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Abstract

Natural Language Processing (NLP) has made
significant progress in recent years, largely
driven by large-scale pretrained models and
vast textual and multimodal corpora. How-
ever, these advances remain unevenly dis-
tributed, disproportionately benefiting high-
resource languages while Indigenous and en-
dangered languages—especially those employ-
ing diverse and less widely supported writing
systems—remain underrepresented. This paper
examines the role of writing system diversity
in NLP, with a focus on Indigenous and en-
dangered languages. We propose a theoretical
framework that accounts for variation across
writing systems and its implications for compu-
tational modeling. Specifically, we (i) provide
an overview of writing system diversity, (ii)
synthesize available computational resources,
and (iii) present a structured analysis of chal-
lenges in modeling, tokenization, and evalua-
tion. Our analysis shows that writing system
diversity reveals structural biases embedded in
current NLP pipelines. We conclude by iden-
tifying key open challenges and outlining di-
rections for future research toward more inclu-
sive, script-aware NLP approaches that better
account for writing system variation.

1 Introduction

Recent advances in Natural Language Processing
(NLP) have been largely driven by the availability
of large-scale pretrained models and increasingly
diverse textual and multimodal corpora (Zhang
et al., 2024; Kasilingam et al., 2026). The emer-
gence of large language models (LLMs) has further
accelerated progress, enabling substantial improve-
ments across a wide range of tasks, from machine
translation to question answering (Edman et al.,
2025; Scherbakov et al., 2025). However, these
gains remain unevenly distributed. A growing body
of work has highlighted the persistent underrepre-
sentation of low-resource, Indigenous, and endan-
gered languages in NLP research and infrastructure

(Alam et al., 2024). At the same time, the scale and
data requirements of LL.Ms risk amplifying these
disparities, as languages with limited digital pres-
ence are less likely to be adequately represented in
training data (Mishra et al., 2026). This disparity
is most often explained in terms of data scarcity
and limited resource availability. While these fac-
tors are central, they do not fully account for the
challenges involved. An equally important but less
examined dimension lies in the diversity of writing
systems.

Beyond technical considerations, these chal-
lenges are closely tied to broader questions of
data governance and sovereignty (Horna-Saldana
et al., 2025). For many Indigenous communi-
ties, language data is not simply a resource to
be collected and processed, but a form of cul-
tural and ancestral knowledge that is subject to
principles of ownership, control, and consent (Ed-
man et al., 2025). The development of NLP sys-
tems—particularly large-scale models trained on
web-scale data—raises concerns about data extrac-
tion, lack of transparency, and the potential misuse
of culturally sensitive material.

In this paper, we examine Indigenous and en-
dangered languages by focusing their writing sys-
tems and their implications for NLP. We first pro-
vide an overview of writing system diversity, in-
troducing key typological distinctions and repre-
sentative examples with a focus on Indigenous
and endangered languages. We then synthesize
the current landscape of computational resources
across scripts, including available corpora, tools,
and benchmarks. Finally, we offer a structured
analysis of challenges in tokenization, modeling,
and evaluation, by proposing a theoretical frame-
work across Indigenous writing system diversity,
showing how standard assumptions break down in
the presence of script variation.

Thus, the paper is organized as follows: Sec-
tion 2 presents the relevant work about the writing
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system diversity. Sections 3 presents the computa-
tional resources across Indigenous writing scripts.
The structural bias in NLP pipelines and evalua-
tions is presented in Section 4. And Section 5
addresses a theoretical framework toward script-
aware NLP. Finally, Section 6 provides some con-
clusions and future research directions.

2 Writing system diversity: concepts and
typology

Many Indigenous and endangered languages em-
ploy writing systems that diverge significantly from
the alphabetic conventions that underpin most mod-
ern NLP pipelines (Fakhreldin, 2025). While most
NLP research focuses on "language" as the primary
unit of analysis, this study argues for a shift toward
the "script" as a distinct computational entity.

2.1 What is a writing system?

In both linguistics and NLP, it is crucial to maintain
a distinction between language and script (Keselj,
2009). A language refers to the spoken or signed
form of communication, while a script is the visual
system used to represent that language (Wierzbicka,
2014). In many Indigenous contexts, this relation-
ship is complex; for instance, a single language
may be represented by multiple scripts (digraphia),
or a newly invented script may be central to a com-
munity’s identity (Osborne, 2017; Brandt and So-
honi, 2018; Simpson, 2024). Key notions within
this domain include:

e Grapheme: The smallest functional unit of a
writing system.

* Unit: The level at which a script encodes in-
formation (e.g. phoneme, syllable, or mor-
pheme), which directly dictates how a tok-
enizer processes text.

¢ Orthography: The set of standardized con-
ventions for using a script to write a specific
language. For many Indigenous languages, or-
thographies are often unstandardized or evolv-

ing.

Table 1 illustrates this concretely: the same Pular
sentence submitted in three scripts to three fron-
tier LLMs produces divergent language detection,
inconsistent translation, and variable tokenization,
despite identical semantic content.

2.2 Typology of writing systems

The structural properties of a script—such as
grapheme composition and diacritics—act as com-
putational bottlenecks (Liu et al., 2025). Indige-
nous scripts encompass several typological fami-
lies:

* Alphabetic: Symbols map roughly to indi-
vidual phonemes (e.g. N’Ko, ADLaM, Os-
manya). While these are most compatible
with standard NLP pipelines, they remain
severely underrepresented in pretrained cor-
pora.

* Syllabaries: Each symbol represents a full
syllable (e.g. Cherokee, Vai, Canadian Abo-
riginal Syllabics). Subword tokenization often
fails here because the symbols themselves al-
ready encode the syllabic units that Byte Pair
Encoding (Sennrich et al., 2016), Sentence-
Piece (Kudo, 2018) or WordPiece (Schuster
and Nakajima, 2012; Song et al., 2021) al-
gorithms attempt to derive statistically (Joshi
et al., 2020).

* Abugidas (Alphasyllabaries): Characters en-
code a consonant with an inherent vowel, mod-
ified by diacritics (e.g. Ge’ez, Tifinagh, Ol
Chiki). These systems present non-trivial chal-
lenges for character decomposition, normal-
ization, and rendering.

* Logographic / Morphosyllabic: Symbols
represent words or morphemes (e.g. Mayan
hieroglyphs, Dongba symbols). In these sys-
tems, segmentation is extremely challenging,
and digital corpora are exceptionally sparse.

* Semasiographic / Mixed Systems: Systems
like Nsibidi are symbolic and not strictly tied
to spoken language structure. These are diffi-
cult to model with standard NLP assumptions
and may require multimodal Al approaches.

2.3 Indigenous and endangered scripts

Indigenous scripts are characterized by high levels
of variability and a "long march" toward digital
recognition (Llanes-Ortiz et al., 2023; Manimaran
et al., 2024; Agarwal and Anastasopoulos, 2024).
The Atlas of Endangered Alphabets documents In-
digenous and minority writing systems and high-
lights efforts to preserve them'.

"https://www.endangeredalphabets.net/alphabets/
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Many writing systems, such as the Cherokee syl-
labary or N’Ko, were invented in the 19" and 20"
centuries as tools for cultural preservation. From
both linguistic and NLP perspectives, these scripts
face unique challenges:

e Variability and Standardization: Many
communities lack a single standardized or-
thography.  For example, the Mapuzu-
gun community utilizes three distinct al-
phabets—Unificado, Ragileo, and Aziim-
chefe—which complicates the creation of con-
sistent datasets and models.

* Orality and Revitalization: Many Indige-
nous languages were historically oral and have
only recently adopted written forms. Revi-
talization efforts often lead to script revival
(e.g. Meitei Mayek), introducing further or-
thographic variation.

* The "script tax'': This structural diversity
results in a systematic performance penalty
(Dixit and Dixit, 2026). Models often re-
quire up to 13 times more tokens to represent
the same content in Indigenous scripts com-
pared to Latin ones, which reduces represen-
tational density and increases computational
costs (Petrov et al., 2023).

3 Computational resources across
Indigenous writing scripts

Resource availability for Indigenous scripts is often
described as a "long march to Unicode", where
digital survival depends on integration into global
encoding standards (Agarwal, 2025).

* Data Ecology: Digital corpora are often
skewed toward religious texts or news, nar-
rowing lexical diversity. Digitization is fur-
ther hampered by the lack of script-specific
OCR/HTR for traditions like Wolofal (Cissé
and Sadat, 2023, 2024; Le et al., 2025).

* Infrastructure Gaps: Formal Unicode inclu-
sion (e.g. ADLaM in 2016 (Hossain, 2026))
is only a first step; practical usability requires
standardized keyboard layouts and font render-
ing. It does not guarantee usability. And there
is a persistent lack of standardized keyboard
layouts and font rendering engines (Simpson,
2025).

* Community-Led Innovation: Projects like
Amulwe Kimiin and the Mapuzugun orthog-
raphy converter demonstrate how minimal re-
sources (dictionaries, grammars) can be trans-
formed into tools for revitalization. For Ma-
puzugun, an orthography detector and con-
verter handles the community’s use of three
distinct alphabets: Unificado, Ragileo, and
Aziimchefe (Ahumada et al., 2022).

4 Structural Bias in NLP pipelines

The current NLP pipeline imposes a systematic
performance penalty, or "script tax", not only on
non-Latin writing systems but also on underrepre-
sented systems.

* Tokenization Inequity: The technique such
as subword tokenization (e.g. Byte Pair En-
coding), trained on Latin-dominant data, as-
sumes linear sequences and stable boundaries.
This tokenizer fragments Indigenous scripts
into significantly more tokens—sometimes up
to 13 times more than English (Asprovska and
Hunter, 2024). Therefore, this causes over-
segmentation in scripts with dense graphemes
(e.g. Ethiopic), leading to higher computa-
tional costs and reduced context windows.

* Representational Bottlenecks: LLMs allo-
cate disproportionate capacity to dominant
scripts. This results in measurable drops in
arithmetic and logical accuracy when using
underrepresented scripts like N’Ko or AD-
LaM, even if the underlying meaning is iden-
tical to Hindu-Arabic numerals.

* Modeling Assumptions: Assumptions of
whitespace and linearity break down for
polysynthetic languages or scripts that do not
use spaces.

e Evaluation Bias: Benchmarks, such as EX-
ECUTE (Edman et al., 2025), often assume
Latin-compatible norms and are insensitive
to graphemic variation or segmentation in-
stability. These evaluations reveal that task
difficulty is shaped by writing system struc-
ture rather than character count, yet Indige-
nous scripts are often absent from these frame-
works.
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5 Toward script-aware NLP: A
Theoretical Framework

To address these inequities toward script-aware
NLP, inspired from (Fakhreldin, 2025), we pro-
pose a four-layer theoretical framework designed
to systematically diagnose and address inequities
across different writing systems of Indigenous and
endangered languages. This framework shifts the
unit of analysis from the language to the script.

The Four-Layer Theoretical Framework is con-
stituted by:

(1) Infrastructural Layer: This foundational
layer addresses the basic digital vitality of
a script. Key components include Unicode al-
location, the availability of standardized fonts,
and keyboard input systems. Without this in-
frastructure, scripts remain computationally
invisible regardless of their linguistic impor-
tance.

(2) Representational Layer: This layer focuses
on modeling mechanics, specifically how
scripts are segmented and stored in a model’s
vocabulary. It highlights issues like tokeniza-
tion fragmentation, where non-Latin scripts
are often over-segmented (up to 13 times more
than English), and vocabulary allocation bias,
which favors dominant scripts.

(3) Functional Layer: This layer evaluates per-
formance on downstream NLP tasks such as
Machine Translation, Named Entity Recog-
nition, and arithmetic reasoning using script-
level diagnostics to detect disparities. It identi-
fies the "script tax", a systematic performance
penalty where models underperform on tasks
when using underrepresented scripts, even if
the underlying meaning is identical to high-
resource scripts.

(4) Epistemic Layer: The final layer addresses
the critical and ethical framing of NLP de-
velopment. It is used to reframe "low-
resource" status as a product of policy neglect
rather than technical intractability. It priori-
tizes Indigenous data sovereignty (Russ-Smith
and Randell-Moon, 2025), decolonial ethics
(Philip et al., 2012; Risam, 2018; Chew et al.,
2023), and the reform of evaluation bench-
marks that currently reproduce Western, Latin-
centric standards (Bird, 2020).

6 Conclusion

In this paper, we argued that writing systems con-
stitute a critical and underexplored axis of variation
in NLP. By focusing on Indigenous and endangered
languages, we examined how script diversity inter-
acts with data availability, modeling choices, and
evaluation practices.

Script diversity is not a peripheral "edge case"
but a fundamental test for the next generation of
NLP (Deng et al., 2024). The performance gaps
identified in this study are systematically produced
by engineering design choices that favor alphabetic,
Latin-based norms. Progress requires a refounda-
tion of NLP architectures to include script-aware
tokenization, balanced multiscript pretraining, and
evaluation metrics that respect the orthographic re-
alities of Indigenous communities. Achieving mul-
tiscript equity is a structural precondition for a truly
inclusive multilingual future (Horvéth et al., 2025).
Finally, we outlined future research paths and open
problems for more inclusive, script-aware NLP
techniques. Rather than treating non-alphabetic
and low-resource writing systems as edge cases,
we argued that they exposed fundamental limita-
tions in current approaches and should therefore be
central to the next generation of NLP research.

Ethical Considerations

Working with Indigenous and endangered language
data involves significant risks of perpetuating colo-
nial harms. The study of Indigenous writing sys-
tems is inextricably linked to broader questions of
data governance, data sovereignty, and decolonial
ethics.

Indigenous Data Sovereignty and Gover-
nance: For many Indigenous communities, lan-
guage data is not merely a digital resource to be col-
lected, but a form of cultural and ancestral knowl-
edge subject to principles of ownership, control,
and consent. Researchers must prioritize Indige-
nous data sovereignty, ensuring that communities
remain decision-makers regarding how their scripts
are documented and processed.

Decolonial Ethics and Relationality: Effec-
tive research requires building meaningful, long-
term relationships with language communities
rather than treating speakers as mere "information
sources". This includes acknowledging the role
of the researcher’s positionality and involves cen-
tering the priorities of Indigenous researchers and
building meaningful, long-term relationships with
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language communities

Risks of Reductive Framing and Misuse:
There is a significant risk in treating diverse writing
systems (e.g. ADLaM, Vai, Tifinagh) as a mono-
lithic group, which ignores their unique typological
histories and community contexts. Furthermore,
documenting technical vulnerabilities—such as the
"script tax" or infrastructure gaps—could theoreti-
cally be misused to justify the continued exclusion
or neglect of these scripts in global technology (Za-
ugg et al., 2022; Simpson, 2025).

Accessibility and Benefit-Sharing: Tools devel-
oped through these studies should be made avail-
able to the community for free, supporting revi-
talization and education rather than just academic
advancement.

Limitations

While this study highlights critical biases, it also
faces several structural and technical constraints.

Diagnostic Blind Spots: Many Indigenous
scripts—including ADLaM, N’Ko, and Tifi-
nagh—are currently absent from major tokeniza-
tion and efficiency benchmarks. This omission
reflects a "diagnostic blind spot" where the systems
most in need of evaluation are excluded from the
frameworks used to assess inequity.

Uncertainty of Scaling Laws: It remains an
open question whether simply increasing the scale
of models or data will reduce or exacerbate script-
level disparities. Comprehensive scaling laws that
account for script diversity have not yet been estab-
lished.

Technical Fragmentation: Most existing script-
aware interventions, such as custom tokenizers
or adaptive segmentation, remain isolated exper-
iments rather than features integrated into general-
purpose multilingual models.

Dependency on Transliteration: Digitally dis-
advantaged languages often enter NLP pipelines
through transliteration or partial tooling rather than
fully native-script pathways. This often reduces
the structural distinctiveness of the original writing
systems in the training data.

Publication and Language Bias: The current
literature relies heavily on Anglophone publication
venues, which may overlook relevant scholarship
published in regional or Indigenous languages that
are not indexed in major databases.
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