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Executive Summary

e In the wake of rapid Al development, attention is increasingly being drawn to the fact that most Al systems fail to
serve most of the world’s linguistic communities. Data scarcity is often highlighted as a key reason, yet there are
much more basic digital foundations that are prerequisites for building Al training datasets.

e Over 6,000 of the world’s 7,000-plus living languages remain digitally disadvantaged, meaning that they are
unsupported across mainstream devices, operating systems, browsers, and applications. Language communities
excluded from digital systems can only participate minimally in a world increasingly mediated by technology and
are at the same time unable to generate enough data needed to be represented in Al.

e Empowering digitally disadvantaged language communities to participate in today’s digital world requires
holistic progress on a set of foundational language tools (from script encoding to keyboard layouts) and
supporting language tools (from grammar checkers to accessibility features).

e A global network of language practitioners, scholars, and grassroots groups have been working tirelessly to
create and sustain these language tools. Yet progress is often slow and uneven amid chronic underfunding and a
lack of coordination.

e Al has the potential to scale and accelerate language digitization. In recent years, scholars have begun
leveraging Al — and especially natural language processing tools — to sidestep major bottlenecks in the field:

o In the early stages of language digitization, Al tools such as grapheme-to-phoneme systems,
morphological analyzers, optical character recognition systems, and image generation models can assist
with script development and foundational language infrastructure tooling.

o Once a language can effectively be rendered on devices, Al tools such as language identification
models, optical character recognition systems, and automatic speech recognition systems can support
language transcription and broader documentation and data collection processes.

o In the final stages of language digitization, Al tools such as machine translation, grammar- and spell-
checking systems, text-to-speech systems, forced alignment tools, and large language models are
increasingly the foundation for supporting digital tools that help ensure true digital inclusion.

e [t is important to note that not all language communities may choose to develop a writing system for their
language. Technical approaches are emerging that enable the creation and use of digital tools for spoken-only
languages.
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e While all these nascent efforts are promising, Al alone cannot address the field’s more fundamental research
problems, workflow bottlenecks, and adoption challenges. Language digitization is also an inherently
community-centric process that requires a deeply sensitive cultural and linguistic understanding. Much of the
work in this field should thus continue to be driven by the language communities themselves, with Al as an

accompanying tool.

e Additional work, time, and resources need to be invested in harnessing Al for language digitization in a way that
centers communities and their individual needs and contexts. We outline detailed recommendations for different
stakeholders to work together to advance language digitization and digital inclusion in the age of Al, including:

o Building trust and empowering communities by fostering community-engaged convenings and
collaborations, and building community-driven benchmarks and standards for digital language tools.

o Strengthening research foundations by creating reliable resources to track progress on digitally
disadvantaged languages, investing in, expanding, and evaluating effective Al tools for language
digitization, and creating forums for interdisciplinary exchanges.

o Improving workflows by moving to parallel workflows for language digitization and leveraging Al for
organizational improvements.

o Forming coalitions by implementing mechanisms to reform incentive structures surrounding language
tool adoption and strengthening storytelling for general audiences.

o Ensuring cultural sustainability by empowering culturally aware Al development, promoting
contextualized adoption, and impact assessment.



Stanford University
Human-Centered
Artificial Intelligence

HA

Stanford | siLicon

1. Introduction

Over 6,000 of the world’s 7,000-plus living languages
remain digitally disadvantaged languages (DDLs)

— those that are, to varying degrees, barred from
full-scale participation in the digital age, with dire
conseqguences.

Digital exclusion exists along a spectrum, ranging
from instances of complete exclusion to partial but
still compromised inclusion. It affects far more than
simple access to digital tools and services. In the 21st
century, language death and digital exclusion have
become tightly linked in a mutually reinforcing cycle
of marginalization and extinction. Languages that
cannot be written digitally are less likely to be written
at all, further driving multilingual communities toward
preferring dominant or colonial languages. Linguists
predict that 50% or more of the world’s languages may
become extinct this century.

The gap that separates the world’s top 100 digitally
dominant languages and DDLs is steadily becoming a
chasm. While over a third of the world’s youth will live
in Africa by 2050, not a single African language ranks
among the top 34 used on the internet today.? Modern
Al systems risk amplifying this divide. Large language
models (LLMs), voice assistants, translation tools,

and more are disproportionately trained on English
and other highly resourced languages (HRLs). These
models rely on massive datasets, which are almost
entirely unavailable for under-resourced languages.
As a result, most Al systems fail to serve most of the
world’s linguistic communities.®

The ramifications of this widening divide are
profound.* When a language and culture are digitally
disadvantaged, their community can, at best,
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Over 6,000 of the world’s 7,000-plus
living languages remain digitally
disadvantaged languages.

participate minimally in a world where the written
word is increasingly mediated by technology. Not
being able to write a language digitally affects
everything from daily exchanges (e.g., texting a last-
minute grocery item or sending a quick love note) to
life-threatening situations (e.g., sharing critical health
bulletins or issuing localized evacuation orders).

While there are efforts to build Al systems that are
better attuned to and represent DDLs, such efforts
face deep, structural challenges. For the overwhelming
majority of languages, some or all of the prerequisite
digital foundations for Al tools — keyboards, digital
fonts, and other language tools that enable people to
communicate digitally in their own languages — simply
do not exist. Beyond issues surrounding the language
technologies themselves, many communities feel a
deep sense of distrust for technology companies. This
distrust must be understood from two wide-ranging
perspectives: the multi-century historical context of
exploitation and maltreatment and the far more recent
and ongoing reports of ethical violations.®

Still other areas of concern pertain to the struggle of
data collection and the tendency to resort to datasets
that represent certain legacies of the past, such as
the prevalent use of Bible translations among Al
researchers and companies.® From their perspectives,
these translations offer up widely available data
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eminently suited to the creation of parallel corpora,
while for many communities they serve as a reminder
of colonial and missionary legacies.

This entrenches a feedback loop: Languages excluded
from digital systems cannot generate the data needed
to be represented in Al, and without Al, communities
face further barriers to digital participation and
language vitality.” Additionally, without the ability to
access tools such as content moderation systems,
DDL speakers are left more vulnerable to online

harm, misinformation, and social exclusion. For
Indigenous, postcolonial, and minoritized communities,
digital invisibility reinforces historical patterns of
marginalization. If the gap between HRLs and DDLs
goes unaddressed, it will not only persist but widen.

In this white paper, we provide one of the first
overviews of the varying ways Al tools and techniques
can support language digitization work and digital
inclusion efforts more broadly. We start by defining the
scope and challenges of digital inclusion, discussing
the foundational and supporting tools required to

bring a language into the digital world. We then offer a
schematization that identifies Al tools and techniques
that can help scale and accelerate different, often
extremely labor-intensive, stages of the language
digitization process. Finally, we analyze the significant
structural, informational, and procedural challenges
that must be addressed and provide recommendations
for how language digitization and Al researchers and
practitioners can responsibly realize the full potential
of Al in supporting the digital inclusion of under-
resourced languages.
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Languages excluded from digital
systems cannot generate the data
needed to be represented in Al, and
without Al, communities face further
barriers to digital participation and
language vitality.
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2. What Counts as Digital Inclusion?

2.1. The Spectrum of Digital Exclusion and
Inclusion

The term “digitally disadvantaged language” refers
to the majority of the world’s languages that remain
unsupported across mainstream devices, operating
systems, browsers, and applications.®

Although the term includes many widely spoken
languages, it frequently overlaps with other terms
such as minority, minoritized, Indigenous, and
endangered languages. While minority languages

are those spoken by a small subset of a population
(e.g., Basque in Spain), minoritized languages are
those that have been marginalized relative to a
dominant language, regardless of demographic

size (e.g., Cantonese in China).® Many Indigenous
languages and endangered languages — those whose
intergenerational transmission is disrupted — fall
here.”® Yet minority status does not necessarily imply
endangerment. Languages like Taiwanese Hokkien
are digitally unsupported but continue to have tens of
millions of speakers. Conversely, some endangered
languages (e.g., Irish Gaelic) enjoy substantial digital
infrastructure due to state investment." Crucially,
then, digital disadvantage is not a function of speaker
numbers or vitality, but of a language’s inability to
operate across the full digital stack.

Because DDLs are defined by the scarcity of digital
infrastructure and tooling,”? the term is distinct from
another set of terms commonly used in natural
language processing (NLP) literature: “low-resourced”
or “under-resourced” languages. These are defined by
data scarcity; that is, such languages lack the volume
and quality of labeled and unlabeled data to train NLP

systems.” Hence, although digitally disadvantaged

and low-resource status often coincide, they are not
identical. A language such as Mongolian may have
sizable corpora for NLP work yet remain digitally
disadvantaged because key infrastructure — especially
around script encoding — remains incomplete or
inconsistent.” Conversely, some languages are low-
resource but not digitally disadvantaged because
strong institutional support provides robust tools
despite limited data. Maori illustrates this through
community-led, data-efficient NLP development,

and Welsh through government-backed infrastructure
built on comparatively modest corpora.’® In many
cases, however, the lack of digital infrastructure (which
defines DDLs) and the lack of data (which defines low-
resource languages) reinforce each other, creating a
self-perpetuating cycle: Without tools, data creation is
difficult; without data, tool development stalls.

Digital disadvantage is not a function
of speaker numbers or vitality, but

of a language’s inability to operate
across the full digital stack.
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ongoing disagreement on where their boundaries

lie and which dimensions should be prioritized.”

For the purpose of this paper, we focus on the

spectrum of DDLs (see Table 1) because it captures
both sociopolitical realities (such as those faced by
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minoritized or endangered language communities) and

the technical bottlenecks that parallel those illustrated

by the low-resource NLP literature. This framing allows

us to take a more holistic view of the socio-technical

conditions shaping digital inclusion.

Table 1. Spectrum of digitally disadvantaged languages™

Categories
of digital
language
support

Number of
languages

Examples

Potential™

Language shows
no sign of digital
support.

Emerging

Language has
some content in
digital form and/or

Ascending

Language has some
spell-checking,
localized tools or

Vital

Language is
supported by multiple
tools in all of the

prior categories, as

Thriving

Language has all of
the previous tools
plus virtual assis-

encoding tools. machine translation. well as some speech tants.
processing.
3,996 3,304 401 95 33
Basque, Cantonese, English, Chinese,
Muruwari Naxi, Kunwinjku | Hokkien, South Sami o gl !

Irish, Maori, Urdu

Latin

10
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2.2. The Digital Inclusion Stack: Nine Key Tools

Digital inclusion is often framed as a question

of access: getting people online, connecting
communities, and bridging physical infrastructure
gaps. While access to the internet and other digital
tools is a crucial prerequisite, it is only meaningful
when accompanied by foundational language tools
that enable people to read, write, and interact in their
own languages in digital spaces. These tools tend to
be taken for granted in high-resource settings.

Access to telehealth and education applications,

for example, only helps a community when the
applications are capable of understanding that
community’s mother tongue. Without foundational
language tools (see Table 2), billions of people remain
excluded from, or markedly disadvantaged within,
the 21st century digital age — even when they
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Without foundational language tools,
billions of people remain excluded
from, or markedly disadvantaged
within, the 21st century digital age.

possess the necessary hardware and connectivity.
Empowering DDL communities to build a digital world
that serves their needs requires holistic progress on

all these foundational language tools. Furthermore,
since only the dominant form of a language is typically
digitized, which can exclude large swaths of speakers,
supporting regional varieties and dialects is equally
crucial to digital inclusivity and for aligning language
technology with actual usage patterns.2°

Table 2. Five foundational language tools that establish digital inclusion

Foundational
language tool

Explanation

1. Script encoding

make a language usable online.

A language’s writing system must be formally encoded in the Unicode Standard to be stored, rendered, and
transmitted digitally.?’ Without Unicode support, no amount of digital literacy or internet connectivity can

2. Fonts and type
design

Readable, culturally appropriate fonts ensure that a language is legible across devices.?? Poorly rendered
typefaces, or their nonexistence, can discourage use and lead to platform-level inconsistencies.

3. Keyboard layouts
and input tools

Community-informed keyboard designs, input methods, and text entry systems are essential for typing in
a language — especially for those with complex or newly invented scripts. Without intuitive ways to input
text, digital communication remains inaccessible.

4. CLDR data
contributions

The Unicode Common Locale Data Repository (CLDR) supports software localization through culturally
specific formats for dates, times, numbers, and plurals.?® DDLs are often absent from this system, making
user interfaces impossible to translate or adapt appropriately.

5. Support for
neographies and
revitalized scripts

Many communities have developed new writing systems, also known as “neographies” — especially in
contexts of cultural revival.?* These neographies must be encoded in the Unicode Standard and supported
just like other scripts in order to become usable in digital contexts.

1
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Once a language can be digitally written, there

is more work to be done. For many language
communities who do enjoy digital and online
access, the absence of higher-order language
tools, such as content moderation systems, leave
them more exposed to online abuse, harassment,
misinformation, and mistreatment than their HRL
community counterparts. Similar inequities prevent
DDL communities from taking advantage of the
many other benefits of the digital age — educational,
civic, health-related, and more — enjoyed by HRL
communities. Educational tools and accessibility
features, for example, are crucial to ensuring the
confident production and consumption of accurate
text in the digital arena. Even widely spoken
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languages like Arabic and Indonesian have far less
tooling available compared to English. Even when
such tools exist for DDLs, they often don’t perform
well for these languages, and institutions and
companies often hesitate to deploy imperfect tools
due to reputational risk.

Without supporting language tools (see Table 3),
communities that are most in need are thus the most
likely to be exposed to harmful digital interactions
with little recourse. Enduring and meaningful digital
inclusion requires the creation or adaptation of these
supporting digital language tools to ensure that digital
participation can be sustained over the long term, and
that it is safe, equitable, and empowering for all.

Table 3. Four supporting language tools that sustain digital inclusion

Supporting language tool Explanation

1. Abusive language and hate
speech detection®

Enables the identification of harmful content, targeted abuse, disinformation, and politically
motivated harassment in online spaces.

2. Harmful language moderation,?®
spam filtering, and protections
against predatory practices?

Shield vulnerable users, particularly youth and marginalized groups, from harassment,
manipulation, and scams.

3. Grammar- and spell-checkers®®

Support correct language usage, digital literacy, and users in confidently producing written
content in their own languages.

4. Accessibility features
regional dialects).

Make digital environments usable by people with disabilities and to users with no or low
literacy (e.g., screen reader compatibility, text-to-speech in local languages, captioning for

12
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Two clarifications are needed. First, although the
nine tools listed above are necessary for a language
to digitally ascend, they are neither exhaustive nor
individually sufficient; a language may have many of
these tools yet remain digitally disadvantaged if even
one foundational element is missing. Additional factors
like the availability of digital content (e.g., Wikipedia
pages) or tokenization (i.e., the way text is broken
down into smaller units for LLMs) also influence a
language’s movement up the digitization pipeline or
participation in Al development.

Second, the language digitization process that might
take a language from potential to thriving (see Table

1) is rarely linear, even if the five foundational tools

of Table 2 must logically precede the four sustaining
tools of Table 3. Script encoding may advance in
parallel with font and keyboard design, and spam or
cyberbullying filters may be developed alongside hate-
speech detection. In practice, progress is iterative and
interdependent, with advances in one area regularly

prompting revisions in others.

Figure 1. An overview of the
institutions and communities
advancing digitally
disadvantaged languages®

Government
agencies

DDL
communities
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2.3. On the Front Lines of Digital Inclusion

A highly decentralized but also highly dedicated global
network of community organizers, standards bodies,
nonprofits, scholars, practitioners, and educational
institutions has been working to make inroads on the
above-mentioned fundamental and supporting digital
tools (see Figure 1). However, while many of the technical
tools needed to build digital language infrastructure
are increasingly available, progress remains slow and
uneven. Efforts to digitize low-resource languages face
major challenges, including chronic underfunding and
a lack of coordination. Most initiatives are driven by
grassroots networks — volunteers, local communities,
linguists, and small nonprofits — often working outside
formal research pipelines without the support of

major tech companies, governments, or academic
institutions. These efforts are frequently isolated from
one another, leading to duplicated work and missed
opportunities for collaboration.

Academia o

Tech
° companies

Standards
organizations

User communities

13
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3. The Promise of Al: Scaling and Accelerating

Language Digitization

While technology alone cannot overcome deep,
structural challenges, Al has begun to play a promising
role in advancing digital inclusion.*® Resource-
constrained organizations and communities have
started turning to Al-powered technologies — ranging
from character and speech recognition to LLM-driven
data annotation — to help scale and accelerate what
are extremely labor-intensive efforts to bring DDLs into
the digital world and sustain their safe and equitable
digital use. Scaling and accelerating these efforts not
only enables the preservation and revitalization of low-
resource and endangered languages but also opens
the door to these language communities participating
in and benefiting from Al development.

Digital documentation is generally considered the

key to bringing languages into the digital sphere —
landmark initiatives like The Rosetta Project and the
Endangered Languages Project exemplify large-scale
attempts to digitally archive and preserve DDLs,
especially endangered languages.®' In recent years,

Al and especially NLP tools have shown promise in
sidestepping major bottlenecks in this area, particularly
when it comes to compiling, organizing, and reviewing
digital records.*

However, a more comprehensive look at all the steps
needed to create digital affordances for a language
reveals a variety of places where Al can play a role.
The use of Al applications is increasing throughout the
digitization pipeline as scholars explore and leverage
tools such as optical character recognition®® and
automatic speech recognition,* among many more.*®

Below, we outline some of the most promising Al
tools and techniques currently being applied to
ongoing efforts to digitize DDLs. Though by no means
exhaustive, these examples highlight promising

areas that deserve attention and further research

and resource investment. In Figure 2, we place these
Al tools along the relevant stage(s) of the language
digitization process (depicted horizontally). It is worth
noting, however, that much of this work rests on
painstaking, often unglamorous groundwork, and that
real-world digitization is nonlinear, iterative, and full of
unforeseen complications. As such, the figure offers

a simplified vantage point on a far messier reality,
highlighting the breadth of areas where Al tools can
improve or scale workflows.

Moreover, when discussing the application of Al tools
to language digitization, it is important to note that
the decision to digitize a language is not a foregone
conclusion. Before embarking on digitization — or
even precursors such as script creation — it is
essential to engage in community deliberation so
that any choices made about language digitization
remain firmly in the hands of speakers. Script and
digital development carry profound implications for
cultural identity, shaping how a community speaks,
remembers, and projects itself. As a result, speaker
consent and participation are not procedural niceties
but the very conditions of legitimacy. Without

this grounding, digitization risks stalling or, worse,
undermining the communities it claims to support.

14
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Figure 2. The potential role of Al tools in language digitization processes®

Digital inclusion pathways and tools should be community-centered, accessible, and respectful of data rights

Speech-first digitization pathway: creation of tooling for languages that remain oral only
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3.1. Regional, Local, and Community-Led Al
Initiatives Focused on Digital Inclusion

While it is not a “tool” within and of itself, we begin
with one of the most promising trends in Al: the
uptake of Al by regional, local, and other community
organizations to advance digital inclusion on their own
terms. The digitization journey starts with community
choice: Is there a desire to undertake the process of
language digitization, and if so, to what ends and with
which partners? This starting point — undertaken
with community leadership, often in partnership with
technical experts hailing from within and beyond

that community — is multifaceted. It examines both
the potential benefits and pitfalls of digital inclusion
— along with deeper conceptual, legal, and even
epistemological issues regarding, for example, the
community’s approach to and definition of key terms
such as “data” itself.

The digitization journey starts with
community choice.

For many Indigenous communities, this has led to

the articulation of data sovereignty (e.g., the Maori
Data Sovereignty Network®) and data governance
frameworks that assert collective rights over linguistic
data — governing how it is collected, stored,

shared, and reused, including in Al systems.*® These
frameworks often challenge assumptions about “open
data,” emphasizing consent, stewardship, and long-
term community control. Even for many of the most
taken-for-granted terms within 21st century technology

” &«

circles — terms such as “open access,” “open data,”

and more — language communities need to analyze,
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accept, and perhaps reimagine such concepts so that
the digital process itself aligns with community values.

3.2. Al Applications for Script Development
and Foundational Language Infrastructure
Tooling

The second step in the journey pertains to questions
of orality and writing, namely: addressing whether

a language is associated with one or more written
scripts, and whether this script is standardized and
encoded such that it can be stored and rendered
digitally. In the case of communities who speak

an exclusively oral language but are committed to
the creation of a new writing system (or perhaps
standardization), this early stage of the language
digitization process requires extensive human
resources and expertise. It entails devising a new
writing system (also known as a neography),
standardizing this system through the establishment
of spelling systems and other rules (also known as
orthography), encoding the resulting scripts into the
Unicode Standard, and creating supporting keyboards,
typefaces, and other user interfaces. Each of these
sub-steps requires deep linguistic and cultural
knowledge.

However, even in these early stages of language
digitization, there are several ways in which Al can
assist regardless of script.

Grapheme-to-phoneme systems: The history of script
creation and standardization is inseparable from
broader political dynamics, as decisions are frequently
shaped by questions of identity, authority, and power.
Yet Al tools can still play a useful supporting role

once these decisions have been made. Grapheme-to-
phoneme (G2P) systems, for instance, can serve as a
companion tool to assist linguists and communities in

the technical phase of standardizing a script. These
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systems can help ensure that the written symbols

of a language (i.e., letters or characters, also known

as graphemes) consistently match the right speech
sounds (also known as phonemes). Traditionally
rule-based,® Al-driven grapheme-to-phoneme (G2P)
systems can now generalize more widely. By mapping
written symbols to sounds or analyzing a grapheme’s
frequency,*® these models can help expose or resolve
inconsistencies in orthography proposals,* which is
important as orthographic inconsistencies make it
harder to create digital tools and usable data.*> Newer
G2P systems that use multilingual, multimodal, or
metalinguistic data*® can further support languages
outside of those in the training dataset and significantly
reduce phoneme errors that would otherwise degrade
the quality of text-to-speech and other speech
recognition systems further down the line.**

Morphological analyzers: Analyzing the structure and
formation of words — also known as morphological
analysis — is another foundational step for
documenting and effectively encoding a language.
Traditionally, these systems have been rule-based and
are currently applied primarily to downstream tasks
such as spell-checking, grammar correction, and
search functions. Increasingly, however, linguists are
recognizing the potential of Al-powered morphological
analyzers as upstream tools that can support linguistic
analysis itself during the early stages of the digitization
process.*® They have the potential to speed up the
discovery of a language’s morphological structure and
enable the testing of hypotheses about the language.*®
Beyond research, such tools also carry pedagogical
value: They can support literacy by teaching
orthographic conventions during transcription, while
still respecting community choices around linguistic
variation and standardization.*
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Optical character recognition (OCR) systems:

While most Unicode proposals rely on human
documentation, Al can support script encoding efforts
indirectly by identifying, differentiating, and clustering
glyphs (i.e., the specific graphical form used to visually
represent a character) from scanned manuscripts. By
drawing from methods used in library science*® and
paleography,* OCR systems that convert images into
machine-readable text can aid the documentation and
preservation of linguistic evidence which is needed for
script encoding.

Image generation models: Although their use

in this context is still nascent, image generation
models hold potential to support typeface design

and development once a script is encoded.®® These
models can extrapolate from a small set of reference
characters® or transfer styles from higher-resource
languages to generate complete digital fonts for the
entire script.®? This is particularly valuable for scripts
with exceptionally large character sets, such as the
Naxi Dongba script, which comprises over 1,000
characters.5® Supporting even part of this process can
save significant design time for an otherwise extremely
labor-intensive task requiring specialized expertise.
While font style transfer has been more common for
high-resource languages like English®* and Chinese,* it
holds significant promise for complementing work with
new, historic, or revived scripts.

Tools for unwritten languages: It is important

to note that of those digitally disadvantaged,
spoken-only languages whose speakers wish to
pursue digitization, not all language communities
may choose to develop a writing system for their
language. As a result, technical approaches are
emerging that enable the creation and use of digital
tools for languages that do not have a script.
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A key challenge in this situation involves data. How do
you develop a machine translation model, a language
identification system, or a voice assistant when you
lack transcribed data for the language in question
(because it is a language that cannot be transcribed)?
Conventional speech recognition and synthesis
pipelines will not work for unwritten languages. To
address this, researchers are developing alternatives
that bypass the need for orthography, such as speech
recognition systems trained directly on speech audio
or multimodal speech-to-image or image-to-speech
models.%¢ These innovations offer applications from
accessibility tools to voice-driven online services.

3.3. Al Applications for Language Transcription

Once a language can effectively be rendered on devices
through fonts, keyboards, and Unicode encodings,
another set of Al tools can help accelerate work during
the next stage, which involves actually bringing texts
and audio in that language into the digital world. These
language transcription and broader documentation

and data collection processes are crucial not only for
digital preservation purposes, but also for enabling and
improving a wider variety of digital affordances for the
language further down the line.

Language identification models (LID): Accurate
language identification in text or audio is the sorting
mechanism of any pipeline. They can filter vast
amounts of language data crawled from the web or
obtained from mixed-language archives and steer
downstream tools and researchers to the target
language inputs. While the field is mature for higher-
resource languages, it faces a circular challenge when
it comes to digitally disadvantaged ones: Models need
training data to be able to identify the very languages
for which data is not available.5” To overcome this,

researchers lean on multilingual®® and self-supervised®®
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approaches that learn from large unlabeled corpora.
The open-source model GlotLID-M,®° for instance,

can detect 1,665 mostly low-resource languages in
text, while GlotScript® can identify all 161 Unicode 15.0
scripts. These tools allow us to organize recordings and
text scans by language before employing additional

Al tools, thereby reducing potential model misfires on
mixed or mis-tagged scripts or languages.

OCR systems (image-to-text): OCR models convert
images — in this case low-resource scanned print and
handwriting (e.g., palm-leaf manuscripts, early printed
materials) — into searchable, editable text.®? They
have been shown to cut the time needed for manual
transcription by at least half.? While accuracy on
non-Latin scripts still lags,® recent advances on DDLs
indicate that very low-data OCR is still viable: Fine-
tuning open-source models (e.g., Google’s Tesseract)
on synthetic images or vision-language models (e.g.,
Meta’s Llama or Alibaba’s Qwen) on small amounts

of labeled data greatly improves performance.®® In
addition to unlocking search and indexing functions,
OCR can feed downstream machine translation
systems with measurable success even when
recognition is imperfect.®®

Automatic Speech Recognition (ASR) systems
(speech-to-text): Beyond computer vision, ASR
systems unlock oral resources by turning speech into
text, bypassing the transcription bottleneck where one
minute of audio can take up to an hour to transcribe by
hand.®” Multilingual foundation models such as Open
Al’s Whisper®® (covering approximately 100 languages)
and Meta’s Massively Multilingual Speech (MMS)®°
(covering 1,000-plus languages) provide ASR baselines
for DDLs, even extending to languages absent from
the training data.” To boost performance, researchers
applied cross-lingual transfer (drawing from both
related” or even unrelated’ languages), leveraged
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linguistic descriptions such as grammar books™

to supplement scarce data, or developed privacy-
preserving pipelines™ for contexts where access to
data is restricted as illustrated by work on Australian
aboriginal languages such as Kunwinju and Muruwari.
Once established, ASR can support community-facing
uses — voice input, captions, and spoken interfaces
for nonliterate users.

3.4. Al Applications for Supporting Language
Tooling and Datasets

With speech and audio language data successfully
digitized, the final stages of digitization involve
creating and adapting a range of supporting digital
language tools that ensure true digital inclusion.

Al is increasingly the foundation of these tools,
which enable speakers of a language to go beyond
just writing their language digitally and be able to
use and engage with their language in the digital
sphere in accurate, safe, and accessible ways. In
our schematization, we classify into basic digital
affordances (e.g., machine translation systems,
grammar- and spell-checkers, indexing, and search
engines) and more advanced digital affordances
(e.g., natural language processing, voice assistants,
e-learning tools).

Machine translation (traditional, speech-to-speech,
speech-to-text): Machine translation remains a
cornerstone of language technology. Aside from
serving as an important tool in its own right for
speakers of the language to interact in the world and
with other languages, it enables crucial access to tools
and platforms otherwise limited to higher-resource
ones. In the digitization pipeline, machine translation
can help expand endangered-language datasets

by translating materials from dominant languages.
Importantly, translation is no longer confined to text:
Emerging systems can now convert speech in oral-
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Translation is no longer confined
to text: Emerging systems can
now convert speech in oral-only
languages into written translations

only languages into written translations (e.g., Language
A audio — Language B text), aiding documentation
where corpora consist mainly of recordings.” Others
support direct speech-to-speech translation (S2ST),

as in Meta’s 2022 S2ST system for Hokkien, which
outputs synthesized speech in English without
requiring written content in Hokkien.™

Grammar- and spell-checking systems: Historically,
basic tooling for low-resource languages has relied

on rule-based systems — such as Hunspell for

Sorani Kurdish,”” Norway’s Divvun project for Sami
languages™ — which handcraft lexicons and rules

to provide precise spell- and grammar-checking.
Though highly precise, these systems require intensive
linguistic expertise to build and maintain. By contrast,
emerging Al-driven methods are more scalable,
though more data-hungry. While some researchers
treat spelling correction as a machine translation task,
others are turning to LLMs instead.” Comparative
studies show that neural MT-based models outperform
both rule-based methods and LLMs, yet adoption

of these methods individually (or in conjunction) still
hinges on available resources.®

Text-to-speech (TTS) systems: Al systems that

convert text into spoken audio are powerful tools
that can be used for educational purposes (e.g., in
classrooms, learning apps), accessibility purposes

(e.g., screen readers, voice assistants), and more.
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Historically limited to high-resource languages due

to their reliance on vast amounts of training data,
recent multilingual neural TTS models are dramatically
lowering data requirements. Some frameworks
generate intelligible speech for unseen languages
using only text data, while others require as little as
five minutes of audio.®" Where a single fluent speaker
is available, even small TTS systems can produce
usable outputs, and models like ZMM-TTS now deliver
speech output without any training data at all on the
target language.®2 These advances in TTS systems

can bootstrap access to voice assistants, audiobooks,
inclusive digital interfaces, and other supportive tools
for DDLs.

Forced alignment tools: Forced aligners, which

map segments of audio to corresponding text, build
directly on ASR and TTS technologies. Automatically
synchronizing transcriptions with speech is helpful

in cases where transcription is time-consuming and
costly, and they may also leverage cross-lingual
alignment when training data is scarce.®®* While this
technique eases the transcription bottlenecks that
plague under-documented languages, it has also
been successful for developing learning resources for
Indigenous languages.®* For instance, forced aligners
underpin interactive tools like ReadAlong Studio, a
suite of tools that enable students to make sing-along
and read-along audiobooks in their native language.®®

Large language models (LLMs): LLMs are becoming
the scaffolding for advanced digital affordances, and
while they are famously data-hungry, researchers
now combine data augmentation techniques® —
such as distant supervision, rule-based labeling, or
cross-lingual projection — with human-in-the-loop
co-annotation to streamline and scale the process

of creating labeled language corpora needed to use
these models.?” When used carefully and consistently
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with community-driven documentation, this can turn
LLMs into powerful tools to accelerate the transition
of endangered languages into the digital sphere.®®

A collaboration along these lines was successfully
used by researchers to construct an expert-validated
text corpora for Nishu, a rare script that rose to
prominence in the 19th century when it was used by
Yao women in China.®® Researchers at Dartmouth, with
the support of expert annotators, were able to to train
the GPT-4 Turbo LLM on such data and ultimately
created an expanded, first-of-its-kind Nishu-Chinese
digital corpus.®®
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4. Recommendations for Responsibly
Harnessing Al’s Potential

While Al offers transformative opportunities for
advancing digital inclusion, significant structural,
informational, and procedural challenges must

be addressed for its potential to be fully and
responsibly realized for under-resourced and digitally
disadvantaged languages.

4.1. Building Trust and Empowering
Communities

Language digitization is not purely a technical exercise
— it is fundamentally a social contract between
researchers, developers, and the communities whose
languages and cultural heritage are being digitized.
Before digitization or tool development begins, it is
essential to establish shared goals, processes, and
outcomes that are grounded in trust and community
empowerment. Trust is built through co-design, where
communities are engaged not only in the later stages of
language digitization (e.g., as language data sources) but
also in the early stages as co-owners of the processes
and decision-makers at critical digitization junctures.

How and when to use Al tools to support language
digitization workflows should be carefully considered
decisions made by language digitization researchers
and practitioners in conjunction with the relevant
language communities. Together, they may, for
example, decide that certain aspects of language
digitization should never involve Al, while others

can benefit from supporting Al tools. They may also
agree on data governance frameworks that ensure
community ownership over their language data. These
decisions should also account for the environmental

Language digitization is not

purely a technical exercise — it is
fundamentally a social contract
between researchers, developers,
and the communities whose
languages and cultural heritage are
being digitized.

footprint of Al systems, including energy and

water use associated with model training and data
centers, which in some cases are located on or near
Indigenous lands — sparking conversations around
environmental justice and the unevenly distributed
costs of digital inclusion.®

Community empowerment can take many shapes,
such as participatory research designs that center
the voices of language community members and
the creation of dedicated platforms for continued
consultation and feedback. These approaches can
help align research goals with community priorities
while also addressing structural imbalances in
research agendas that are often optimized for high-
resource languages.®® Such biases risk overlooking
the intersectional challenges faced by low-resource
communities, including joint infrastructure, data, and
funding constraints.®
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Recommendations:

e Foster community-engaged convenings and
collaborations: Al researchers and their institutions
should prioritize convening research groups,
workshops, and conferences that aim to identify Al
tooling needs by centering the voices of individual
community members. In doing so, they should
invest in and collaborate with existing grassroots
research networks like AmericasNLP®* and Ghana
NLP® by supporting joint meetings, hackathons, and
regional symposia. These convenings not only build
local capacity and foster innovation but can create
trusted environments for Al co-design and ensure
technologies are developed collaboratively and
transparently while strengthening local ownership.

Build community-driven benchmarks and standards
for basic and advanced digital language tools:
Language digitization researchers and practitioners
should convene multidisciplinary expert panels,
funders, and community representatives to
continually reevaluate current digitization
approaches, co-design comparative benchmarks
for language tools, monitor the adoption of
supporting Al tools, and guide funders toward the
most effective, scalable, and inclusive strategies.
This guarantees that community participation is
embedded at every stage of development and
deployment.

4.2. Laying the Groundwork: Strengthening
Research Foundations

A rapidly growing body of research is developing and
applying Al tools for digital inclusion efforts, including
language digitization and preservation — we highlight
many but by no means all of these efforts in this white
paper. More research is urgently needed to continue
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mapping this landscape and exploring promising
new Al techniques that could further digital inclusion
workstreams and overcome data scarcity challenges.
At the same time, there is little consensus on how
widely existing Al techniques have been adopted in
this field so far, how they have been incorporated into
existing workstreams, and which are most effective
in addressing bottlenecks. Additional research

and consensus-building is needed to answer these
questions and help determine which approaches
should be prioritized by investors funding research in
this space as well as organizations adopting such Al
tools in their digital inclusion work.

As technical Al advances continue at lightning speed,
it will also become even more crucial for linguists,
language technologists, and other digital inclusion
researchers and practitioners to work closely with Al
researchers and developers. More interdisciplinary
exchanges are critical to ensuring that Al developers
are dedicating time and resources to creating tools that
meaningfully address actual bottlenecks in language
digitization rather than building tools optimized for
well-resourced use cases. Moreover, many promising
language technologies remain underrecognized
because they originate in community-led contexts and
fall outside traditional academic publication channels.
Strengthening collaboration between Al researchers
and practitioners working directly with DDLs would
help surface this work, assess tool maturity, and see
that research and investment flow toward field-tested
solutions with genuine impact.

While Al systems, from OCR systems to machine
translation models to LLMs, are useful tools to support
language digitization work, they must be placed

in the broader context of digital capacity-building

and other digital inclusion work. Over-prioritizing Al
could lead to sidelining equally critical foundational
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research and tools that do not involve Al. Foundational
research into the current status of DDLs, for example,
still lacks widely agreed upon definitions, indicators,
and figures. While a variety of organizations and
initiatives (from UNESCQO’s World Atlas of Languages
to Translation Commons and Unicode) have made
significant progress on mapping which languages have
functioning digital tools (such as keyboards, grammar
checkers, or automatic speech recognition), there is as
yet no stable, unified, and up-to-date reference that
takes into account the status of community testing,
integration, and uptake.

Over-prioritizing Al could lead

to sidelining equally critical
foundational research and tools that
do not involve Al.

Recommendations:

e Create reliable resources to track progress on DDLs:
Language digitization researchers and practitioners
should develop a living global dashboard or index
that tracks the status of language tool availability,
quality, and adoption for DDLs. Various efforts to
track and visualize progress on DDLs already exist,
but they could benefit from consolidation and
consensus-building.®®

e Invest in, expand, and evaluate effective Al tools
for language digitization: Language technologists,
linguists, Al researchers, and funders should jointly
assess the maturity, applicability, and real-world
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adoption of current Al tools for language digitization,
including community-built tools that may fall

outside academic visibility, and direct research and
investment toward those with the greatest potential
impact. This requires convening expert panels to
evaluate technical approaches, identifying promising
but underrecognized solutions, uncovering gaps,
and ensuring that Al investments are paired with
sustained funding for the “boring but vital” human
labor and infrastructure that make these tools
effective and scalable.

e Create forums for interdisciplinary exchanges:
Language digitization researchers and practitioners
should create mechanisms for collaborating with Al
researchers, engineers, and ethics scholars, such
as interdisciplinary workshops, Al sprints, or other
platforms that connect Al experts with linguists/
language technologists in need of supporting tools.

4.3. Improving Workflows: From Foundations
to Practice

Historically, language digitization efforts have
typically followed a strict step-by-step approach. In
this white paper, we visualize the different Al tools
that can support individual digitization workflows on
a linear path (see Figure 2). However, this framing
should only be understood as an aid rather than a
prescriptive blueprint for how digital inclusion must
unfold. In reality, language digitization is deeply non-
linear, requiring practitioners to move back and forth
between stages as new constraints, opportunities, and
community priorities emerge.

What’s more, strictly adhering to a sequential
approach can unnecessarily lengthen timelines.
While certain processes must remain sequential —
for example, it is imperative to stabilize a language’s
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writing system before beginning work on script
encoding — parallel work is possible for many
individual workflows. Type designers, for instance,

can begin work on typefaces before script encoding

is complete. And voice data collection can happen in
parallel to lengthier script development and digitization
work. Parallel work can also mean deliberately
establishing practices and infrastructure ahead of time
for steps that will later need to be repeated across
tools and iterations. With Al tools aiding many of these
processes, parallel workflows are more possible than
ever and can lead to significant leaps in the speed of
digitization work.

Organizations and individuals might also harness a
completely different set of tools to speed up their
digital inclusion work for under-resourced languages:
Al tools for internal productivity and communications.
For organizations that are understaffed and
underfunded, Al tools can automate routine tasks (e.g.,
note-taking, grant proposal writing, social media post
generation) or optimize project management (e.g.,
task management, scheduling, resource allocation),
freeing human capacity for community engagement
and strategic planning. Al tools can also help guide
effective work allocation between humans and Al
systems involved in the language digitization tasks
(such as data annotation), though it is crucial for
humans to remain in the loop throughout.®”

Recommendations:

e Move to parallel workflows for language digitization
work: Language digitization practitioners should
identify and formalize opportunities for parallel
workstreams — taking into account the supportive
role that Al tools can play — in order to accelerate
time-to-capacity while maintaining a rigorous
approach.
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e Leverage Al for organizational improvements:
Organizations and individuals leading digital
inclusion should pilot Al-driven productivity tools
that are tailored to the needs of small, resource-
limited teams and enable human oversight.

4.4. Forming Coalitions: From Practice to
Adoption

A significant barrier to digital inclusion is not simply
the development of new technologies but their actual
adoption by technology companies. In many cases,
success hinges less on complex Al breakthroughs and
more on overcoming logistical barriers: connecting the
right people, platforms, and political will. Both formal
and informal incentive structures often discourage or
delay the uptake of proven solutions.

The case of Urdu is illustrative. The language remained
digitally sidelined for decades due to the complexity
of its preferred script, nasta‘lig. It wasn’t until the early
2010s that the first Urdu keyboard was developed for
i0S.%8 Yet Apple continued to use the simpler Arabic
naskh script until a viral open letter in 2014 helped
push for the system-wide adoption of a nasta'liq
font.?® Meanwhile, calligraphers spent a decade
handcrafting the first locally developed Urdu digital
font, and individual researchers collaborated to create
an open-source Urdu dataset that laid the foundation
for Al-powered tools like autocorrect and predictive
text.”°° Still, to this day, limitations in rendering,
platform support, and system compatibility persist.
This example underscores that without sustained
support from major tech platforms, languages like
Urdu risk being reshaped — or erased — by the very
technologies designed to preserve them.

Maori is another important case study. Like many
Indigenous languages, te reo Maori declined sharply
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as a result of colonial assimilation policies. Even after
the Polynesian language stabilized, mainstream digital
platforms continued to privilege more dominant
languages and offered little control over Maori
language data.”! In response, the Maori-led nonprofit
Te Hiku Media pursued a different path: Rather than
relying on Big Tech infrastructure, it built its own
digital platforms and Al tools for speech recognition,
prioritizing community consent and data sovereignty.”®2
To produce the transcribed audio needed to train
speech models to counter the language’s decline, Te
Hiku mobilized thousands of community members
through coordinated recording campaigns. This
produced one of the first high-performing automatic
speech recognition systems for te reo Maori, alongside
tools for transcription, pronunciation feedback,

and language learning.'®® The case is evidence that
meaningful progress is possible outside Silicon Valley,
but sustaining digital inclusion requires long-term
institutional support, enforceable data governance,
and ongoing negotiation over control of a language’s
digital future.

Meaningful progress is possible
outside Silicon Valley, but sustaining
digital inclusion requires long-term
institutional support.

Digital inclusion efforts cannot succeed without
continuous attention and support from policymakers,
funders, journalists, and the language communities
themselves. The highly technical nature of digital
inclusion work can often obscure its everyday
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importance. While Al policy and ethics discussions
have started turning to issues related to low-resource
languages, conversations today predominantly revolve
around cutting-edge technologies like LLMs and

their accessibility and accuracy for such languages.
Scholars rightly point to training data scarcity issues
that make the development of linguistically and
culturally accurate LLMs challenging for DDLs."** Yet
few delve into the core digital infrastructure that many
languages still lack, without which the creation of new
language data is difficult if not impossible. For billions
of people, tools such as grammar checkers, spell
checkers, diverse typefaces, and stable keyboards
remain the priority — and without them, advanced Al
applications are largely irrelevant.

Recommendations:

e Explore and implement mechanisms to study and
reform incentive structures surrounding language
tool adoption: Language digitization researchers and
practitioners should work with industry leaders and
policymakers to identify where market, reputational,
or resource barriers discourage adoption, and create
policies or partnership models that encourage
integration of digital inclusion technologies.

e Strengthen storytelling for general audiences:
Language digitization researchers and practitioners
should develop clear, community-centered
narratives that link digital inclusion to daily life, civic
participation, economic activity, and emergency
response.

4.5. Ensuring Cultural Sustainability: From
Adoption to Impact

Digital inclusion work does not end once language
tools are adopted. Ensuring the sustained and
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culturally sensitive long-term adoption of language
tools and development of more advanced technologies
(such as LLMs for newly digitized languages) is just as
important. In the midst of automation and acceleration,
the continuous inclusion of language experts and
members of the relevant language community is

vital to ensuring genuine cultural representation and
sustainable self-determination.'®® Excluding community
perspectives risks alienating or even harming the very
groups such tools are meant to serve and hurts long-
term adoption once funding cycles end.

Digital inclusion work does not end
once language tools are adopted.
Ensuring the sustained and culturally
sensitive long-term adoption of
language tools and development

of more advanced technologies
(such as LLMs for newly digitized
languages) is just as important.

An example of what happens when linguistic
communities are left out of Al development is

the steep cost, performance, and environmental
penalties faced by non-English speakers in low-
income countries when accessing LLMs.°¢ Because
LLM application programming interfaces (APls)
charge by the token, and many of these languages
break into more tokens during processing than
high-resource languages, speakers of languages
like Bengali, Amharic, or Santali pay at least six
times more for the same task.”” They also generate
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a greater computational and emissions load. This
penalty is not inherent to the languages themselves
but to design choices made without including those
communities at the table, a dynamic that reinforces
existing power imbalances.'®® Resolving the issue
requires involving diverse speakers throughout the Al
development life cycle — from tokenization algorithms
to corpus building, from model evaluation to pricing
discussions — so that Al access becomes both fair and
sustainable.

Researchers, including one of our co-authors, have
outlined recommendations for future culturally aware
language technologies, emphasizing the importance
of scalable, diverse cultural knowledge and inclusive
practices that must be embedded throughout the
tool-development life cycle.®® Just as communities
and users should deliberate on whether to pursue
digitization at all, they must also participate in the
initial stages of problem selection and outcome
definition. Such participation remains critical during
data collection, as shown by Culture Cartography
and CultureBank, a community-based cultural data
collection methodology where native speakers work
with LLMs to document cultural knowledge salient

to themselves but currently unknown to LLMs via a
mixed-initiative, human-Al collaboration manner."®
This approach is an example of a scalable pathway for
addressing the Western-centric biases in LLM training
data and improving the capacity of LLMs to serve
diverse global users.

Tool development itself must also directly engage
intended users™ through co-design and testing akin
to Masakhane’s participatory model — a grassroots
research collective that advances NLP for African
languages by and for African researchers and
communities."
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Finally, continuous, rigorous, and context-aware
evaluation and benchmarking is essential for evaluating
success beyond performance metrics and for directing
investment toward research that is not only scalable
and effective but also inclusive of diverse cultural
perspectives."™

Recommendations:

e Empower culturally aware Al development: Rather
than treating communities merely as data sources,
there should be greater investment in building
technical capacity so community members can
lead development of culturally aware LLMs that
serve their needs and reflect their values. In other
words, infrastructure and technical training need
to be provided to community members to help
them build systems grounded in their own language
expertise and cultural knowledge alongside external
collaborators.

e Promote contextualized adoption and impact
assessment: Work directly with community
members to identify both intended and unintended
consequences of Al deployment for their context,
drawing on their expertise about local norms
and language practices to gain contextualized
understandings and actionable mitigation plans.
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