures, either because they lack this cultural
knowledge or because they fail to recognize when and where
to apply it. To further complicate this, the definition of “cul-
ture” encompasses many aspects, along multiple semantic
and demographic axes (Thompson, Roberts, and Lupyan
2020; Adilazuarda et al. 2024), including among others so-
cial norms (e.g., gift giving), beliefs and habits (e.g., daily
routines), artistic taste (e.g., traditional music), or subjective
perceptions (e.g., emotional connotations). Further, the narra-
tives produced by these models are frequently seen through
an outsider’s lens, missing the essential culture-centric per-
spectives that give depth and authenticity, as illustrated in the
vignette in Figure 2.

N

Petru is an 11-year-old boy living in his home country
of Romania, at the age when he looks for role models to
emulate. He asks an Al system for examples of male role
models, and the reply comes back confidently: Nicolae
Ceaugsescu, with the justification that “he played a sig-
nificant role in the Romanian history [...] and his regime
had a lasting impact.” This answer misleads Petru to
believe that a dictator who was one of the darkest figures
in Romanian history should be a model to follow.
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Figure 2: Outsider perspectives on the history and culture of groups
not represented in Al models often conflict with the insider perspec-
tives and can be misleading.

Lack of Cultural Knowledge. The majority of resources
used in the development of Al models often consider only
general knowledge and disregard the cultural aspect (Shen
et al. 2024). This knowledge permeates the entire Al pipeline,
from data distribution and annotation (§2), to model devel-
opment and alignment (§3), to evaluation metrics and bench-
marks (§4). Lack of representation can inevitably introduce
biases, which can stem from how the data collection is framed
by the dataset developers (Parmar et al. 2022), from the an-
notators’ belief (Sap et al. 2021) or the background of the
contributors (Aguinis, Villamor, and Ramani 2020), from the
strategies used to fine-tune or align Al models (Ouyang et al.
2022; Zhang et al. 2023), or from the benchmarks used to
assess model performance (Shen et al. 2024).

Opportunities. Recent work included efforts to expand the
cultural knowledge encompassed by Al systems along dimen-
sions of time Shwartz (2022); food-related customs (Palta and
Rudinger 2023); factual knowledge (Yin et al. 2022; Nguyen
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et al. 2022; Keleg and Magdy 2023; Romero et al. 2024); or
cultural norms (Fung et al. 2023). Scaling these diversifica-
tion efforts to include the numerous cultures worldwide and
their many cultural dimensions is an ongoing challenge, par-
ticularly for those cultures with limited online representation.
This may require close engagement with cultural experts or
anthropologists who have an insider view into the culture of
a group and understand its heritage (Olugbade et al. 2024).
Additionally, it may necessitate developing tailored strategies
to engage with cultural groups “where they are,” acknowledg-
ing that not everyone has an online presence, and that much
of this cultural knowledge floats openly in forms that may
not be easily captured in digital form. Finally, people often
affiliate with more than one culture, which requires solutions
for cultural compositionality (Welch et al. 2020) or pluralistic
alignment (Sorensen et al. 2024).

3 Data

Data is an essential component of the Al pipeline, used to
train or fine-tune models but also to evaluate their perfor-
mance. As illustrated in the vignette in Figure 3, a lack of
diverse representation in Al datasets can have a negative im-
pact. In the process of creating datasets, two aspects play a
major role: the source of the data and its annotation.

Chinasa wants her small business to cater to a global
audience, so she creates a website to sell African bath
sponges and uploads several photos of her products to
the site. Seeing that sales do not take off, she decides to
do a simple image search for the word “sponge” on an
Al-powered web search engine, just to find that out of a
hundred image results, there is only one image that looks
L like the kind of sponge she sells.

J

Figure 3: Models trained on non-inclusive datasets hinder the
representation of stakeholders in mainstream media.

3.1 Data Sources

Lack of Data Transparency. Al models, and especially
LLMs and LMMs, rely on increasingly large collections of
data. However, because of the current fast speed of research
with minimal or non-existent regulations and standards, we
have witnessed a crisis in data transparency (Longpre et al.
2023), often associated with unwanted societal biases and
unexpected behaviors (Buolamwini and Gebru 2018; Gebru
2020). In response to these challenges, several strategies
have emerged to enhance data documentation in Al. Gebru
et al. (2021) introduced the concept of datasheets for datasets,
which was followed by the development of data statements
and data cards for NLP data (Bender and Friedman 2018;
Holland et al. 2020; Pushkarna, Zaldivar, and Kjartansson
2022; Longpre et al. 2023).

Opportunities. Future efforts must prioritize the development
of transparent, responsible, and data-centric Al models. Data
licenses have the potential to promote more responsible, in-
clusive, and transparent machine-learning practices, but work
still needs to be done to understand how to define and in-
terpret license terms for data usage, and how to adapt them
to Al data and models Longpre et al. (2023). Al researchers



need to collaborate with policymakers and legal experts to
develop tools that empower and educate users and creators
about dataset documentation from various perspectives, in-
cluding provenance, identifiers, and characteristics (Longpre
et al. 2023). Inspiration can be drawn from the database com-
munity (Bhardwaj et al. 2014) and more regulated fields such
as medicine (Moher et al. 2010). Additionally, innovative
ideas from the NLP community, such as leveraging LLMs
to document data and models, can further complement these
efforts (Liu et al. 2024a).

Lack of Data Diversity. The predominant methods for data
collection involve scraping vast amounts of text and image
data from the Web (Villalobos et al. 2022). While effective
for Western communities, this approach excludes minority
groups with limited or no internet access, representing 37%
of the global population (Nwatu, Ignat, and Mihalcea 2023).
Moreover, there are many communities for which producing
written data is a major challenge (Wiechetek et al. 2024).
Further, these uneven distribution and biases in data are per-
petuated by the current practice of self-supervised learning
where the data is labeled by Al models trained from a Western
perspective (Oquab et al. 2023; Ramaswamy et al. 2023a).

Opportunities. We need to reevaluate our current data col-
lection practices, and collect data that covers a wide range
of perspectives across demographic and cultural dimensions.
Recent work has shown that even small amounts of diverse
data can improve performance (Ramaswamy et al. 2024). Ef-
forts to improve representation in Al and reduce the need for
large datasets include active learning (Hady and Schwenker
2013), domain adaptation (Kalluri, Xu, and Chandraker 2023;
Wang and Russakovsky 2023), similarity-based (Ignat et al.
2024) and grammar-based (Lucas et al. 2024) strategies for
data augmentation. Additionally, the development of diverse
datasets should involve people from various demographics to
guide data collection and annotation, foster collaboration, and
empower stakeholders (Nwatu, Ignat, and Mihalcea 2023).

3.2 Data Annotations

Lack of Inclusive Annotation Standards. Most annota-
tion standards fail to account for the diversity and subjectivity
inherent in global data (Nwatu, Ignat, and Mihalcea 2023).
Most benchmarks adhere to popular and conventional anno-
tation systems such as ImageNet (Deng et al. 2009), which
however are not a definitive standard (Beyer et al. 2020; Fang,
Kornblith, and Schmidt 2023; Shankar et al. 2020) and have
not been designed with cultural representation in mind. As a
result, models trained on these benchmarks tend to overfit to
an incomplete ’gold standard’ that does not accurately rep-
resent the world as we see it (Shankar et al. 2020; Mayfield
et al. 2019), and can lead to models that do not generalize
well to real-world tasks and out-of-distribution data (Fang,
Kornblith, and Schmidt 2023; Taori et al. 2020).

Opportunities. A significant challenge is defining standards
that address common annotation issues encountered when
compiling globally diverse data. Several studies (Beyer et al.
2020; Yun et al. 2021; Shankar et al. 2020; Faghri et al. 2023)
have identified issues such as label noise, errors, and ambigu-
ity in current datasets, proposing methodologies to improve
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these labels. Solutions include generating robust labels using
strong pre-trained models, integrating human feedback, incor-
porating multiple labels per image, or explicitly accounting
for the diversity of annotators (Deng et al. 2023). Flexible
data annotation structures that use e.g., function-based label-
ing could also offer a strategy for improving representation
in Al datasets (Nwatu, Ignat, and Mihalcea 2023).

Lack of Diverse Annotators and Curators. A demo-
graphic report of the popular Mechanical Turk annotation
platform (Difallah, Filatova, and Ipeirotis 2018) found that
the majority (75%) of annotators are from the United States
and 16% are from India. This is concerning, since the demo-
graphic background can influence the people’s ratings and
performance Pei and Jurgens (2023). Similar statistics are
observed in many existing Al datasets (Kirk et al. 2024).
Opportunities. New annotation frameworks may be required
for inclusive data annotations that address the unique aspects
of a problem. The MaRVL dataset (Liu et al. 2021) and
CVQA dataset (Romero et al. 2024) are good examples of
projects that prioritize inclusive data annotation by involving
native speakers in selecting concepts, questions, and images.
Additionally, it is important to maintain transparency on the
annotation process (Gebru et al. 2021), and share aggregate
statistics for the distribution of workers by region and demo-
graphics (Kirillov et al. 2023). This information, combined
with methods that identify demographic blind spots across
datasets (Dominguez-Catena, Paternain, and Galar 2023) can
help users make informed decisions about which datasets to
use for their specific applications.

4 Models

Al models are the engines that drive the capabilities of new
Al systems, enabling them to recognize patterns, make predic-
tions, and generate content. Their effectiveness is influenced
by their architecture, and as illustrated in Figure 4, their per-
formance can be uneven and limited to specific contexts.

( )

Maya is a high school administrator in a multicultural ur-
ban area in Canada. She decides to use a new Al-driven
educational tool to help her personalize the learning
experiences for her students. She soon notices that the
tool performs poorly when students input text in the lo-
cal French dialect, often misunderstanding the context
or giving the wrong output, an issue not faced by her
English-speaking students.

\_ J

Figure 4: Uneven model performance for different languages leads
to incorrect output and can favor those speaking the languages for
which the model performs better.

4.1 Model Design

Models Exhibit Biases in Pre-training and Alignment.
Al models acquire their knowledge primarily during the pre-
training phase; later, the specification for how to interact with
this knowledge is provided by the process of alignment. The
encoded knowledge is mainly determined by the dataset used
in the model pre-training and thus a crucial factor for poten-
tial bias in the model; we refer to this bias as knowledge
bias. The alignment process allows us to interact with the




encoded knowledge by acting as a knowledge retriever, and
can shift the model toward certain preferences; we refer to
this as alignment bias. However, several recent investiga-
tions have demonstrated that AI models consistently excel in
US-specific queries while struggling with underrepresented
cultures (Shen et al. 2024; Masoud et al. 2024).

Opportunities. To mitigate knowledge bias, the primary ap-
proach is to pre-train or fine-tune LLMs on culture-specific
data (Li et al. 2024a), or to rely on prompt engineering (Wang
et al. 2024; Kovac et al. 2023; Rao et al. 2023). These ap-
proaches raise the important question of how to effectively
gather preference data that is reflective of diverse cultures.
One strategy is to manually collect preference data based on
Hofstede’s Cultural Alignment Test (Masoud et al. 2024).
Alternatively, LLMs could engage in conversations with indi-
viduals from various cultures to generate preference data, for
instance by using multi-agent settings (Li et al. 2024b). An
additional challenge is the integration of diverse preferences
into a single model using strategies for pluralistic alignment
(Sorensen et al. 2024). or meta-reward models.

4.2 Model Performance

Poor Model Generalization. Al models often struggle to
maintain performance when encountering diverse and dy-
namic real-world settings (Malik et al. 2024; Gustafson et al.
2023). These performance issues are further complicated
by differences in geographical locations and income levels,
leading to disparities in model performance across different
regions and social strata (Rojas et al. 2022; Ramaswamy et al.
2023b; Nwatu, Ignat, and Mihalcea 2023). Similarly, we see
biased outcomes and reduced usability across diverse lin-
guistic communities, affecting fairness and inclusivity in Al
applications (Ziems et al. 2022; Blodgett, Wei, and O’ Connor
2018; Xiao et al. 2023; Malmasi et al. 2016; Zhou et al. 2021),
or potentially generating responses that are inappropriate or
offensive in different cultural contexts (Peterson and Garden-
fors 2023; Tay et al. 2020; Santurkar et al. 2023; Anonymous
2024; Moore, Deshpande, and Yang 2024).

Opportunities. Improving the model generalization across di-
verse contexts can involve active learning or other data-driven
strategies that can help supplement data for underrepresented
groups (Ignat et al. 2024). Alternatively, specialized bench-
marks (e.g., VALUE (Ziems et al. 2022) or DADA Liu, Held,
and Yang (2023)) can handle the languages spoken by diverse
groups more effectively (Xiao et al. 2023; Sun et al. 2023;
Hofmann et al. 2024a; Faisal et al. 2024).Another direction
can consider benchmarks and training processes that account
for multilingual and multicultural nuances, following initia-
tives such as the ETHICS dataset (Hendrycks et al. 2021),
or frameworks to assess and enhance Al alignment with di-
verse human values (Peterson and Gérdenfors 2023; Choenni,
Lauscher, and Shutova 2024).

Security Vulnerabilities and Propagation of Harmful
Stereotypes. Al models are increasingly vulnerable to se-
curity breaches and the propagation of harmful stereotypes,
and jailbreaking attacks pose a significant threat by circum-
venting the safety mechanisms designed to prevent models
from generating unethical, harmful, or dangerous content
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(Ouyang et al. 2022; Rafailov et al. 2023). This is paricularly
true for low-resource languages, making underrepresented
groups especially vulnerable (Yong, Menghini, and Bach
2023). Similarly, AI models are prone to perpetuating the
stereotypes embedded in their training data, reinforcing soci-
etal prejudices related to race, gender, and ethnicity, among
others (Ferrara 2023; Hofmann et al. 2024b).

Opportunities. Addressing these intertwined challenges re-
quires more robust alignment and defense strategies, and spe-
cialized benchmarks (Shu et al. 2024; Mazeika et al. 2024;
Luo et al. 2024; Liu et al. 2024b) that can lead to a deeper
understanding of the underlying mechanisms of harmful out-
puts and security breaches. Mechanistic interpretability for
alignment algorithms (Lee et al. 2024) also offers promising
avenues for controlling model responses and mitigating the
success of both jailbreak attacks and the propagation of harm-
ful stereotypes (Arditi et al. 2024; Ball, Kreuter, and Rimsky
2024). Combating the propagation of harmful stereotypes
will require innovations in both the training (Li et al. 2023;
Kumar et al. 2023) and post-training (Ravfogel et al. 2022;
Cheng et al. 2021) phases of model development. Addition-
ally, direct adjustments to model architectures, such as inte-
grating awareness of harmful outputs into operational frame-
works or adjusting the attention to different social groups
(Gaci et al. 2022; Kim, Kim, and Johnson 2024) can also
help ensure the fairness across different social groups.

5 Evaluation

Evaluating Al systems is essential for ensuring their accuracy
and reliability across various applications. This process typi-
cally focuses on metrics and benchmarks, which are used to
measure performance and identify any biases or limitations.

Aarav, a developer passionate about empowering In-
dian children through education, wants to deploy an Al-
powered education tool in several Indian villages. He
soon realizes that the tool was evaluated using metrics
designed for Western learning styles, focusing on indi-
vidual achievement and competition. When deployed in
India’s collectivist society that values group collabora-
tion and shared success, the tool fails to resonate with
students and produces misleading performance results.

.

Figure 5: A misalignment between evaluation metrics and cultural
values can lead to misleading estimation of a tool’s effectiveness.

5.1 Evaluation Metrics

Lack of Inclusive Metrics. While several of the metrics
used to evaluate Al models may be considered generic, such
as accuracy or F1 scores, there are also many metrics that
only reflect the reality of specific populations. For example,
reading comprehension metrics may assume familiarity with
Western literary references (Steffensen, Joag-Dev, and An-
derson 1979; Kolisko and Anderson 2024). Similarly, bias
detection metrics, such as the Word Embedding Association
Test (WEAT) (Caliskan, Bryson, and Narayanan 2017) and
Sentence Association Embedding Test (SEAT) (May et al.
2019) rely on Western-centric norms (Greenwald, McGhee,
and Schwartz 1998). Additionally, the human evaluations



sometime used to assess system performance —through crowd-
sourcing, expert evaluations, or user studies — while offering
a more nuanced understanding of model performance, they
also heavily depend on and can be biased by the background
of the evaluators (Song, Cohn, and Specia 2013; Reiter 2018).
Opportunities. To ensure a comprehensive and fair assess-
ment, generic metrics such as accuracy and F1 scores should
be coupled with diverse and inclusive datasets and metrics
that assess performance across all majority and minority
classes. For metrics that are inspired by the reality of specific
groups, it is critical to adjust them to reflect the needs and
values of those directly impacted. Combining human eval-
uations with automatic metrics can enhance the reliability
of assessments (van der Lee et al. 2021; Schuff et al. 2023),
particularly when the human evaluators represent a diverse
range of backgrounds. Additionally, fairness metrics such as
demographic parity (Dwork et al. 2012), equalized odds, and
statistical parity (Hardt, Price, and Srebro 2016) should be
used alongside traditional performance metrics to identify
and address biases in Al models.

5.2 Evaluation Benchmarks

Lack of Culturally Diverse Benchmarks. Most bench-
marks are heavily biased towards English-speaking and West-
ern cultures, often focusing on limited datasets that do not
consider the visual or language diversity across cultures. Fur-
thermore, numerous languages are frequently overlooked
in benchmark construction, and this is especially true for
languages that do not have a written form. Particularly chal-
lenging are sign languages (Baker 2015), and benchmarks
based solely on spoken languages (Pine and Turin 2017).

Opportunities. Culturally and linguistically diverse bench-
marks are crucial for developing models that can be applied
globally. This involves diversifying data sources (§2.1), ensur-
ing the annotators are familiar with the cultural or linguistic
context (§2.2), and collaboration with linguists and cultural
experts (OhEigeartaigh et al. 2020). Multimodal benchmarks
are particularly promising as they can provide valuable con-
text for models. In languages that rely solely on speech,
preserving oral literature often entails documentation and
collaboration with native speakers to annotate images and
videos (Bird 2010; Leedom Shaul and Shaul 2014). For sign
languages, efforts are being made to develop writing systems
like HamNoSys (Hanke 2004) or SignWriting (Sutton 2010),
although there is currently no universally accepted standard.

6 Incentives

The incentives that drive the prioritization of certain cultures
and languages in current Al technology development can
vary widely (Joshi et al. 2020; Bommasani et al. 2021; Bird
2020; Rogers 2021), and are often connected to the source of
funding behind the Al initiatives: economic drives, govern-
ment support, or philanthropic initiatives. These, in turn, can
influence individual decisions, as illustrated in Figure 6.

Economic Drives Prioritize Rich Countries and Major
Languages. One of the largest root causes for Al devel-
opment lies in its economic value, both immediate and po-
tential (Furman and Seamans 2019; Chui et al. 2023). There
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Maria is the CEO of a small tech startup in Romania,
with limited staff and research resources. She wants to
build an Al assistant that can help people with their daily
chores. However, as she delves deeper; she quickly faces a
hard problem: Should she target a high purchasing power
demographic like the United States and Western Europe?
Or should she focus on a market where cultural values
align more closely with her vision, such as Romania and
Eastern Europe, even if the financial returns are less

certain?
g J

Figure 6: Selecting the right market for Al products requires bal-
ancing cultural values and financial returns in a high-stakes decision.

is generally a lower perceived profit rate for developing Al
applications for smaller groups or those from lower social
and economic levels (Joshi et al. 2020; Blasi, Anastasopou-
los, and Neubig 2022). However, this raises the question
of whether the perceived profit matches the actual potential
profit, as people may underestimate the unique opportuni-
ties within smaller communities (Bird 2020; Nekoto et al.
2020). Moreover, it introduces the efficiency versus fairness
dilemma, as pursuing market-driven profits can exacerbate
social inequalities and stability, often referred to as the “rich
get richer” effect (Hovy and Spruit 2016; Bender et al. 2021).
Opportunities. To mitigate the concentration of economic in-
vestments in highly profitable areas, we need strategies to en-
courage companies to balance fairness with profits (Crawford
2021; Bender et al. 2021). Governments and philanthropic
organizations can create incentives to address fairness by
bridging the investment gap in less profitable areas, and en-
suring that the perceived economic value of an investment is
not the only drive behind Al development decisions.

Inconsistent Government Support for Inclusive AL.  Gov-
ernments often support technologies with immediate or po-
tential socio-economic impact, as well as those essential for
national defense (Wolff and Wessner 2012; Weiss 2014; Flem-
ing et al. 2019). While some support, e.g., for fundamental
science research, can promote the development of Al tech-
nologies adaptable to underrepresented languages and com-
munities, this support is not always consistent (Shibayama
2011; National Science Foundation 2024). Some govern-
ments lack the resources for such investments, requiring justi-
fications for their expenditure (Bird 2020; Nekoto et al. 2020).
Furthermore, prioritizing technologies that maintain a com-
petitive national advantage can create a dilemma, as nations
that invest in “good causes” to help underrepresented com-
munities, domestic or international, may fall behind those
that do not (Okun 2010; Berg and Ostry 2011).
Opportunities. It is essential to improve decision-making sys-
tems to justify expenditures on fairness and support for un-
derprivileged groups. Research demonstrating that such in-
vestments also enhance the quality of life for most citizens
can bolster support. Moreover, these decisions should take
into account sensitive international contexts and strive to bal-
ance maintaining national strength with ensuring equitable
Al benefits for diverse populations.

Insufficient Philanthropic Initiatives for Promoting In-
clusive AI.  Philanthropic organizations play a vital role in



counterbalancing the market-driven allocation of resources
by supporting needed areas where funding does not naturally
flow (Brest and Harvey 2018; Brass et al. 2018). Although
philanthropies are well-positioned to address resource distri-
bution issues, advocating for increased support for underrep-
resented Al can be challenging (Jammulamadaka and Varman
2010), as these philanthropic organizations must weigh in-
vestments to help various other needs (GiveWell 2022).
Opportunities. Encouraging more philanthropic support of
Al development requires carefully thought-out justifications
regarding the long-term value of research and development
(Pennings and Lint 1997; Pisano 2012). Helping disadvan-
taged groups can be approached by either providing imme-
diate aid, or by enhancing their skills and education through
technology, which leads to increased productivity (Kuhn
2020; Saiz and Donald 2018). Therefore, advocating for Al
technology investment should emphasize its potential to un-
lock significant long-term benefits for these groups.

7 People

Although AT has the potential for global impact, research and
development are dominated by a few countries (Kleinberg
and Raghavan 2021; Hershcovich et al. 2022; AlKhamissi
et al. 2024). Our limited experiences can blind us to biases
against the very communities we aim to help, even with the
best intentions, as shown in Figure 7.

\

A healthcare Al company launches an app to streamline
patient diagnoses in a rural Nigerian community without
accounting for local medical practices and resources. The
app misinterprets common regional symptoms, like skin
rashes from heat and sun exposure, as severe conditions,
resulting in unnecessary treatments. By not involving lo-
cal healthcare providers and patients in its development,
the app ultimately causes more harm than good.

\. J

Figure 7: People affected by Al systems are often not involved in
their development, often leading to applications that fail to addresses
real problems or even cause harm.

Lack of Global Diverse Representation and Agency in
AI Research. If Al systems reinforce dominant cultures,
whether implicitly or explicitly, they might lead to a cycle
of cultural homogeneity (Schramowski et al. 2022; Vaccino-
Salvadore 2023). To ensure that the systems and resulting
applications reflect people’s authentic culture, representatives
from these groups should also participate in the design, data
construction, and model development process in a participa-
tory approach (Bondi et al. 2021). Having a diverse group
of developers is essential to foster innovation that addresses
the needs and values of different cultures (Page 2010). Reci-
procity and mutual learning are central to successful research
engagements (Brereton et al. 2014; Taylor et al. 2019; St John
and Akama 2022).

Opportunities. We need to reevaluate the power dynamics
between technologists and community members and estab-
lish equal research partnerships with the community (Bird
and Yibarbuk 2024; Mignolo 2012). This approach follows a
decolonizing practice that respects the sovereignty of local
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communities and prioritizes their input (Bird 2020). Addi-
tionally, several workshops and events have begun to explore
how to empower stakeholders in the development and deploy-
ment of technology (Vaccaro et al. 2019; Givens and Morris
2020) and how to help researchers and practitioners consider
when not to build systems at all (Barocas et al. 2020). Other
examples of offering mentorship are open-source and free ini-
tiatives such as Masakhane,? Black in AL>, AmericasNLP*
and the ACL Mentorship,’ just to mention a few.

Lack of Practical Applications and Real-Life Grounding
in AI Research. Language is inherently situated. However,
many Al systems and Al research fail to clearly articulate
what problems they tackle. For instance, a survey of 146
papers on bias in NLP systems shows that their motivations
are often vague, inconsistent, and lack normative reasoning
(Blodgett et al. 2020). Furthermore, different social groups,
especially those at the intersections of multiple axes of op-
pression, have different lived experiences due to their differ-
ent social positions (Sassaman et al. 2020; Field et al. 2021).
Opportunities. To ensure our Al models effectively serve the
communities they are intended to help, it is crucial to first
understand their specific needs and how they plan to use the
technology. This requires focusing on the lived experiences
of those directly impacted by these systems (Blodgett et al.
2020). Cross-disciplinary collaboration is particularly impor-
tant for real-world impact. For example, sociolinguists and
anthropologists have studied how language varieties are per-
ceived—whether as standard, correct, or uneducated (Reaser
et al. 2018; Roche 2019; Craft et al. 2020). This research
reveals that beliefs about language often mirror deeper be-
liefs about the speakers themselves (Rosa and Flores 2017).
Understanding the role of language in maintaining social
hierarchies is vital for improving bias analysis in NLP sys-
tems and addressing how racial ideologies both shape and
are shaped by technology (Ruha 2024).

8 Conclusion

One of the key concerns about the rapid integration of Al
technologies into everyday life is the risk of widening the
socio-economic gap by disproportionately benefiting certain
groups while marginalizing others, as well as the potentially
negative impact it can have on individuals and society. On an
individual level, it affects people’s perception of themselves
and others, influencing their interactions and the opportuni-
ties they have access to. On a societal level, the widespread
use of non-inclusive Al systems can shape cultural norms
and social structures and support discriminatory narratives
that hinder efforts toward equality and inclusivity.

The vision we lay out in this paper highlights opportuni-
ties to develop Al for everyone, with everyone, by everyone.
Our key recommendations focus on improving inclusivity
along the entire Al pipeline, specifically targeting the five
main areas we addressed in this paper: Data: Prioritize the

“https://masakhane.io
*https://blackinai.github.io
“https://turing.iimas.unam.mx/americasnlp
Shttps://mentorship.aclweb.org



development of transparent, responsible, and data-centric Al
models; Reevaluate current data collection practices to ensure
coverage of diverse perspectives across demographic and cul-
tural dimensions; Define inclusive annotation standards to
improve the representation in training data; Adopt a partici-
patory approach to Al, engaging community members early
in the research process. Models: Architect model designs
that minimize knowledge and alignment bias; Improve model
generalization to ensure performance across diverse groups
and contexts; Build models that are robust and not vulnerable
when used by underrepresented groups. Evaluations: Create
inclusive metrics that assess performance across both ma-
jority and minority groups, and accurately reflect the reality
of the target users; Develop culturally and linguistically di-
verse evaluation benchmarks. Incentives: Devise economic
strategies to encourage companies to balance fairness with
profits; Shape government agendas that promote both na-
tional strength and equitable Al benefits for all; Encourage
philanthropic support of long-term Al research agendas fo-
cused on inclusivity. People. Foster the growth of a diverse Al
workforce; Establish equal research partnerships with com-
munities; Focus on the lived experiences of those directly
impacted by these systems.

Each of these recommendations requires concrete steps to
ensure the Al systems are equitable, robust, and representa-
tive of all populations. By addressing these core areas, we
can advance towards Al systems that serve everyone, are built
with input from a wide range of perspectives, and reflect the
contributions of a diverse group of stakeholders.
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