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Abstract
Multilingual NLP has expanded rapidly through large-scale pretraining and cross-lingual transfer, yet this progress
remains structurally uneven across writing systems. This survey reframes multilingual NLP around scripts rather than
languages, arguing that writing systems constitute a critical and under-theorized axis of computational inequality.
Focusing on African scripts—Indigenous (Vai, Ge’ez, Tifinagh), modern (ADLaM, N’Ko), and adapted Arabic-based
(Ajami)—we analyze how script properties interact with digital infrastructure, tokenization, and downstream task
performance. We organize the literature across four analytical layers: infrastructural (Unicode and input systems),
representational (segmentation efficiency and vocabulary allocation), functional (task-level disparities), and epistemic
(evaluation bias and the “low-resource” framing). Synthesizing evidence from 47 studies, we show that performance
gaps across scripts arise primarily from engineering design choices rather than intrinsic linguistic complexity. We
conclude by outlining a research agenda for native multiscript foundation models, including script-aware scaling laws,
tokenizer equity metrics, and evaluation reform. We argue that multiscript equity is not a peripheral concern but a
structural precondition for genuine multilingual inclusion.

Keywords: African Scripts, Writing Systems, NLP Decolonization, Tokenization Bias, Multilingual Model-
ing

1. Introduction

Natural Language Processing (NLP) has made sub-
stantial multilingual advances through large-scale
pretraining and cross-lingual transfer. Yet these
gains are uneven across writing systems. Model
performance varies systematically with script repre-
sentation, formatting conventions, and tokenization
behavior, indicating that multilingual coverage does
not automatically translate into equity at the script
level (Reddy et al., 2026; Kanjirangat et al., 2025;
Asprovska and Hunter, 2024).

Current NLP infrastructures remain implicitly
Latin-centric. Prior work situates this imbalance
within broader historical and structural dynamics.
Yan and Xu (2024) argue that African NLP develop-
ment reflects colonial-era language hierarchies and
technological dependency, framing the challenge
as infrastructural rather than purely technical. Ade-
bara (2024) further contends that dominant eval-
uation paradigms reproduce Western standards,
while Ògúnrmí et al. (2023) contend that the “low-
resource” label itself reflects structural marginaliza-
tion rather than a purely technical limitation.

Empirical work confirms that script properties
directly influence model behavior. Reddy et al.
(2026) show that Large Language Model (LLM)
arithmetic accuracy declines substantially when nu-
merals are presented in underrepresented scripts
such as ADLaM and N’Ko, demonstrating sensitiv-
ity to script distribution in pretraining. More broadly,
Shani et al. (2026) attribute cross-linguistic per-

formance gaps to architectural and data design
choices (particularly tokenization fragmentation, en-
coding imbalance, and skewed sampling) rather
than linguistic complexity. Complementing this,
Liu et al. (2025) demonstrate that explicitly incor-
porating script data during multilingual pretraining
improves downstream performance, establishing
script structure as a meaningful modeling variable.

Script effects also appear in cross-lingual align-
ment and digitization. Transliteration-based post-
training can partially reduce performance dispari-
ties between scripts (Xhelili et al., 2024), indicat-
ing that representation space alignment is script-
sensitive. At the infrastructural level, limited stan-
dardization, encoding constraints, and lack of script-
specific tooling continue to restrict NLP feasibility
for traditions such as Wolofal (Le et al., 2025; Za-
ugg, 2020; Zaugg et al., 2022).

Collectively, these findings indicate that the issue
is not solely linguistic scarcity but structural imbal-
ance across writing systems. Multilingual models
may include many languages yet allocate dispro-
portionate representational capacity to dominant
scripts (Liu et al., 2025; Teklehaymanot and Ne-
jdl, 2025), with some requiring up to thirteen times
more tokens for equivalent content (Petrov et al.,
2023; Asprovska and Hunter, 2024).

This survey makes four primary contributions:
(1) we introduce a script-centric analytical frame-
work for multilingual NLP, positioning writing sys-
tems alongside language as a fundamental unit of
analysis; (2) we propose a four-layer model to sys-
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tematically diagnose script-induced inequities; (3)
we synthesize empirical evidence demonstrating
that performance disparities across African scripts
arise primarily from engineering design choices, not
linguistic complexity; (4) we articulate a research
agenda toward native multiscript foundation mod-
els, including script-sensitive scaling, tokenizer eq-
uity metrics, and evaluation reform.

2. Methodology

This survey adopts a multidimensional method-
ology that integrates technical analysis with so-
ciotechnical critique. We conducted a structured
literature review across major computational lin-
guistics venues in the ACL Anthology, including
ACL, EMNLP, NAACL, and AfricaNLP workshops,
as well as recent preprints (2024–2026) on arXiv.
Additional sources were identified through IEEE Ac-
cess, the ACM Digital Library, SpringerLink, Google
Scholar, institutional thesis repositories, and spe-
cialized outlets such as the International Journal of
Writing Systems were also consulted.

2.1. Keywords and Selection Criteria
Search terms were grouped into three Boolean clus-
ters: (1)Script/Identity: “African scripts,” “Indige-
nous writing systems,” “ADLaM,” “Tifinagh,” “N’Ko,”
“Ge’ez,” “Ajami/Wolofal,” “Vai”; (2)Computational
Mechanics:“Tokenization bias,” “subword segmen-
tation,” “BPE fragmentation,” “Unicode integration”;
(3)Critical Frameworks: “Digital sovereignty,” “data
colonialism,” “epistemic bias,” “decolonial NLP.”

Studies were included if they (a) presented empir-
ical evidence of performance variation associated
with African scripts, (b) proposed technical inter-
ventions for the digital representation of Indigenous
African writing systems, or (c) examined the histori-
cal development or digital infrastructure supporting
these scripts. The review prioritizes contemporary
research (2020–2026), while retaining foundational
work on script taxonomy and encoding history for
contextual grounding. After duplicate removal and
screening based on these criteria, a final corpus of
N = 47 studies was selected for full-text analysis.

2.2. Key Findings and Categorization
Each selected study was systematically coded
using a structured extraction matrix capturing re-
search questions, targeted scripts, methodological
approach, and contributions to the decolonization
of NLP pipelines.

Findings were organized across four analyti-
cal layers: (1) Infrastructural: Unicode alloca-
tion, keyboard layouts, font availability, and render-
ing constraints; (2) Representational: tokenization

efficiency and vocabulary distribution; (3) Func-
tional: downstream task performance, including
arithmetic reasoning, named entity recognition, ma-
chine translation, and sentiment analysis; and (4)
Epistemic: data sovereignty, colonial hierarchies,
and evaluation fairness.

Figure 1 illustrates the distribution of studies
across these layers, and Table 1 summarizes rep-
resentative works, scripts examined, and thematic
focus within each category.

Figure 1: Distribution of surveyed studies across
the four-layer analytical framework. Studies may
span multiple layers, so counts are non-exclusive.

Layer Primary
Scripts
Covered

Key Studies Focus

Infrastruc-
tural

Ge’ez, Vai,
ADLaM, N’Ko,
Tifinagh,
Ajami, Bamum

Kasonde (2025);
Zaugg (2020);
Simpson (2025);
Graaf (2025)

Unicode encoding,
font rendering,
keyboard input,
digital vitality,
script history /
taxonomy

Represen-
tational

ADLaM, N’Ko,
Ge’ez

Ahia et al. (2024);
Teklehaymanot
and Nejdl (2025);
Kanjirangat et al.
(2025); Liu et al.
(2025)

Tokenization bias,
subword
segmentation,
vocabulary
allocation,
script-aware
pretraining

Functional ADLaM,
Osmanya,
N’Ko, Ge’ez,
Ajami
(Wolofal)

Reddy et al.
(2026); Ojo et al.
(2025); Le et al.
(2025); Edman
et al. (2025)

Downstream task
performance: MT,
NER, sentiment,
arithmetic,
benchmarks, HTR

Epistemic Broad African /
General
Multilingual

Yan and Xu
(2024); Adebara
(2024); Ògúnrmí
et al. (2023);
Zaugg et al.
(2022)

Data sovereignty,
colonial
hierarchies,
evaluation
fairness,
decolonial
frameworks

Table 1: Summary of surveyed literature by analyti-
cal layer, with representative studies and thematic
focus

2.3. Limitations
The number of studies explicitly centered on Indige-
nous African scripts remains limited, and in many
cases scripts appear only as secondary variables,
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constraining direct cross-script comparison. The
review also relies predominantly on Anglophone
publication venues, which may overlook relevant
scholarship published in Indigenous or regional lan-
guages not indexed in major databases.

3. Taxonomy of African Writing
Systems and Computational

Viability

African writing systems span a diverse landscape
of typological families and historical trajectories, in-
cluding long-standing Indigenous scripts, locally
invented modern scripts (neo-traditional), and
adapted traditions—most notably Latin and Ara-
bic (Ajami)—integrated into African linguistic com-
munities over centuries (Kelly, 2018; Voogt, 2014).
This diversity carries direct computational conse-
quences: script typology influences font rendering,
keyboard design, Unicode inclusion, and the repre-
sentational layers of NLP pipelines (Asprovska and
Hunter, 2024; Kanjirangat et al., 2025; Simpson,
2025).

3.1. Typological Classification and NLP
Implications

Historical and comparative studies situate Indige-
nous scripts like Vai and Bamum, and modern in-
ventions like ADLaM, within a pattern of continuous
African script innovation (Kelly, 2018; Voogt, 2014;
Simpson, 2025). Voogt (2014) identifies a chrono-
logical shift from syllabic to alphabetic script design
after the 1930s, driven by regional transmission pat-
terns and missionary standardization rather than
linguistic necessity.

Empirical research demonstrates that these
scripts do not merely store information: they shape
how models reason. Shifting from standard Hindu-
Arabic digits to underrepresented scripts like Os-
manya or N’Ko results in a measurable “script tax”,
where LLMs experience significant drops in arith-
metic and logical accuracy despite identical under-
lying semantics (Reddy et al., 2026; Shani et al.,
2026). This degradation is amplified by tokeniza-
tion parity gaps: subword segmentation trained on
Latin-dominant corpora fragments African-scripted
text into disproportionately more tokens, increasing
computational costs and reducing representational
density (Ahia et al., 2024; Teklehaymanot and Nejdl,
2025; Asprovska and Hunter, 2024).

3.2. Infrastructural Constraints and
Digital Survival

Indigenous and neo-traditional scripts face infras-
tructural marginalization. Digital survival depends
on integration into global encoding standards, yet

the path from script invention to Unicode inclusion
is lengthy and institutionally mediated (Waddell,
2016; Simpson, 2025). Even after formal encoding,
a lack of standardized keyboard layouts and font
rendering engines often renders these scripts invis-
ible to major datasets (Zaugg, 2020; Zaugg et al.,
2022).

The case of Wolofal (Wolof Ajami) exemplifies
the challenges of digraphia, where multiple scripts
compete for the same language. Ajami functioned
as a widespread literacy system in Senegal long be-
fore colonialism (Sall, 2020), yet its absence from
standardized digital orthographies and the lack of
Ajami-specific OCR mean that many historical doc-
uments remain computationally inaccessible (Le
et al., 2025; Yousuf et al., 2026).

3.3. Orthographic Properties as
Computational Bottlenecks

The structural properties of a script (grapheme com-
position, diacritics, and segmentation density) dic-
tate how efficiently a tokenizer can process text
(Kasonde, 2025). High character-to-token ratios in
scripts like Ethiopic or Tifinagh lead to tokenization
imbalance, which propagates bias into downstream
tasks such as translation and summarization (Tek-
lehaymanot et al., 2025). Addressing these gaps
requires script-aware tokenization calibrated to the
segmentation properties of each writing system
(Teklehaymanot and Nejdl, 2025; Teklehaymanot
et al., 2025).

4. Data Ecology and Corpus
Provenance

The performance disparities observed across
African writing systems are fundamentally rooted
in data ecology. The availability, provenance, and
digitization maturity of corpora determine whether a
script is central or marginal to global NLP pipelines
(Yan and Xu, 2024; Alabi et al., 2025; Hussen et al.,
2025).

4.1. Historical Foundations and
Digitization Gaps

Digital corpora for African languages are often con-
strained by colonial legacies. Long-standing In-
digenous literacy traditions such as Ajami remain
severely under-digitized due to historical suppres-
sion in favor of Latin-based systems, resulting in
significant gaps in available textual resources (Sall,
2020). These gaps are compounded by limited
Unicode support and font rendering infrastructure,
which restrict script visibility in online repositories
(Zaugg, 2020). Where digitization has been at-
tempted, existing Arabic-trained OCR systems fail
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to handle West African orthographic conventions,
producing significant errors in manuscript process-
ing (Yousuf et al., 2026).

4.2. Domain Concentration and Corpus
Skew

African NLP datasets exhibit significant domain con-
centration, with heavy reliance on religious texts,
news, and institutional translations (Alabi et al.,
2025; Yan and Xu, 2024). This skew narrows lexical
diversity and reinforces standardized orthographies
over community-specific variants. Transliteration-
based data augmentation compounds the problem
by mediating script diversity through Latin repre-
sentations, reducing the structural distinctiveness
of original writing systems in training data (Xhelili
et al., 2024).

4.3. Representational Inequity
Representational capacity in multilingual LLMs is
implicitly distributed across scripts through vocabu-
lary size, token frequency, and segmentation gran-
ularity. This creates a structural imbalance anal-
ogous to bandwidth allocation in communication
system. Non-Latin scripts are over-segmented, re-
quiring up to seven times more tokens for equiva-
lent semantic content (Teklehaymanot and Nejdl,
2025; Kanjirangat et al., 2025; Petrov et al., 2023).

This imbalance has measurable functional con-
sequences. Token inflation degrades reasoning
and numeracy performance in scripts like N’Ko and
ADLaM (Reddy et al., 2026), and reduces effective
context windows for African-scripted text (Ahia et al.,
2024). These disparities trace back to data alloca-
tion and subword segmentation design rather than
to properties of the languages themselves (Shani
et al., 2026; Emezue, 2026).

4.4. Quantifying Segmentation
Imbalance

Several empirical indicators have been proposed to
quantify script-level tokenization disparities, includ-
ing characters-per-token ratios, tokens-per-word
ratios, and fragmentation rates across scripts (Tek-
lehaymanot and Nejdl, 2025).

Table 2 presents a cross-study synthesis of to-
kenization disparities across script families. Re-
ported metrics include Tokens per Sentence (TPS),
Characters per Token (CPT), and relative Token
Premium compared to English. Color coding
denotes efficiency tiers ranging from optimal to
severely disadvantaged, with gray indicating un-
measured cases.

TPS values are computed using the cl100kbase
tokenizer on FLORES-200 Teklehaymanot and Ne-
jdl, 2025. CPT captures average character-to-token

ratios, while Token Premium reflects relative token
inflation across tokenizer types compared to En-
glish (Petrov et al., 2023; Asprovska and Hunter,
2024). Segmentation behavior summarizes docu-
mented BPE granularity patterns (Ahia et al., 2024;
Kanjirangat et al., 2025). Prior studies report infla-
tion ratios of up to 13 times across 108 languages,
with disparities persisting even under byte-level
models (Asprovska and Hunter, 2024; Petrov et al.,
2023).

Synthesizing these metrics across script fam-
ilies reveals a marked efficiency gradient, from
relatively compressed Latin-based scripts to over-
segmentation in Ethiopic and Devanagari. No-
tably, Indigenous African scripts such as ADLaM,
N’Ko, and Tifinagh remain absent from compara-
tive benchmarks. This omission constitutes more
than incomplete coverage: it reflects a diagnostic
blind spot, where the scripts most in need of system-
atic evaluation are excluded from the measurement
frameworks used to assess inequity.

These distortions are unevenly distributed:
scripts with complex grapheme structures or exten-
sive diacritic systems are particularly prone to frag-
mentation under subword tokenization schemes
trained on Latin-dominant corpora (Teklehaymanot
and Nejdl, 2025). In digraphic contexts, such as
Ajami, orthographic variation and parallel script
usage further destabilize segmentation (Le et al.,
2025). Tailored tokenizer designs for specific
scripts have demonstrated potential in mitigating
these effects, enhancing both tokenization effi-
ciency and evaluation stability in morphologically
rich languages like Tigrinya (Teklehaymanot et al.,
2025).

4.5. Modeling Consequences

Frequency-driven vocabulary allocation further am-
plifies the representational gaps described above.
Subword merges optimized on Latin-dominant
corpora consistently under-allocate capacity to
low-frequency scripts, resulting in persistent over-
segmentation that inflates sequence length and
raises per-token attention costs (Kanjirangat et al.,
2025; Asprovska and Hunter, 2024; Petrov et al.,
2023). Scripts with dense grapheme inventories
and rich morphological structures, such as Ethiopic,
are especially vulnerable: generic segmentation
schemes fail to capture their structural patterns, and
current models support only around 42 African lan-
guages despite over 2,000 being spoken (Hussen
et al., 2025). Incorporating script-specific metadata
into multilingual pretraining pipelines has shown
measurable downstream benefits, underscoring
the importance of treating script properties as ex-
plicit training signals (Liu et al., 2025).



100

Script Family TPS CPT Prem. Segmentation Behavior

Latin 50.2 2.61 1.0× Word-level; optimal compression across all benchmarks.

Han (Simplified) 56.8 — 0.9–1.1× Near-parity; single-token characters compensate for multi-byte encoding.

Cyrillic — 1.58 1.2–2.5× Moderate fragmentation; stable TP in encoder models.

Arabic — 1.28 1.1–1.4× Alphabet-family consistency (SD = 0.51); reduced compression.

Ethiopic (Ge’ez) — <1.0 >2.0× Over-segmentation; dense grapheme inventory and diacritics exacerbate fragmentation.

Devanagari — 0.99 — Subword-level under BPE; character-level in byte models. MAGNET reduces to
word-level.

Myanmar 357.2 — 4.4–12× Character/byte-level fragmentation; highest tokenization cost measured.

Tibetan — 0.49 3.7–6.7× Severe fragmentation; UTF-8 multi-byte overhead compounds disparity.

ADLaM, N’Ko, Tifinagh, Osmanya, Vai, and Bamum are absent from all major tokenization benchmarks (FLORES-200, Common Crawl evaluations).
No TPS, CPT, or segmentation data exists for these African scripts.

Table 2: Cross-study synthesis of tokenization disparities across script families. Metrics include Tokens
per Sentence (TPS), Characters per Token (CPT), and relative Token Premium compared to English.
Color coding indicates efficiency tiers (optimal to severely disadvantaged), with gray denoting unmeasured
cases.

5. Digital Infrastructure and
Standardization

The digital vitality of African writing systems de-
pends on a complete technical ecosystem, span-
ning encoding standards, input tools, and acces-
sible corpora. Evidence indicates that this infras-
tructure shapes which scripts achieve functional
usability in digital environments and which remain
marginalized (Zaugg et al., 2022; Yan and Xu,
2024). Simpson (2025) further shows that Unicode
operates as a gatekeeping mechanism, conferring
technological legitimacy through processes that are
as institutional and political as they are technical.

5.1. Unicode Integration and Encoding
Constraints

Unicode inclusion marks a critical first step toward
digital recognition, but achieving encoding is a pro-
longed process. For instance, ADLaM was in-
vented in 1989 but not included in Unicode until
version 9.0 in 2016, a trajectory requiring decades
of grassroots advocacy (Waddell, 2016; Simpson,
2025). Subsequent platform adoption further illus-
trates the scale of post-encoding effort: Microsoft
invested in font development and keyboard inte-
gration to support ADLaM alongside several other
African scripts, framing digital infrastructure as a
vehicle for script revitalization and cultural preser-
vation (Bach, 2019). Nevertheless, formal inclusion
alone does not ensure practical usability, as digital
inequities persist when platform-level implemen-
tation lags behind standardization (Zaugg, 2020;
Zaugg et al., 2022).

Beyond encoding, orthographic inconsistency
presents an additional challenge. Even languages
with established Unicode support, such as Icibe-
mba, experience unstandardized grapheme-to-

phoneme mappings that complicate automated pro-
cessing (Kasonde, 2025). Ajami traditions face an
amplified version of this problem, where the ab-
sence of unified orthographic conventions across
regions introduces variation that destabilizes cor-
pus creation (Le et al., 2025). More broadly, Graaf
(2025) argues that current text encoding models,
including Unicode, rely on assumptions—such as
linearity, plain text, and formatting independence—
that fail to capture the structural complexity of many
writing systems.

5.2. Input Systems and Digital Mediation

Even after scripts are encoded, daily writing de-
pends on accessible input tools. The prevalence
of ASCII-compatible systems and QWERTY key-
boards makes native-script typing cumbersome,
prompting many users to adopt Latin translitera-
tion (Zaugg et al., 2022; Yan and Xu, 2024). In
Ethiopia, limited Ethiopic input tool usability has
driven frequent Latin transliteration, affecting the
representation of the script in digital corpora (Za-
ugg, 2020). Researchers working with African
manuscripts often develop custom keyboards and
specialized tools to accommodate extended diacrit-
ics and script-specific characters, particularly for
Ajami texts (Yousuf et al., 2026). The development
of ADLaM support in Microsoft Windows—including
the Ebrima font and dedicated keyboard layouts—
illustrates the scale of platform integration required
to bridge the gap between Unicode encoding and
everyday usability (Bach, 2019). This dependence
on sustained advocacy and ad hoc solutions high-
lights the persistent distance between formal encod-
ing and practical accessibility, reinforcing corpus
imbalances.
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6. NLP Tasks Across African Scripts

NLP tasks serve as diagnostic lenses, revealing
script-specific constraints. Empirical studies indi-
cate that performance differences across African
languages are frequently driven by orthographic
structure and tokenization design rather than intrin-
sic linguistic complexity (Reddy et al., 2026; Shani
et al., 2026). Large-scale benchmarks further show
that current LLMs consistently underperform on
African languages across multiple tasks, and that
simply increasing model size does not eliminate
these disparities (Ojo et al., 2025).

6.1. Morphological Processing and
Machine Translation

Morphologically rich languages are especially sen-
sitive to tokenizer design. Syllable-based tokeniza-
tion improves representation quality in syllable-rich
languages like Swahili, outperforming statistically
derived subword methods that fail to capture ag-
glutinative structures (Atuhurra et al., 2024). In
Southern African Bantu languages, BPE vocab-
ulary size and tokenizer implementation strongly
influence translation quality, with SentencePiece
outperforming subword-nmt in agglutinative con-
texts (Rajab, 2022). Language-specific tokenizers
for Swahili, Hausa, and Yoruba further demonstrate
that monolingual or regional tokenizers outperform
global multilingual alternatives (Erasmo Ndomba
et al., 2025). For Nguni languages, learning sub-
word segmentation during training rather than rely-
ing on fixed preprocessing yields stronger results
under low-resource conditions (Meyer, 2025).

This finding suggests that current “one-size-fits-
all” multilingual models suffer from a representa-
tional bottleneck, where global vocabularies fail to
capture the morphological density of African scripts.
It implies that for a multilingual system to be truly
equitable, it must incorporate decentralized, script-
specific representational layers rather than relying
on a single shared vocabulary.

In machine translation, script mismatch rep-
resents an additional modeling barrier beyond
lexical divergence. Transliteration-based post-
training improves cross-script alignment (Xhelili
et al., 2024), while script-aware tokenization and
domain-adaptive fine-tuning are critical for morpho-
logically complex targets such as Tigrinya (Tekle-
haymanot et al., 2025; Gaim and Park, 2025).

6.2. Classification, NER, and Sentiment
Analysis

Sentiment analysis and emotion recognition bench-
marks reveal persistent performance gaps for
African languages. The AfriSenti dataset, cover-
ing 14 languages, shows that language-specific

pretraining substantially improves classification
accuracy compared to generic multilingual mod-
els (Muhammad et al., 2023). Similarly, the
BRIGHTER dataset demonstrates that current
LLMs struggle with emotion recognition across 28
languages, highlighting significant limitations for
low-resource contexts (Muhammad et al., 2025).
In healthcare applications, MT and NER errors in
African languages pose safety-relevant risks, with
tokenization inefficiency and dataset imbalance
identified as key contributors (Okafor, 2025).

Small, targeted language models trained on cu-
rated regional corpora can outperform much larger
general-purpose LLMs on classification and gen-
eration tasks for low-resource African languages,
indicating that data quality and architectural align-
ment are more influential than model scale (Otoibhi
et al., 2025).

6.3. Script-Level Evaluation
Evaluation benchmarks are increasingly incorporat-
ing script-level diagnostics. The EXECUTE bench-
mark assesses character- and word-level token
manipulations across diverse scripts, showing that
task difficulty is shaped more by writing system
structure and tokenization segmentation than by
character count alone (Edman et al., 2025). For di-
graphic and manuscript traditions, OCR and hand-
written text recognition require specialized datasets
and preprocessing pipelines tailored to regional
orthographic conventions (Yousuf et al., 2026).

Table 3 formalizes what Reddy et al. (2026) de-
scribe as the “script tax”: a systematic performance
penalty arising from script representation rather
than task complexity, with converging evidence
from numeracy tasks, multi-task benchmarks, per-
formance decomposition, and token manipulation
evaluations.

7. Toward Native Multi-Script
Language Models

The findings of this survey highlight three interde-
pendent strategies for achieving script-level equity
in multilingual NLP: tokenization reform, balanced
pretraining, and evaluation redesign.

7.1. Script-Aware Tokenization
Mitigating segmentation imbalances requires mov-
ing beyond frequency-driven subword methods.
Ahia et al. (2024) introduce script-specific adap-
tive compression that equalizes segmentation rates
across scripts without compromising model quality,
showing that fairness can be explicitly incorporated
as a tokenization parameter. Similarly, learning
segmentation during training rather than relying
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Task Domain Baseline Script-Level Impact ∆ Primary Disparity Source

Arithmetic
reasoning

HA numerals: ≈100%
accuracy (4 LLMs)

ADLaM, N’Ko, Osmanya: ≈0%
(excluded from regression). All
non-HA scripts show sig. negative
coefficients (p < 10−4).

66–100% Tokens-per-digit (β = −0.198,
p < 10−8); script under-representation in
pretraining corpora.

Multi-task NLU (7
tasks, 64 langs)

English avg: 70.0%
(Gemma 2 9B)

African language avg: 39.6%.
Largest gaps on knowledge QA
and math.

−30.4 pp Resource availability; tokenization
inefficiency; gaps persist with model
scaling.

Knowledge &
reasoning

English MMLU: 69.8%;
Math: 68.8%

African MMLU: 36.1%; Math:
20.7% (same model).

−33.7 / −48.1 pp Reasoning-intensive tasks amplify
script-mediated disparities beyond
surface-level NLU.

Token
manipulation
(char/word level)

English: 64.8% avg
(Gemma 2 9B)

Arabic: 51.6%; Hindi: 57.9%.
Amharic/Ge’ez: ≈98% (inverse
effect).

Variable CWT statistics predict difficulty;
low-resource scripts may outperform due
to absence of learned linguistic bias.

Disparity decomposition: Performance gaps decompose into orthographic (UTF-8 byte asymmetries, shared-vocabulary bias toward Latin),
morphological (disappears under morphology-aware tokenization), lexical (amplified by subword fragmentation), and data exposure factors. When
these design choices are controlled for, much of the apparent difficulty diminishes, suggesting the gaps are artifacts of pipeline construction.

Table 3: The “script tax”: task-level performance degradation attributable to script representation. Arith-
metic data from Reddy et al. (2026), who coined the term; multi-task and knowledge benchmarks from
AfroBench (Ojo et al., 2025); token manipulation from EXECUTE (Edman et al., 2025); disparity decom-
position from Shani et al. (2026). ∆ = performance gap relative to baseline. pp = percentage points.
HA = Hindu-Arabic. CWT = character-word-token ratio. The convergence across independent studies
confirms that these performance penalties are traceable to pipeline design (tokenization, data allocation,
and vocabulary construction) rather than to inherent task difficulty.

on fixed preprocessing improves performance for
morphologically complex languages (Meyer, 2025),
and region-specific tokenizers consistently outper-
form global multilingual alternatives.

7.2. Balanced Multiscript Pretraining
Equitable modeling necessitates careful control
over vocabulary allocation and sampling distribu-
tions during pretraining (Emezue, 2026; Teklehay-
manot and Nejdl, 2025). Region-specific founda-
tion models trained on curated corpora provide a
practical alternative to large-scale parameter ex-
pansion, with evidence that architectural alignment
and data quality can outweigh sheer model size for
African language tasks (Otoibhi et al., 2025). More
broadly, calls for infrastructural reform highlight the
importance of diversified corpora, robust tooling
ecosystems, and community-led data governance
as essential foundations for sustainable progress
(Yan and Xu, 2024; Adebara, 2024; Ògúnrmí et al.,
2023).

7.3. Evaluation Reform and Epistemic
Reframing

Current evaluation frameworks can reinforce script
bias by assuming Latin-compatible orthographic
norms or relying on benchmarks insensitive to
graphemic variation and segmentation instability
(Reddy et al., 2026; Edman et al., 2025). Persistent
use of the “low-resource” label risks normalizing
scarcity that stems from infrastructural inequality,
historical standardization, and policy neglect (Za-
ugg et al., 2022; Ògúnrmí et al., 2023; Minhas and

Salawu, 2024). Script-robust evaluation should
integrate metrics sensitive to formatting variation
and segmentation stability, along with native-script
benchmarks for manuscript traditions and non-Latin
writing systems (Yousuf et al., 2026; Ojo et al.,
2025). Addressing these challenges requires not
only technical innovation but a reorientation of eval-
uation design toward the linguistic and orthographic
realities of African communities (Adebara, 2024;
Emezue, 2026).

The “low-resource” label normalizes scarcity by
framing performance gaps as an inevitable conse-
quence of data volume, which obscures the me-
chanical role of engineering choices—such as the
13× token inflation observed in some African
scripts. This framing discourages the development
of script-aware architectures by treating technical
failure as a data limitation.

8. Research Gaps and Open
Problems

Despite growing awareness of script-level dispar-
ities, several structural gaps remain. First, script-
aware interventions—such as custom tokenizers,
adaptive segmentation, and script-informed pre-
training—are largely isolated experiments rather
than integrated into general-purpose multilingual
models (Teklehaymanot et al., 2025; Liu et al., 2025;
Ahia et al., 2024). The interaction between segmen-
tation design and morphological richness has yet to
be systematically examined across script families
(Teklehaymanot and Nejdl, 2025; Meyer, 2025).

Second, script-sensitive scaling behavior is
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poorly understood. While representational varia-
tion clearly affects performance, comprehensive
scaling laws that account for script diversity have
not been established (Reddy et al., 2026; Shani
et al., 2026). It remains an open question whether
increasing model or data scale reduces or exacer-
bates script-level disparities (Ojo et al., 2025; Xuan
et al., 2025).

Third, digitally disadvantaged languages often
enter NLP pipelines through transliteration or partial
tooling rather than fully native-script pathways (Yan
and Xu, 2024; Zaugg et al., 2022). Coordinated ef-
forts to develop multiscript corpora, segmentation-
aware architectures, and script-sensitive evaluation
frameworks are essential for achieving structural
progress.

9. Conclusion

This survey has argued that writing systems, rather
than languages alone, represent a key axis of in-
equity in multilingual NLP. Across the four analyti-
cal layers considered—infrastructural, representa-
tional, functional, and epistemic—a clear pattern
emerges: African scripts are systematically disad-
vantaged by choices embedded in encoding stan-
dards, tokenization algorithms, corpus construc-
tion, and evaluation frameworks—rather than by
the inherent properties of the languages or scripts
themselves.

Framing African languages as “low-resource”
obscures the infrastructural and historical condi-
tions—such as encoding exclusion, corpus imbal-
ance, and evaluation bias—that generate scarcity
(Ògúnrmí et al., 2023; Zaugg et al., 2022). Sustain-
able progress requires rethinking governance, data
ownership, and modeling assumptions away from
extractive paradigms (Adebara, 2024; Yan and Xu,
2024), a principle that directly extends to digital
environments where script exclusion perpetuates
historical marginalization.

Addressing these disparities calls for coordinated
structural reform: integrating script-aware tokeniza-
tion into general-purpose models, imposing delib-
erate constraints on vocabulary allocation during
pretraining, and developing evaluation frameworks
capable of detecting script-level asymmetries. With-
out treating writing systems as explicit computa-
tional variables, multilingual models risk reproduc-
ing the very digital hierarchies they inherit.

The future of multilingual NLP depends not only
on adding more languages, but on rethinking how
writing systems are represented, allocated, and
evaluated within foundational architectures. Achiev-
ing multiscript equity is not an optional extension of
multilingual NLP—it is its foundational precondition.

Ultimately, reclaiming African voices in the digi-
tal age requires treating writing systems as explicit

computational variables; this is not merely a tech-
nical adjustment, but a structural precondition for a
truly inclusive and decolonized multilingual NLP.

10. Ethics Statement

This survey examines structural inequities in how
NLP systems represent African writing systems.
Several ethical considerations warrant explicit ac-
knowledgment, as highlighted below.

Positionality and Framing. We adopt a decolo-
nial framework that foregrounds power asymme-
tries in language technology. While we argue
that the “low-resource” label may reflect structural
marginalization as much as a technical condition,
we acknowledge that framing choices carry epis-
temic consequences. Our analysis is conducted
from an academic institutional perspective, with ef-
forts to center the priorities and perspectives articu-
lated by African NLP researchers and communities
throughout the surveyed literature.

Community Agency and Data Sovereignty.
African writing systems are disadvantaged by de-
sign choices embedded in encoding standards,
tokenization algorithms, and corpus construction
practices. Addressing these disparities must in-
volve affected communities as decision-makers,
not merely as data providers. Corpus development,
orthographic standardization, and digital infrastruc-
ture design for Indigenous scripts should be guided
by the communities themselves, in line with prin-
ciples of data sovereignty and self-determination
emphasized in the reviewed literature.

Risks of Reductive Framing. Survey-level anal-
ysis requires generalization across diverse scripts,
languages, and communities. We caution against
treating African writing systems as monolithic; the
scripts examined (ADLaM, N’Ko, Vai, Ge’ez, Tifi-
nagh, Ajami, and others) differ in typology, history,
digital maturity, and community context. Our four-
layer analytical framework is intended as a diagnos-
tic tool, not as a prescriptive or uniform solution.

Potential for Misuse. Although this work aims
to promote equity in NLP, documenting script-level
vulnerabilities—such as tokenization disparities or
gaps in digital infrastructure—could theoretically be
misused to justify exclusion or neglect. We encour-
age the NLP community to interpret these findings
as motivation for structural investment rather than
as evidence of inherent technical intractability.

No Human Subjects. This study is a literature
survey and does not involve human participants,
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personal data collection, or experimentation on in-
dividuals or communities.
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