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Abstract

Multilingual machine translation for endan-
gered and severely underrepresented lan-
guages faces two interacting challenges:
scarce parallel data and uneven subword
vocabulary allocation across writing sys-
tems. We study these factors for seven
Indian tribal languages, Gondi, Mundari,
Bhili, Santali, Kui, Garo, and Kokborok,
spanning four language families and four
scripts. We release a speaker-curated Hindi—
English—X tri-parallel corpus of approxi-
mately 20k sentences per language across six
community-relevant domains, with all devel-
opment and test references human-curated or
independently speaker-verified. @~ We evalu-
ate prompted LLMs, fine-tuned IndicTrans2
and NLLB-600M, and byte-level ByT5 un-
der corpus-Native, Devanagari-Unified, and
Latin-Unified script conditions. Fine-tuning
improves chrF++ by 16-25 points over prompt-
ing, but script unification is strongly model-
dependent: the same Latin conversion im-
proves Kui under NLLB-600M while sub-
stantially degrading performance under In-
dicTrans2. We introduce Script Tokeniza-
tion Parity and Script Sensitivity to analyse
script—tokenizer interaction; byte-level mod-
elling reduces Script Sensitivity from 14.2 to
2.1 chrF++, localizing most cross-script vari-
ance in learned vocabulary allocation. Our
findings show that script choice in endangered-
language MT is not routine preprocessing, but
a community-sensitive modelling decision that
directly shapes linguistic representation, trans-
lation quality, and equitable digital access.

1 Introduction

India’s census records more than 460 tribal lan-
guages spoken by over 100 million people !, yet

!Census of India 2011, C-16: Population by Mother
Tongue, Office of the Registrar General & Census Commis-
sioner, India: https://censusindia.gov.in/nada/index.
php/catalog/10191.
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nearly all lack parallel corpora, standardised eval-
uation suites, and meaningful representation in
the pretraining distributions of multilingual sys-
tems (Khanuja et al., 2021, 2023; Khan et al.,
2024). The consequences of this absence are im-
mediate for digital access. In practice, it affects
whether agricultural advisories, public-health pro-
tocols, governance information, and language-
documentation materials can be produced and ac-
cessed directly in the relevant community lan-
guage, rather than mediated through a high-
resource language such as Hindi or English. This
gap limits access to education, health informa-
tion, governance, and digital participation, while
also constraining computational support for lan-
guage documentation and revitalisation. For com-
munities where these languages encode agricul-
tural knowledge, oral governance, ritual practice,
and everyday communication, functional transla-
tion tools are not merely a technical convenience
but part of equitable access to digital information.

A second, less visible barrier operates upstream
of parallel data : multilingual MT systems process
text through learned subword vocabularies that al-
locate capacity unevenly across scripts (Chai et al.,
2024; Tonja et al., 2024). When a language’s writ-
ing system is poorly represented, the same con-
tent can be fragmented into long, unstable token
sequences a tokenization premium that weakens
cross-lingual transfer even when parallel data is
available (Blevins et al., 2024). Transliteration
can reduce such fragmentation in low-resource In-
dic settings (Winata et al., 2023), but its effect is
not uniform: results are mixed for well-resourced
pairs (Tran et al., 2026), and shared-script prox-
imity with Hindi does not prevent copying arti-
facts or lexical-ambiguity errors (Blaschke et al.,
2025). Crucially, a conversion that reduces frag-
mentation under one tokenizer may increase it un-
der another, making script normalisation a model-
dependent intervention rather than a harmless pre-
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processing step (Xhelili et al., 2024).

We study this interaction for seven endangered
or severely underrepresented Indian languages -
Gondi, Mundari, Bhili, Santali, Kui, Garo, and
Kokborok, spanning four language families and
four scripts. We construct a human-curated,
speaker-verified Hindi—English—X tri-parallel cor-
pus of ~20k sentences per language, covering
agriculture, health, local governance, education,
everyday dialogue, and the cultural data. Native
speakers from tribal research institutes and com-
munity organisations curated or verified all devel-
opment and test references. Against this bench-
mark, we evaluate prompted LLMs (GPT-40-mini,
Llama 3 8B, Mistral 7B), fine-tuned subword
MT systems (IndicTrans2, NLLB-600M), and
byte-level ByT5 under corpus-native, Devanagari-
unified, and Latin-unified script conditions. Fig-
ure 1 summarizes the full study design, from
the speaker-curated Hindi-English-X benchmark
to multi-script MT evaluation and tokenizer-level
analysis.

Contributions.

¢ A controlled multi-script MT benchmark
for seven endangered Indian languages, with
human-verified Hindi—English—X tri-parallel
data (~20k sentences each) across six
community-relevant domains. To our knowl-
edge, this provides the first MT parallel re-
source at meaningful scale for Kui, Garo, and
Kokborok.

¢ Diagnostic metrics and evidence that
script effects are tokenizer-mediated. We
propose Script Tokenization Parity (STP)
and Script Sensitivity (ScSens) to quan-
tify script—tokenizer interaction. Script
preferences reverse between IndicTrans2
and NLLB-600M; byte-level ByT5 reduces
ScSens 6.8 x, implicating vocabulary alloca-
tion as the dominant mechanism.

* A principled community-validity bound-
ary. Santali/Ol Chiki, despite carrying the
highest tokenization cost in the corpus, is
excluded from script unification because no
lossless conversion is supported, establishing
that tokenization parity is necessary but not
sufficient.

* A practical screening workflow: Compute
STP before fine-tuning, validate conversion

with community speakers, and treat script
choice as a conditional, model-dependent de-
cision.

2 Related Work

Multilingual Transfer for Low-Resource MT.
Massively multilingual MT shares supervision
across languages through common parameters and
vocabularies (Johnson et al., 2017; Aharoni et al.,
2019), but transfer depends on data balance, typo-
logical proximity, and whether high-resource lan-
guages dominate the shared space (He and Glass,
2020; Fan et al., 2021; Conneau et al., 2020).
These conditions are rarely favourable for endan-
gered languages absent from pretraining, and re-
cent evaluations confirm that current systems fail
at this tier for Indian tribal languages (Khanuja
et al., 2023; Singh et al., 2025a) .

Script Diversity and Tokenization Challenges.
Multilingual tokenizers encode scripts unevenly,
allocating dense coverage to high-resource or-
thographies while fragmenting others into long,
unstable sequences (Petrov et al., 2023; Rust et al.,
2021). Encoding-length ratios as high as fifteen-
fold have been reported across languages (Petrov
et al., 2023), with downstream consequences for
translation quality; complementary information-
theoretic analysis relates tokenisation efficiency to
downstream performance (Zouhar et al., 2023).

Script conversion can help when it moves a lan-
guage closer to a well-covered tokenizer (Zhuang
et al., 2025), but gains are mixed (Jaavid et al.,
2024), and shared Devanagari with Hindi does not
prevent drift or copying errors (Zhang et al., 2023).
Our experiments move from tokenizer-level diag-
nosis to controlled MT experiments, showing that
the same script conversion can improve one model
while degrading performance in another.

Byte-Level Modeling and Community Evalua-
tion. Byte-level models remove the learned sub-
word vocabulary entirely. ByT5 processes raw
UTEF-8 bytes (Xue et al., 2022); a sharp decrease
in script sensitivity under ByT5 on identical data
implicates vocabulary allocation, not script iden-
tity, as the dominant source of variance. We use
this as a mechanistic test. Endangered-language
MT (Nuha and Jatowt, 2025) also requires evalu-
ation beyond automatic metrics: standard scores
can miss semantic drift, cultural-term loss, and
safety-relevant ambiguity (Nehrdich et al., 2024).
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Figure 1: Overview of the benchmark and experimental design. The study covers seven underrepresented Indian
languages across four families and four scripts, builds a speaker-verified Hindi-English-X tri-parallel corpus, and
evaluates four translation directions under multiple script conditions. Prompted LLMs, fine-tuned subword MT
systems, and byte-level models are compared to analyze tokenizer-mediated transfer.

We pair automatic evaluation with native-speaker
audits and treat conversion as invalid when it dam-
ages linguistic or cultural content. Appendix A
extends this discussion with information-theoretic
perspectives, and concurrent endangered-language
benchmarking.

3 A Grassroots Multi-Script Tri-Parallel
Corpus

Motivation. The seven languages in this study
are either absent from public MT training corpora
or represented only through small, fragmented
resources. Samanantar (Ramesh et al., 2022)
and BPCC (Gala et al., 2023) include limited
Santali coverage; BHEPC (Singh et al., 2025a)
contributes Bhili-Hindi—English data; Kokborok,
Garo, and Kui have no publicly available paral-
lel corpus of meaningful scale. Web-crawled or
pivot-translated alternatives are unreliable at this
tier: the digital footprint of these languages is
sparse, online orthography is inconsistent, and
community-specific vocabulary for kinship, agri-

culture, ritual practice, local governance, and
ecological knowledge is either absent from web
text or flattened into Hindi and English para-
phrases (Bird, 2020; Blasi et al., 2022).

Language Background & Seed Data Creation.
The benchmark covers seven tribal/endangered
and severely underrepresented Indian languages
spanning distinct regions, families, and writing
systems. Bhili is an Indo-Aryan language of
western and central India; Gondi and Kui are
Dravidian languages associated with central In-
dia and Odisha; Mundari and Santali are Aus-
troasiatic languages of eastern India; and Garo
and Kokborok are Tibeto-Burman languages of
the north-east, including Meghalaya, Assam, and
Tripura. Despite active speaker communities, all
seven remain weakly represented in public MT
resources and multilingual pretraining data. Ta-
ble 1 summarises the validated script conditions.
Gondi, Mundari, and Bhili are represented in
our corpus in Devanagari, while Garo and Kok-
borok are represented in Latin. Kui, represented
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Table 1: Languages and script conditions in the Hindi—
English—X benchmark. N denotes the corpus-native
script condition, v* denotes an evaluated script conver-
sion, and “~" denotes a conversion excluded by the
linguistic-validity gate. N in a unified-script column in-
dicates that the unified script is the corpus-native script,
so no conversion is applied. * marks languages for
which this corpus provides, to the best of our knowl-
edge, the first MT parallel data at meaningful scale.

Lang. Family Script Native Deva. Latin
Bhili Indo-Aryan Devanagari
Gondi Dravidian Devanagari

N
N
Mundari Austroasiatic ~ Devanagari N
Santali Austroasiatic Ol Chiki N
Kuix Dravidian Odia N
Garox Tibeto-Burman Latin N
Kokborokx Tibeto-Burman Latin N

EE ENVIENENEN

AN NN

in Odia, provides a non-Devanagari, non-Latin
conversion case, while Santali in Ol Chiki is
treated separately because validated lossless con-
version to Devanagari or Latin was not supported
in our pipeline. The corpus contains Hindi—
English—X triples across six community-relevant
domains: agriculture, health, local governance, ed-
ucation, everyday dialogue, and cultural knowl-
edge. Seed sentences were drawn from public-
domain or permissively licensed sources; when
one high-resource side was missing, it was pro-
duced with IndicTrans2 and verified by a bilin-
gual reviewer, but endangered-language gold ref-
erences were never model-generated. Additional
metadata, morphological complexity profiles (Fig-
ure 4, Appendix B ), and transliteration validation
details appear in Appendices B & C.

Translation Workflow and Quality Assurance.
Approximately five native speakers per language
contributed over three months, selected for ac-
tive language competence, literacy in the corpus
script, and domain familiarity. Where possible,
we recruited teachers, community literacy work-
ers, and contributors involved in language doc-
umentation; compensation followed government
daily-wage norms through tribal research insti-
tutes. Every translation underwent independent re-
view by a second fluent speaker checking seman-
tic fidelity, script consistency, named entities, nu-
merals, and domain-specific terminology. Flagged
sentences were corrected and rechecked; unresolv-
able cases were excluded. After verification, we
applied Unicode NFC normalisation, whitespace
and punctuation cleanup, and script-consistency
checks. Sentence-level filters removed examples

with fewer than 6 or more than 80 words; near-
duplicates were collapsed before splitting. Train,
development, and test splits were constructed with
strict sentence-level disjointness at an approxi-
mately 90/5/5 ratio; overall attrition from seed to
final benchmark is 2.3% (Table 6), Appendix B.
More details in Appendix E, C and D.

Script Conversion Pipeline. Each language is
evaluated in up to three representations: corpus-
native, Devanagari-unified, and Latin-unified.
Conversions use IndicXlit (Madhani et al., 2023),
the Transformer-based neural transliterator re-
leased with the Aksharantar dataset, applied with
fixed decoding settings. Because a learned translit-
erator can introduce systematic errors, each condi-
tion passes two validity gates that mitigate rather
than eliminate conversion error: (i) automatic
checks for unmapped characters, round-trip char-
acter error, mixed-script artifacts, and proper-noun
distortion; and (ii) native-speaker review on a ran-
dom sample. The corpus-native script condition
provides the baseline for each language: Devana-
gari for Gondi, Mundari, and Bhili, Odia for Kui,
Ol Chiki for Santali, and Latin for Garo and Kok-
borok. Script-conversion effects are always re-
ported relative to this corpus-native baseline.

Santali as a Boundary Case. Santali is evalu-
ated only in corpus-native Ol Chiki. The script
encodes Santali-specific phonological distinctions
central to community education and identity. Nei-
ther Devanagari nor Latin conversion passed our
validity gate: no existing library supports Ol Chiki
conversion without systematic information loss.
Santali carries the highest tokenization premium
(2.49x relative to English on NLLB; Table 10,
Appendix G), making it the language for which
unification would offer the largest efficiency gain.
That it must nonetheless be excluded demonstrates
that tokenisation efficiency cannot override com-
munity linguistic authority (Appendix C).

4 Experimental Setup

We evaluate four directions: Hindi— X, X—Hindi,
English—X, and X—English for every language
where X is one of seven tribal languages: Bhili,
Gondi, Mundari, Santali, Kui, Garo, or Kokborok.

Model Selection. Our comparison isolates three
factors: general multilingual knowledge, task-
specific adaptation, and tokenizer-mediated script
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Table 2: Adaptation gains from GPT-40-mini
five-shot prompting to the best corpus-native
fine-tuned MT system, reported as macro-
average chrF++ over seven languages.

Direction Prompted Fine-Tuned A

Hi—X 23.4 42.9 +19.5
X—Hi 29.4 53.8 +24.4
En—X 19.9 36.5 +16.6
X—En 30.1 48.8 +18.7

Fine-tuned scores select the best corpus-native
system per language—direction from IndicTrans2,
NLLB-600M, and ByT5-small using development
data. Bhili—Hindi IndicTrans2 is marked with *
because lexical overlap may inflate automatic met-
rics.

effects. Prompted baselines. GPT-40-mini (Ope-
nAl et al., 2024), Llama 3 8B-Instruct (Grattafiori
et al., 2024), and Mistral 7B-Instruct (Jiang et al.,
2023) are evaluated in zero-shot and five-shot set-
tings to measure how far instruction-tuned LL.Ms
reach without target-language supervision. Sub-
word MT systems. We fine-tune two models
whose tokenizers differ in script bias. Indic-
Trans2 (Gala et al., 2023) uses a SentencePiece
vocabulary shaped by scheduled Indian languages,
giving dense Devanagari coverage and NLLB-
600M (Costa-Jussa et al., 2022) distributes ca-
pacity more broadly, with stronger Latin-script
and English representation. If script effects are
tokenizer-mediated, the same conversion should
produce different and potentially opposite out-
comes under these two vocabularies. Byte-level di-
agnostic. ByT5-small (Xue et al., 2022) encodes
raw UTF-8 bytes, eliminating learned vocabulary
allocation as a source of fragmentation. It serves
as a mechanistic control: if script sensitivity drops
sharply under ByT5 on identical training data, the
subword vocabulary not script identity is the dom-
inant source of variance. All fine-tuned models
share the same train/dev/test splits per language-
script condition; hyperparameters and compute de-
tails appear in Appendix H.

Diagnostic metrics. We introduce three statis-
tics to quantify script—tokenizer interaction; to our
knowledge, no prior work formalises these mea-
sures for controlled MT evaluation. Script Tok-
enization Parity (STP) measures the encoding cost
of representing language L in script condition S
relative to its corpus-native script Spat:

SFrag(L,S,T)

STP(L,S,T) = SFrag(L, Shat,T) o

Table 3: Script-conversion effects in
X—Hindi translation. Scores are Ay in
chrF++ relative to the corpus-native baseline.
Positive values indicate improvement over
the native-script condition. Sign differences
across IndicTrans2 and NLLB-600M show
tokenizer-mediated reversals.

Language Model Ayt Deva Ay Latin

Gondi T2 +0.0% +4.3
Gondi NLLB +4.1% +13.2
Mundari T2 —0.9% +1.6
Mundari NLLB —10.7% +0.3
Bhili T2 +0.0% —23.8
Bhili NLLB —4.2% —6.5
Kui T2 —-1.8 —28.0
Kui NLLB +19.3 +12.8
Garo T2 +6.7 —6.9%
Garo NLLB +12.0 +4.8%
Kokborok 1T2 —13.0 +0.0%
Kokborok NLLB —3.8 +0.0%

+ Unified script identical to the corpus-native
script; trained as a separate run, so these values
index run-to-run variation rather than a script ef-
fect.

Here, SFrag(L, S,T) is the mean subword to-
ken count per sentence for language L under script
condition S and tokenizer 7', and S,.; denotes
the corpus-native script. Values below 1 indi-
cate reduced fragmentation relative to the corpus-
native script, while values above 1 indicate in-
creased fragmentation. STP re-anchors estab-
lished subword-fertility measures (Petrov et al.,
2023; Rust et al., 2021) to each language’s corpus-
native script, so that a value isolates the encod-
ing cost of a script conversion rather than abso-
lute fertility. Because reduced fragmentation im-
proves translation only when the resulting sub-
words are well supported, STP functions as a
tokeniser-conditioned screening diagnostic rather
than a model-independent quality predictor (Fig-
ure 5).

Full STP values appear in Table 10 (Ap-
pendix G). Fragmentation change & MT change,

Afrag = FertL,Snat,T — FertL,ng, @)
AMT = ChTF++L7S7M — ChTF++L,Snat,M~

test whether reduced tokenization cost corre-

sponds to translation gain (Figure 5 in Ap-

pendix G). Script Sensitivity measures how much

a model’s quality varies across script representa-

tions of the same content:

ScSensys,r, = max chrF++(L,S, M)

— msln chrF++(L,S, M). )
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Lower ScSens indicates greater robustness to
script choice.

For X—Hindi, ScSens varies only the script
representation of the source, while all outputs
are evaluated against the same Devanagari Hindi
references. The resulting differences there-
fore reflect variation in the input representation
rather than changes in the reference script. For
Hindi/English—X, references are converted to
the corresponding target script and outputs are
evaluated directly in that script, without back-
conversion. Since chrF++ and BLEU may them-
selves vary across script representations, compar-
isons in these target-X directions should be inter-
preted accordingly.

Evaluation. We report chrF++ (Popovié, 2017)
as the primary metric and BLEU (Post, 2018) for
comparability. Pairwise comparisons use paired
bootstrap resampling (Koehn, 2004) (N=1,000,
p<0.05); full 95% confidence intervals appear in
Appendix K. Automatic scores are supplemented
with speaker-based evaluation (Section 6).

5 Results

Three results emerge from the controlled com-
parison. Prompting fails for this language tier;
script unification is not a stable intervention but
a tokeniser-dependent one; and removing the
learned vocabulary collapses most cross-script
variance, locating the mechanism in subword al-
location rather than script identity.

Prompting Is Not Enough. Prompted LLMs
produce unstable output across the seven lan-
guages, establishing a baseline against which the
value of community-curated parallel data can be
measured. The full 0-shot and 5-shot prompt-
ing results for all Native, Devanagari, and Latin
script settings are reported in Tables 14-25. GPT-
4o0-mini achieves its highest five-shot chrF++ of
56.0 on Bhili—Hindi, where extensive lexical and
script overlap with Hindi inflates surface similar-
ity, but averages only 29.4 across X—Hindi (Ta-
ble 15). Llama 3 and Mistral frequently sub-
stitute Hindi or English for the requested target,
a language-routing failure observed for Bhili in
prior work (Singh et al., 2025a) and confirmed
here across all seven languages. Full prompting
results appear in Appendix L.

Fine-Tuning Narrows the Gap. Table 2 sum-
marises the adaptation gain. Fine-tuned systems

Table 4: Script sensitivity in X—Hindi translation.
Lower ScSens indicates greater robustness to script
choice; ByT5 reduces average sensitivity from 14.2
to 2.1 chrF++. Santali is excluded because lossless
Ol Chiki conversion was not supported.

Language IT2 NLLB ByT5 IT2/ByTS

Gondi 43 132 2.8 1.5
Mundari 25 110 2.0 1.2
Bhili 23.8 6.5 24 9.9
Kui 28.0 193 3.1 9.0
Garo 13.6 12.0 1.6 8.5
Kokborok 13.0 3.8 0.7 18.6
Average 142 11.0 2.1 6.8

304 = ndicTrans2
NLLB-600M
B ByT5-small

154

104

Script sensitivity (chrF++)

o

8\ N <O oF S o0 e
w B ¢ p\&o‘ o \r&“é X e

Figure 2: Script sensitivity in X—Hindi translation.
Lower ScSens indicates greater robustness to script
choice; ByT5 reduces average sensitivity by 6.8, in-
dicating that most cross-script variance comes from
learned subword vocabulary allocation.

improve over prompted GPT-40-mini five-shot by
16-25 chrF++ across all four directions, with the
largest gain in X—Hindi (+24.4), where encoding
the endangered-language source is the bottleneck.
The finetuning results for Native, Devanagari, and
Latin script settings are reported in Tables 5, 27 &
28. The reverse directions are harder, they require
generation in languages with minimal pretraining
support but still gain 17-20 points. Roughly 20k
in-domain triples suffice to move these languages
from unreliable prompting to functional transla-
tion. Table 5 reports full corpus-native fine-tuning
grid across languages, directions, and model fam-
ilies. Unified-script results are in Appendix J;
we flag Bhili—Hindi there because speaker audit
finds lexical overlap and copying artifacts that in-
flate automatic scores (Appendix F) and training
details are in Appendix H & J.

Script Effects Are Tokenizer-Dependent. The
same script conversion can have opposite effects
across models, so script alone cannot explain the
observed differences. We analyse script effects
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within each model while holding the architecture,
base checkpoint, data splits, training configuration,
and decoding fixed and varying only the script rep-
resentation of the same content (Section 4; Ap-
pendix H). Thus, each Apr measures a fixed
model’s response to script representation. Since
the model families also differ in architecture and
pretraining, we use fokenizer-mediated to identify
learned vocabulary allocation as a supported con-
tributor rather than the exclusive cause.

Table 3 reports Ay for X—Hindi from the
fine-tuned results in Appendix J, with positive
values indicating improvement over the corpus-
native baseline. Latin conversion degrades Kui
by 28.0 chrF++ under IndicTrans2 but improves it
by 12.8 under NLLB-600M; Devanagari is near-
neutral under IndicTrans2 (—1.8) but strongly
beneficial under NLLB-600M (419.3). Devana-
gari also improves Garo under both systems
but harms Kokborok under IndicTrans2 (—13.0).
These reversals are not explained by lexical copy-
ing: Kui has only 0.001 word-level overlap with
Hindi and substantially lower subword overlap
than Bhili across all three tokenisers (Table 11),
yet its conversion still flips sign across models.
Bhili—Hindi, where high overlap (Ov=0.608 un-
der IndicTrans2) may inflate automatic scores,
is treated separately as a confound and marked
with T (Appendix F). Under these controlled com-
parisons, the reversals therefore point to model-
specific vocabulary allocation rather than script
identity alone (Figure 3).

Tokenization statistics further support this ac-
count (Table 10; Appendix G). For Kui under In-
dicTrans2, Devanagari reduces fertility from 6.05
to 2.39 (STP=0.396), mean sentence length from
71.9 to 28.5 pieces, and raises observed vocabu-
lary utilisation from 0.26% to 9.33% (Table 13),
yet yields only Ayyr=—1.8, compared with +19.3
under NLLB-600M. Thus, reduced fragmentation
alone is insufficient: vocabulary overlap and sub-
word quality modulate its translation effect. Fig-
ure 5 similarly shows that reduced fertility corre-
lates with chrF++ gains under NLLB-600M but
not IndicTrans2.

Byte-Level Models Localize the Mechanism.
If script effects primarily arose from properties of
the scripts themselves, they should persist with-
out a learned subword vocabulary. Instead, mean
X—Hindi ScSens falls from 14.2 chrF++ for Indic-
Trans2 and 11.0 for NLLB-600M to 2.1 for ByT5-

small, a 6.8x reduction relative to IndicTrans2
(Table 4; Table 29; Figure 2). The largest reduc-
tions occur for Kokborok, Bhili, and Kui, where
subword-model sensitivity is highest. Residual
ByTS5 sensitivity can reflect byte-length asymme-
try, but UTF-8 byte units are deterministic, loss-
less, and shared across scripts; thus, high ByT5
fertility represents a sequence-length cost rather
than the rare, script-specific fragmentation asso-
ciated with vocabulary-exhaustion failures in sub-
word models (Xue et al.,, 2022). This contrast
supports learned vocabulary allocation, rather than
sequence length alone, as a major contributor to
cross-script variance.

Because chrF++ is a character n-gram met-
ric, some measured ScSens could in principle be
metric-induced. The X—Hindi comparison lim-
its this confound: only the source representation
varies, while every condition is scored against
the same unchanged Devanagari Hindi references.
Under this controlled setup, ByT5 exhibits only
2.1 chrF++ mean ScSens, providing an empiri-
cal estimate of residual sensitivity; the roughly
12 chrF++ gap between IndicTrans2 and ByT5
therefore cannot plausibly be explained by the met-
ric alone.

The pattern persists at larger capacity: for
Kui, the highest-ScSens case under ByT5-small,
fine-tuned ByT5-base (~580M) varies by only
0.45 chrF++ across source scripts for X—Hindi
(Appendix J; Table 26). Nor is the reduc-
tion explained by score range: after normalis-
ing ScSens by each model’s mean chrF++, ByT5
remains roughly 6.5x less sensitive than Indic-
Trans2, while Kui—its lowest-scoring X—Hindi
case—still has the largest ScSens among the ByT5
languages (Table 30). Hindi—Kui nevertheless
favours Latin under ByT5-base, showing reduced
source-side script sensitivity without guarantee-
ing target-side invariance. Restricting ScSens to
the seven validated conversions, excluding cases
where the unified and corpus-native scripts coin-
cide, likewise preserves the pattern: mean sensitiv-
ities are 12.9, 9.2, and 2.0 chrF++ for IndicTrans2,
NLLB-600M, and ByT5-small, respectively. To-
gether, the capacity, score-range, reference, and
script-grid controls support learned vocabulary al-
location as a major contributor to the observed
script sensitivity.

Fragmentation Alone Does Not Explain Qual-
ity. Santali and Kui provide the strongest coun-
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terexample to a naive “shorter-is-better” account.
Santali has the highest tokenization premium in
the corpus (2.49x vs. English on NLLB; Ta-
ble 10), yet achieves the highest corpus-native
chrF++ among the seven languages in both
X—Hindi (82.2, IT2) and Hi—X (65.8, NLLB).
Kui has lower native fertility but is the most frag-
ile generation case: En—Kui peaks at only 17.7
(ByTS5), with qualitative analysis revealing vocab-
ulary exhaustion and critical failures. This con-
trast separates fragmentation from effective sub-
word coverage: Santali benefits from consistent
Ol Chiki representation in IndicTrans2’s pretrain-
ing, whereas Kui suffers from poor Odia-script
subword support despite lower raw token counts.

The pattern remains model-dependent across all
four translation directions. Pooling the 28 valid
script-conversion cases per model, reduced frag-
mentation is moderately associated with transla-
tion gain under NLLB-600M (p= + 0.56; slope
+5.9, 95% CI [-2.2, +16.7]), but only weakly
under IndicTrans2 (p= + 0.14; slope —0.4, 95%
CI [—4.1, +15.4]), where slopes denote chrF++
change per subword token per word; both inter-
vals include zero. These pooled correlations dif-
fer from the X—Hindi-only values in Figure 5
(p= 4+ 0.61 for NLLB-600M and —0.21 for In-
dicTrans2) because they include all four directions.
Overall, lower fragmentation can help but does not
consistently imply better MT quality across mod-
els (Appendix G; Table 12).

6 Qualitative Error Analysis and Human
Evaluation

Automatic metrics capture aggregate trends but
cannot determine whether an output is acceptable
for the communities it is meant to serve. A trans-
lation may obtain partial chrF++ overlap while
drifting into a neighbouring language, flattening
a culturally specific term, or producing unread-
able script artifacts. We therefore complement au-
tomatic evaluation with speaker-accountable error
analysis (Nimo et al., 2025) across the full experi-
mental grid.

Annotation Protocol. Expert linguists anno-
tated outputs using an eight-class error taxonomy
(E1-E8; Appendix M) and a five-point MQM-
inspired severity scale collapsed into critical, ma-
jor, and minor bands. Two linguists independently
annotated each segment, with disagreements adju-
dicated by a senior speaker. Annotation guidelines,

Cross-tokenizer script effects (X - Hindi)

204 . .
@® Devanagari conversion

Latin conversion

10

Garo Devg

g @ O fivew
°

—101 Kokborok Deva

Ayt under IndicTrans2 (chrF++)

Bhili Latil

35

Kui Latin

_30 L T T T T T
-30 -20 -10 0 10 20
Ayt under NLLB-600M (chrF++)

Figure 3: Cross-tokenizer script effects in X—Hindi
translation. Each point is a language—script conver-
sion plotted by Apyr under NLLB-600M and Indic-
Trans2. Points in opposite-sign regions show tokenizer-
mediated reversals, where the same conversion helps
one model but hurts the other.

agreement statistics, and full distributions are pro-
vided in Appendices L and N. The audit cov-
ers a stratified sample of 259 corpus-native Indic-
Trans2 outputs across languages and translation
directions, rather than every model-script condi-
tion; comparative samples from the other systems
and unified-script conditions are inspected sepa-
rately (Appendix N). The human analysis there-
fore complements the aggregate automatic evalu-
ation; automatic-score gains alone are not treated
as evidence of acceptable translation.

Error landscape. The error profile varies
sharply by language family, script condition, and
model. Devanagari-native languages mainly show
semantic adequacy errors (E1), but differ in sec-
ondary failures: Bhili shows target-language drift
toward Gujarati (ES), while Mundari shows mor-
phological flattening (E6) in agglutinative verb
clusters. Latin-native Garo and Kokborok suffer
under IndicTrans2’s Devanagari-heavy tokenizer
but improve under NLLB-600M, whose vocabu-
lary provides broader Latin coverage. Under De-
vanagari unification, Garo improves while Kok-
borok degrades under IndicTrans2, matching the
Ay reversals in Table 3. Kui concentrates the
most severe failures: garbled mixed-script out-
put and malformed token sequences (ES8), together
with routing toward Standard Odia (ES). Santali
provides the opposite case: despite the highest to-
kenisation premium, it remains strong in corpus-
native Ol Chiki, showing that effective subword
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Table 5: Corpus-native fine-tuning results across directions and languages. Each cell reports BLEU/chrF++ in the
native-script condition. * marks Bhili—Hindi, where lexical overlap may inflate automatic scores (Appendix F).

Dir. Model Gondi Mundari Bhili Santali Kui Garo Kokborok
1T2 11.04/36.13 10.07/22.64 49.23/54.06 67.05/64.77 2.35/23.04 19.13/33.43 34.39/37.34
Hi—X NLLB 11.98/30.38 18.53/43.45 34.93/53.90 46.14/65.76 1.42/14.70 2.39/21.83 12.88/44.24
ByT5 11.81/36.36 17.36/41.45 17.26/41.97 26.54/46.06 2.07/21.58 5.78/33.39 14.44/43.00

1T2 17.29/23.00 28.04/29.76 84.24/79.15°
17.38/33.46 30.19/49.23 40.33/56.69
23.71/45.35 25.50/45.87 35.93/54.28

X—Hi NLLB
ByT5

82.93/82.19 23.94/41.88 19.13/30.33 19.18/48.63
49.45/64.12 3.21/16.32 11.11/27.24 22.68/43.25
28.32/43.78 5.77/22.27 12.10/30.46 11.44/29.96

1T2 6.27/30.98
En—X NLLB 5.61/21.07 11.06/33.52
ByT5 5.01/23.11 7.81/26.90

13.65/21.53

12.98/31.95
11.57/26.92
5.52/21.95

49.32/44.91 0.90/9.74 19.30/32.60 10.07/30.54
31.35/50.33 1.55/14.73 10.62/39.69 20.94/51.06
13.09/27.62 1.59/17.72 13.02/39.43 22.08/49.95

1T2 64.35/49.98 33.52/38.78
X—En NLLB 5.87/27.26 24.08/45.88
ByT5 10.32/31.41 17.04/37.77

12.30/47.63
10.70/35.22
13.95/36.17

63.00/59.96 20.38/39.80 30.74/28.96 15.41/51.90
25.05/49.09 4.66/22.71 25.14/46.74 26.84/48.45
12.31/31.13  5.98/24.93 22.38/43.62 20.54/41.61

coverage matters more than raw sequence length
(examples in Figures 8- 11, Appendix M & O).

Direction- and Model-Specific Failures. Error
severity varies by direction and model family. Into-
X directions (En—X, Hi—X) concentrate critical
errors because decoding occurs in sparsely cov-
ered vocabulary regions. En—X is hardest, with
garbled Kui output (ES8), Bhili language drift (ES),
and semantic hallucination in Garo and Kokborok
(E1). X—Hindi and X—English are more re-
liable because decoding occurs in high-resource
languages, while Hi—X lies between these ex-
tremes, benefiting from Hindi—X lexical proxim-
ity for Devanagari-script languages but degrad-
ing for distant pairs such as Hindi—Garo and
Hindi—Kokborok. Across script conditions, In-
dicTrans2 is strongest for Devanagari-proximate
languages but fails on script-distant pairs, par-
ticularly with E8 for Kui and E5 for Bhili and
Latin-native languages under Devanagari conver-
sion. NLLB-600M avoids most garbled output
but shows more undertranslation (E7) and Odia- or
Hindi-influenced paraphrases when target vocabu-
lary is weak. ByT5 nearly eliminates E8, support-
ing its association with learned subword vocabu-
lary limitations, but shows higher rates of E7 and
semantic-adequacy errors (E1). Thus, failure type
is model-specific, while its frequency varies with
the script—tokenizer interaction.

Cultural & Lexical Fidelity. Across languages,
culturally grounded terms are often flattened into
generic Hindi or English equivalents: agricul-
tural vocabulary specific to tribal farming, kin-
ship terms encoding local social relations, and
governance terms rooted in community institu-

tions. A related failure arises when endangered-
language words share surface orthography with
high-resource vocabulary but carry different mean-
ings. These cases are annotated as semantic-
adequacy errors when the meaning is reversed,
and as cultural lexical substitutions when a
community-specific term is replaced by a generic
high-resource equivalent. Such errors can re-
ceive partial automatic credit while still damag-
ing speaker trust and documentation value (Bird,
2020; Mager et al., 2023). Full per-language error
distributions, and representative examples appear
in Appendices N, O; cultural aspects of the dataset
are discussed in Appendix P.

7 Conclusion

We introduced a speaker-curated Hindi—English—
X tri-parallel benchmark for seven endangered
Indian languages spanning four families and
four scripts, providing first-at-scale MT parallel
data for Kui, Garo, and Kokborok. Controlled
multi-script experiments show that fine-tuning on
roughly 20k triples improves chrF++ by 16-25
points over prompting; script preferences reverse
across tokenizers; and byte-level ByT5 reduces
script sensitivity by 6.8x, locating much of the
variance in learned vocabulary allocation. Santali
shows that tokenization efficiency alone is insuffi-
cient: script conversion must also be technically
supported, linguistically valid, and community-
acceptable. The practical recommendation is to
measure tokenization parity before fine-tuning,
validate script representations with speakers, and
treat script choice as a conditional modelling deci-
sion rather than routine preprocessing.
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Limitations

This work studies machine translation as one com-
ponent of a broader language-technology ecosys-
tem for endangered-language communities. MT
can support access to information, corpus develop-
ment, and language documentation, but language
vitality depends on speaker communities, inter-
generational transmission, schools, cultural insti-
tutions, and locally governed revitalisation efforts.
We therefore frame translation technology as as-
sistive infrastructure that should serve, not replace,
community-led preservation work. The empirical
scope is deliberately controlled: seven Indian lan-
guages, three model families, four translation di-
rections, and the script conditions supported and
validated in our pipeline. The reported effect
sizes should be read as setting-specific. Since
the three model families also differ in architecture
and pretraining, cross-model comparisons cannot
attribute these differences to tokenisation alone;
our controlled within-model results instead sup-
port learned vocabulary allocation as an important
contributor to script sensitivity. The transferable
contribution is methodological: measure tokenizer
behaviour before fine-tuning, validate script repre-
sentations with speakers where possible, and in-
spect culturally and semantically consequential er-
rors that automatic metrics may understate. Future
work should extend this framework to document-
level MT, speech interfaces, dialectal variation,
and terminology-rich deployment in domains such
as health, education, agriculture, and local gov-
ernance. The diagnostic workflow—STP mea-
surement, community-accountable evaluation, and
conditional script decisions—is language-agnostic
and reusable beyond the seven languages studied
here (Appendix Q).

Ethical Considerations

This work concerns languages whose writing prac-
tices are tied to education, literature, identity, and
community authority. Participants were informed
about the project goals, data collection process,
and intended research and documentation uses;
consent procedures were provided in locally under-
standable languages, and informed verbal or writ-
ten consent was obtained. Contributors were re-
cruited through community-facing channels, com-
pensated according to local daily-wage norms, and
involved as linguistic experts through community
linguists, educators, and local language practition-

ers. The Devanagari- and Latin-unified condi-
tions are used only as experimental representa-
tions for measuring tokenizer-mediated transfer,
not as recommendations for script choice or or-
thographic standardisation. We do not ask speak-
ers to adapt their languages to existing models;
we ask whether MT systems can serve the repre-
sentations that speakers and communities consider
valid. All development and test references are
human-curated, post-edited, or speaker-verified,
and no model-generated endangered-language text
is used as a gold reference. Santali is evalu-
ated only in Ol Chiki because lossless conver-
sion to Devanagari or Latin was not supported
in our pipeline. The corpus is intended as a
documentation-oriented research resource for lan-
guage preservation, education, and community-
centered speech technology, and should not be
used for forced script normalisation, community
misrepresentation, or deployment without speaker
review and appropriate local governance.
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A Supplementary Related Work

This appendix extends Section 2 with four lines
of work that contextualise our contributions within
the broader landscape of tokeniser-aware multilin-
gual NLP.

Information-theoretic perspectives on tok-
enizer disparity. Kudo (2018) and Zouhar
et al. (2023) frame subword segmentation as a
noisy-channel compression problem: a tokeniser
trained on a skewed language distribution allo-
cates more bits per character to under-represented
scripts as a direct consequence of its training
objective. Limisiewicz et al. (2023) extend this to
multilingual inference, showing that scripts absent
from a model’s high-frequency vocabulary region
incur comprehension penalties independent of
the downstream task. These results provide the
theoretical basis for the fragmentation-mediated
transfer hypothesis tested in Section 5: script con-
version can improve translation quality precisely
when it moves a language into a lower-entropy
region of the tokeniser’s compression space, and
the direction of that improvement is contingent on
the tokeniser, not the script.

Architectural responses to the vocabulary bot-
tleneck. Rather than normalising scripts post
hoc (Sennrich et al., 2016; Kudo and Richardson,
2018), Blevins et al. (2024) train cross-lingual
expert models that partition multilingual capac-
ity by language group, and Chang et al. (2024)
show across 250 languages that multilingual data
helps low-resource languages only up to a data-
balance threshold, after which vocabulary con-
tention drives quality below monolingual base-
lines. These findings confirm that the vocabu-
lary bottleneck has consequences well beyond the
script-conversion setting studied here; our ByT5

diagnostic provides a complementary lens by re-
moving the learned vocabulary entirely rather than
redesigning it.

Transliteration in multilingual pretrained mod-
els. Muller et al. (2021) show that romanisation
via UROMAN enables zero-shot transfer to un-
seen scripts by collapsing character sequences into
the Latin subword region. Xhelili et al. (2024) ex-
tend this to post-training alignment, and Zhuang
et al. (2025) introduce Huffman-based reversible
transliteration that maximises subword overlap
while preserving round-trip fidelity. These results
confirm that script normalisation is an effective
lever for improving tokeniser coverage but that its
benefit is mediated by the target model’s vocab-
ulary, the dependency that motivates our model-
conditioned experimental design.

Concurrent endangered-language benchmark-
ing. The MMLoSo 2025 shared task (Singh
et al., 2025b) evaluates MT into four tribal lan-
guages with 20k training pairs per language. Our
corpus was collected independently through the
pipeline described in Section 3, is not derived
from that release, and additionally covers Kok-
borok, Garo, and Kui. Our work also differs
in experimental focus: rather than benchmarking
systems in a fixed setting, we use a controlled
multi-script design and a byte-level diagnostic to
examine tokenizer-mediated cross-script variation.
Khanuja et al. (2023) quantify ecosystem-level
support gaps for tribal Indian languages; Tonja
et al. (2024) document parallel gaps for indige-
nous Latin American languages, confirming that
the structural disparities motivating this work ex-
tend well beyond the Indian subcontinent.

B Language Metadata, Statistics &
Morphological Profiles

Table 7 consolidates the metadata, script condi-
tions, and corpus statistics needed to interpret both
the tokenisation analysis (Section 5) and the quali-
tative error patterns (Section 6).

The seven languages span four families and four
corpus scripts, while also differing substantially in
morphological profile (Table 8; Figure 4). Garo
and Kui have the highest lexical diversity (TTR
0.298 and 0.274, respectively; MATTR above
0.83), consistent with their difficulty in target-
language generation: a large type inventory com-
bined with sparse subword coverage increases the
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Table 6: Corpus construction pipeline and final split sizes. The table tracks sentence counts from the initial Hindi—
English seed pool through target-language translation, speaker verification, filtering, and released train/dev/test
splits. Filtering applies length constraints, script-consistency checks, and near-duplicate removal; attrition reports

the percentage reduction from seed to final examples.

Final splits
Language Seed Translated Verified Final Train Dev Test Attrit.
Bhili 20,120 20,020 19,820 19,680 17,712 984 984 22%
Gondi 20,080 19,990 19,850 19,640 17,676 982 982 2.2%
Mundari 20,210 20,000 19,890 19,750 17,776 987 987 2.3%
Santali 20,350 20,230 19,960 19,870 17,882 994 994 2.4%
Kui 20,420 20,290 20,050 19,940 17,946 997 997 2.4%
Garo 20,170 20,070 19,860 19,720 17,748 986 986 2.2%
Kokborok 20,260 20,140 19,920 19,800 17,820 990 990 2.3%
Total 141,610 140,830 139,350 138,400 124,560 6,920 6,920 2.3%

Bhili

Garo
—— Gondi
~—— Kokborok
—— Kui

Mundari

TTR

Affix Proxy 3 MATTR

Char Entropy

Hapax Ratio

Figure 4: Normalized morphological-complexity pro-
files for the target-language corpora. Each axis is
scaled to [0,1] to compare lexical diversity, moving-
average diversity, hapax rate, character entropy, and
affix-proxy features across languages. The profile high-
lights that Garo and Kui have the highest lexical di-
versity, while Bhili and Mundari show stronger affixal
complexity.

risk of degenerate or hallucinated output, match-
ing the E8 and E1 patterns observed in Section 6.
Bhili and Mundari show the highest affix-proxy
values (0.248 and 0.241 at k=3), reflecting the
morphological complexity that appears as E6 flat-
tening when agglutinative verb clusters are seg-
mented into opaque Devanagari units. Speaker
counts in Table 7 are approximate lower-bound es-
timates from the 2011 Census of India. Because
census reporting aggregates some tribal and re-
gional language names, these figures should be
treated as floor estimates. ISO 639-3 codes and
genealogical classifications follow Glottolog.?

2Speaker counts are approximate 2011 Census lower-

Santali is the only language in this set included
in IndicTrans2’s pretraining distribution as one of
the 22 scheduled Indian languages; the other six
are zero-shot for that model before fine-tuning.
None of the seven appears in NLLB-600M’s of-
ficial supported-language list, although its 200-
language vocabulary provides partial Devanagari-
script coverage. ByT5 uses no language-specific
vocabulary and processes all seven through raw
UTF-8 bytes. The split ratio is approximately
90/5/5 per language, yielding roughly 18k train-
ing, approx 1k development, and approx 1k test
sentences; exact per-language counts are reported
in Table 6.

Corpus construction attrition. Table 6 traces
sentence counts through each stage of the con-
struction pipeline. The initial seed pools con-
tain roughly 20-20.5k sentences per language
and yield about 19.6-19.9k filtered examples af-
ter translation, speaker verification, cleaning, and
deduplication. Overall attrition from seed collec-
tion to the final released benchmark is 2.3%, with
per-language rates ranging from 2.2% to 2.4%.
The small differences between seed, verified, and
final counts indicate that quality control primarily
refined the corpus rather than substantially reduc-
ing it.

bound estimates; ISO 639-3 codes and language-family clas-
sifications follow Glottolog: Gondi https://glottolog.
org/resource/languoid/id/gond1265; Mundari https:
//glottolog.org/resource/languoid/id/mund1320;
Bhili https://glottolog.org/resource/languoid/id/
bhil1251; Santali https://glottolog.org/resource/
languoid/id/sant1410; Kui https://glottolog.
org/resource/languoid/id/kuii1252; Garo https:
//glottolog.org/resource/languoid/id/garol1247,

Kokborok https://glottolog.org/resource/languoid/
id/kokb1239.
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Table 7: Full language metadata and target-side corpus statistics for the Hindi—-English—X benchmark. Speaker
counts are approximate lower-bound estimates from the 2011 Census of India. ISO 639-3 codes and language-

family classifications follow Glottolog.

Lang. ISO Family Speakers Region Avg. w. Avg. ch. Train tok. Test tok. Train type Test type
Bhili bhb Indo-Aryan 10.4M Western India 17.39 67.93 330,774 17,123 45,482 6,123
Garo grt  Tibeto-Burman 1.15M Meghalaya—Assam 11.24 77.29 213,773 11,032 53,205 5,746
Gondi gon Dravidian 2.98M Central India 9.47 42.87 179,942 9,525 33,465 4,193
Kokborok trp  Tibeto-Burman 0.92M Tripura—Assam 17.11 99.03 325,370 17,152 31,058 4,503
Kui kxu Dravidian 0.94M QOdisha interior 11.88 60.89 225,889 11,746 59,147 6,288
Mundari unr  Austroasiatic 1.13M Eastern India 15.22 69.37 289,034 15,312 45,691 5,655
Santali sat  Austroasiatic 7.37TM Eastern India 20.97 113.05 398,019 21,324 18,058 2,887
Table 8: Morphological complexity of the target-  mjgsively licensed materials in Hindi or English

language corpora. The table reports lexical diver-
sity, moving-average diversity, hapax rate, character
entropy, and suffix-based affix proxies; high-diversity
languages such as Garo and Kui correspond to harder
target-language generation settings.

Lang. TTR MATTR Hapax Char H Afxs Afxy
Bhili 139 703 .633 5.09 248 523
Garo 298 .835 723 449 094 .223

Gondi 191 738 .682
Kokborok .124 668 .642
Kui 274 .834 731
Mundari  .175 738 .692

497 235 483
444 149 345
498 179 .347
525 241 494

B.1 Dataset Availability

We introduce one of the first large-scale tri-parallel
resources for seven extremely low-resource Indian
tribal languages, developed through community-
driven translation and verification. The Hindi—
English—-X corpus, evaluation splits, translitera-
tion resources, fine-tuning and evaluation code,
and diagnostic scripts (STP, ScSens, AFrag) will
be released under a research license for academic
and non-commercial use.

C Corpus Construction and
Transliteration Validation

The tri-parallel corpus was constructed primar-
ily through human translation by native speak-
ers. Model assistance was used only for the
high-resource Hindi-English side when a seed
sentence was available in one language, and for
producing transliterated representations used in
unified-script experiments. These automatic steps
are recorded in sentence-level provenance meta-
data; endangered-language gold references were
not model-generated.

Source seeds and high-resource sides. Seed
sentences were drawn from public-domain or per-

across the six study domains. Where a seed was
available in only one language, IndicTrans2 pro-
duced a draft of the missing high-resource side; a
bilingual reviewer then verified the draft against
the original before the pair entered the pipeline.
This workflow applies exclusively to the Hindi—
English pair. Endangered-language references are
always human-curated.

Endangered-language translation. Each veri-
fied Hindi—English pair was assigned to a native-
speaker translator for the target language, who
produced the translation in the designated corpus
script (Devanagari for Gondi, Mundari, and Bhili;
Odia for Kui; Ol Chiki for Santali; Latin for Garo
and Kokborok). Translators were selected for ac-
tive language competence, literacy in the corpus
script, and familiarity with the target domains.
Translation guidelines, piloted with senior commu-
nity members before full-scale collection, are doc-
umented in Appendix D.

Script transliteration. For the Devanagari-
unified and Latin-unified experimental condi-
tions, script conversion was performed using In-
dicXlit (Madhani et al., 2023), the open-source
Transformer-based transliteration model released
with the Aksharantar dataset, which supports
transliteration across major Indic scripts including
Devanagari, Odia, Bengali, Gurmukhi, and Latin
(ISO 15919). IndicXlit was selected because it
is openly available, reproducible without propri-
etary tooling, and supports round-trip conversion
for automatic quality measurement. Because In-
dicXlit is a learned model rather than a fixed rule
table, its mappings are not inherently auditable;
we therefore rely on the two-gate validation proto-
col below to detect conversion errors. All outputs
were post-processed for Unicode NFC normalisa-
tion and whitespace consistency.
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Transliteration validation. For each non-trivial
conversion pair, we applied a two-stage valida-
tion protocol: Kui from Odia to Devanagari and
Latin; Gondi, Mundari, and Bhili from Devana-
gari to Latin; and Garo and Kokborok from Latin
to Devanagari. First, four automatic quality met-
rics were computed over the full converted corpus:
unmapped-character rate, round-trip character er-
ror rate, mixed-script rate, and proper-noun dis-
tortion rate. Second, manually inspected stratified
samples across all six domains, focusing on char-
acter coverage, reversibility, readability, proper
names, and obvious meaning-changing distortions.
A conversion was retained only when the auto-
matic checks passed the predefined thresholds re-
ported in the dataset documentation, and manual
inspection found no systematic conversion arti-
facts.

Santali Ol Chiki was the sole case where con-
version failed this gate. No existing translitera-
tion library or model including IndicXlit (Mad-
hani et al., 2023) supports Ol Chiki—Devanagari
or Ol Chiki—Latin, because the script encodes
phonological distinctions specific to Santali that
have no standard mapping to either target script.
Santali is therefore excluded from all unified-
script conditions (Section 3).

Corpus Cleaning and Split Construction We
applied Unicode NFC normalisation, script-
consistency checks, whitespace cleanup, and punc-
tuation normalisation. Length filtering removed
sentences with fewer than 6 or more than 80 words,
following thresholds used in BHEPC (Singh et al.,
2025a) and FLORES-200 (Costa-Jussa et al.,
2022). Near-duplicate removal used cosine simi-
larity at the token level; pairs above 0.95 were col-
lapsed to a single instance to prevent redundancy
and split leakage. Script-consistency and length-
ratio checks served as review flags rather than au-
tomatic rejection rules, since loanwords, numer-
als, named entities, and code-mixed forms can be
valid in these communities. All flagged examples
were accepted, corrected, or excluded after review
by a fluent speaker. Train, development, and test
splits were constructed after deduplication with
strict sentence-level disjointness. The split ratio
is approximately 90/5/5 per language.

Santali/Ol Chiki: a principled exclusion. San-
tali is evaluated only in corpus-native Ol Chiki.
The script was designed in 1925 specifically to en-
code Santali phonological distinctions and has be-

come central to Santali education and community
identity. Neither Devanagari nor Latin conversion
is feasible: no existing transliteration model in-
cluding IndicXlit supports Ol Chiki—Devanagari
or Ol Chiki—Latin conversion, because Ol Chiki
encodes phonological contrasts (e.g., checked vs.
unchecked vowels, glottal stops) that have no stan-
dard character-level mapping in either target script.
This is not a limitation of our pipeline but a prop-
erty of the script itself: Ol Chiki was designed to
be non-interconvertible with Devanagari for pre-
cisely these phonological reasons.

Santali carries the highest tokenisation premium
in the corpus (2.49x on NLLB), making it the lan-
guage for which script unification would offer the
largest efficiency gain. That it must nonetheless be
excluded demonstrates that STP is a necessary but
not sufficient criterion: speaker-grounded translit-
eration validity is the gate.

Corpus-native baselines. The corpus-native
script condition provides the baseline for each
language: Devanagari for Gondi, Mundari, and
Bhili, Odia for Kui, Ol Chiki for Santali, and
Latin for Garo and Kokborok. Script-conversion
effects are reported as changes relative to this
corpus-native baseline. Non-zero effects therefore
indicate how a model responds to a particular
script-conditioned representation, rather than
artifacts of changing the underlying sentences,
splits, or references.

D Translation Guidelines and
Verification Protocol

Guidelines were developed jointly with senior
speakers during a pilot round before full-scale col-
lection, then refined for each language by a des-
ignated language coordinator. A shared frame-
work governed semantic fidelity, named-entity
treatment, numeral conventions, and cultural-
vocabulary preservation across all seven lan-
guages. Language-specific supplements addressed
orthographic conventions (e.g., aspiration marking
in Mundari Devanagari, tone-related spellings in
Kokborok Latin), kinship-system vocabulary, and
ritual or governance terminology particular to each
community.

Semantic fidelity. Translators reproduced mean-
ing, tone, register, and pragmatic intent faithfully
- formal, colloquial, or emphatic without addition
or deletion. Minor typographical or grammatical
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issues in the source could be silently corrected,
but factual content was retained exactly. Transla-
tions were expected to read naturally under stan-
dard community usage rather than mirror Hindi or
English word order.

Named  entities. Where a  community-
established rendering existed for a place name,
historically significant person, or government
institution, that conventional form was used.
Otherwise, entities were transliterated following
community orthographic norms.  Translators
were explicitly instructed not to invent alterna-
tive renderings or substitute culturally distant
equivalents—for instance, replacing a local
festival name with a pan-Indian counterpart.

Numerals, units, and dates. Numeric formats
followed the source: spelled out where the source
spelled out, in digits where the source used dig-
its. Local counting conventions (lakh, crore) were
used where natural; billion and trillion were re-
tained when those were the source forms. Units of
measurement were preserved without conversion.

Cultural and community-specific vocabulary.
When the source contained culturally grounded
terms—Kkinship relations, ritual practices, agricul-
tural implements, governance roles translators pre-
served the community-specific term rather than
substituting a generic Hindi or English paraphrase.
Each such decision was logged for downstream au-
dit. This guideline directly addresses the cultural-
term substitution failure mode (E2) documented in
Section 6: if references themselves flatten commu-
nity vocabulary, the evaluation cannot detect when
a model does the same.

Two-linguist verification. Every sentence was
independently re-examined by two expert linguists
who had not participated in the original transla-
tion. Each verifier checked semantic fidelity, script
consistency, named-entity treatment, numeral han-
dling, and cultural-vocabulary preservation, and
flagged any error. Where both verifiers accepted
the translation, it entered the evaluation references;
where either flagged an issue, the sentence was re-
turned for revision and re-verified. We use this
consensus protocol rather than reporting an inter-
annotator agreement statistic because the quali-
fied speaker pool for several languages numbers
fewer than ten literate adults, making x-style co-
efficients statistically unstable and uninterpretable
across communities of very different sizes.

E Annotation and Data Collection
Protocol

E.1 Annotator Assignment

Annotators were assigned by verified language
proficiency. Bilingual contributors (X + Hindi or
X + English) validated the corresponding transla-
tion pairs; Hindi—English bilingual annotators per-
formed cross-language consistency checks only
and did not evaluate endangered-language content.

E.2 Data Curation Pipeline

Community coordinators in each target region-
Madhya Pradesh (Bhili), Chhattisgarh (Gondi),
Jharkhand (Mundari), Jharkhand and West Bengal
(Santali), interior Odisha (Kui), western Megha-
laya (Garo), and Tripura (Kokborok) were en-
gaged to identify contributors with active literacy
in the corpus script. Script literacy is not uni-
versal even among fluent speakers: Odia-script
literacy is uncommon among Kui speakers, and
Ol Chiki literacy is unevenly distributed among
Santali speakers, requiring additional contribu-
tor screening and multiple verification passes for
these languages. Pilot rounds of 50-100 seed
translations per language were reviewed by senior
community members before full-scale collection,
and recurring issues (orthographic inconsistencies
in Garo and Kokborok Latin, aspiration-marking
variation in Mundari Devanagari, Odia spelling
conventions for Kui loanwords) were resolved to
produce language-specific style guides distributed
to all contributors.

E.3 Collection Workflow and Quality Control

Corpus construction ran over three months with
approximately five native speakers per language.
Contributors translated, typed, reviewed, and cor-
rected sentences in the corpus script. The pro-
cess was coordinated with language experts, teach-
ers, senior community members, and individuals
with experience in language documentation. Con-
tributors were compensated at government daily-
wage norms through the corresponding tribal re-
search institutes. Seeds were drawn from public-
domain or permissively licensed sources across six
domains: agriculture, health, local governance, ed-
ucation, everyday dialogue, and the cultural data.
Sentences presupposing institutional or urban con-
texts without a community equivalent were re-
moved at screening. A second speaker verified
every sentence for meaning fidelity, script consis-
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Table 9: Script-consistency audit for corpus-native and
converted script conditions. Latin and Devanagari
columns report the percentage of sentences containing
characters from each script, while consistency reports
the proportion of sentences matching the intended con-
dition. The lower consistency for Kokborok in the
Devanagari condition reflects residual Latin loanwords
and names that were not converted.

Lang. Cond. Latin % Deva % Consist.
Bhili native 2.8 100.0 997
Bhili latin 100.0 0.0 1.000
Gondi native 1.4 100.0 998
Gondi latin 100.0 0.0 1.000
Mundari native 6.8 100.0 988
Mundari latin 100.0 0.0 1.000
Garo native 100.0 0.0 1.000
Garo deva 21.8 100.0 996
Kokborok native 100.0 0.0 1.000
Kokborok deva 95.7 100.0 957
Kui native 1.1 65.5 986
Kui latin 100.0 0.0 1.000
Kui deva 1.1 99.0 1.000

tency, cultural-term treatment, and possible source
copying; flagged examples were corrected, ex-
cluded, or moved out of evaluation splits.

Quality control combined Unicode NFC nor-
malisation, script-consistency checks, length-ratio
filtering, and manual review of flagged examples.

E.4 Gold Reference Policy

Every development and test sentence is human-
curated, post-edited, or explicitly verified by a flu-
ent speaker. model-generated text is never used
as an endangered-language gold reference at any
evaluation tier.

F Bhili Lexical Overlap and Leakage
Analysis

Bhili shares Devanagari script and substantial lex-
ical material with Hindi, particularly in the gover-
nance and education domains represented in our
corpus. Under the IndicTrans2 tokeniser, Bhili—
Hindi subword vocabulary overlap reaches Ov =
0.608, the highest in the corpus.

This overlap creates two confounds. First, the
Bhili—Hindi chrF++ of 79.2 under IndicTrans2
reflects both valid translation and surface copy-
ing: a native-speaker audit found that portions of
the high score arise from source tokens passing
through unchanged rather than being genuinely
translated. This pattern is independently docu-
mented in BHEPC (Singh et al., 2025a), which
uses 100k training sentences and similarly flags
Bhili-Hindi as requiring human verification. All
Bhili—Hindi scores are therefore marked with ¥

throughout the paper and should be interpreted as
optimistic upper bounds on genuine cross-lingual
transfer quality.

Second, proximity to Hindi in the Devana-
gari vocabulary cluster positions Bhili close
to neighbouring Devanagari-script language vari-
eties, helping explain the E5 drift errors docu-
mented in Section 6. The same vocabulary overlap
that inflates Bhili—Hindi scores can also encour-
age target-language drift in the reverse direction.

The model comparison supports this interpreta-
tion. On Bhili—Hindi, NLLB falls 36.1 chrF++
below IndicTrans2, whereas ByTS stays within
1.9 chrF++ (Table 32). Because ByT5 operates
on raw bytes rather than a learned subword vocab-
ulary, this near-parity suggests that part of Indic-
Trans2’s apparent advantage on Bhili comes from
vocabulary-level string overlap, not only from
deeper cross-lingual transfer.

We retain Bhili rather than excluding it because
the confound is itself informative: high lexical
overlap can inflate automatic metrics in ways that
only speaker verification can detect. This rein-
forces the need for community-accountable eval-
uation in endangered-language MT.

G Tokenisation Metrics and Vocabulary
Overlap

This appendix formalises the diagnostic metrics
introduced in Section 4, reports the tokenisation
statistics that underpin the script-effect analysis in
Section 5, and examines the relationship between
vocabulary overlap and translation quality across
the full language—script—tokeniser grid.

G.1 Definitions
Subword Fertility.

total subword tokens(L, S, T')
total whitespace words(L, S)

“)
Sentence-level fragmentation SFrag(L,S,T') is
the mean subword token count per sentence
for language L, script condition S, and to-
keniser 1. Higher fertility produces longer se-
quences, weaker per-token information density,
and harder cross-lingual parameter reuse (Rust
et al., 2021).

Fert(L,S,T) =

Script Tokenisation Parity.

_ SFrag(La S’ T)
STP(L,S,T) = SFrag(L, Shat, T) ©
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Here S may be a unified-script condition such
as Devanagari or Latin. STP < 1 indicates re-
duced fragmentation relative to the corpus-native
script, STP > 1 indicates increased fragmenta-
tion, and STP = 1 is expected when the evaluated
script condition is identical to the corpus-native
script condition.

Tokenisation Premium.

_ SFrag(L, S? T)
Pl‘em(L7 S’ T) - SFrag(?”, Snatv T) ’ (6)

r € {Hi,En}.

This measures how many more subword tokens
a language requires relative to a high-resource ref-
erence under the same tokeniser. Cross-checked
values from Petrov et al. (2023): Santali (Ol Chiki)
2.49x vs. English on NLLB, 12.86x on GPT-2;
Hindi (Devanagari) 1.22x on NLLB.

Vocabulary Overlap.
Vi 0 Vjl
Ov(L;, Lj,S,T) = ——>,
’ ViuVjl (7
L; € {Hi,En}.

where V; = V(L;, S,T) denotes the set of
subword types observed for language L; under
script S and tokeniser 7.

Fragmentation change and MT change.

AFrag = ];‘el”t[wgnat T — Fel"thum,T,
Anr = chrF++p g v — chrF++p s M.

®)
Positive AFrag means unification reduces frag-
mentation; positive Ay means translation im-
proves. The fragmentation-mediated transfer hy-
pothesis predicts a positive association between re-
duced fertility and translation gain, but deviations
are expected when vocabulary overlap or subword
quality changes independently of sequence length.

G.2 Tokenisation Statistics

Table 10 reports fertility, STP, tokenisation pre-
mium, and Hindi vocabulary overlap for represen-
tative conditions, and Table 36 extends fertility, av-
erage sequence length, STP, and Hindi overlap to
all 57 language—script-tokenizer conditions. Ta-
ble 13 additionally reports multi-piece rates and
observed vocabulary utilisation for Kui, the only
language with three genuinely distinct represen-
tations. The two STP values that anchor the

main-body reversal analysis are Kui Devanagari
under IT2 (STP = 0.396, the largest fragmen-
tation reduction in the corpus) and Garo Devana-
gari under NLLB (STP = 1.619, the largest in-
crease). Neither extreme predicts its own outcome.
The largest fragmentation reduction in the corpus,
Kui Devanagari under IT2, yields Ayyr = —1.8,
whereas the same representation gives +19.3 un-
der NLLB; conversely the largest fragmentation
increase, Garo Devanagari under NLLB, still im-
proves translation by +12.0 chrF++, and Garo De-
vanagari also gains +6.7 under IT2 (Table 3). Nei-
ther the direction nor the magnitude of the STP
change therefore determines the direction of Ay,
confirming that STP is a necessary but not suffi-
cient predictor of translation quality change. Fig-
ure 6 provides a complementary aggregate view:
panels (a)—(b) show that ByT5’s byte-level encod-
ing produces dramatically higher fertility (12-18
subwords per word) than either subword tokeniser
(2-4), while panels (c)—(d) reveal that the inter-
language variance in STP is largest under IT2,
consistent with its Devanagari-concentrated vo-
cabulary creating the widest spread between well-
covered and poorly covered scripts.

G.3 Vocabulary Overlap and Its
Consequences

Table 11 reports Hindi overlap at two gran-
ularities: word-level Jaccard over whitespace-
tokenised types, and subword-level Jaccard under
each of the three tokenisers. The overlap order-
ing (Bhili > Mundari > Gondi > Garo ~ Kui
~ Kokborok = Santali) is stable across both mea-
surement granularities and across all three tokenis-
ers.

Three patterns in this table connect directly
to the main-body findings. First, ByTS shows
uniformly high overlap (>0.69) because UTF-
8 byte sequences are shared across scripts far
more broadly than learned subword units, this is
the vocabulary-level explanation for ByTS’s low
script sensitivity (Table 4). Second, the sharp drop
from Devanagari-script languages (Bhili, Mundari,
Gondi: 0.44-0.61 under IT2) to non-Devanagari
languages (Garo, Kui, Kokborok, Santali: <0.04
under IT2) explains why IndicTrans2 produces
strong results for the former group and severe
generation failures for the latter, the tokeniser’s
Devanagari-heavy vocabulary simply does not en-
code the subword units these languages need.
Third, Bhili’s exceptional overlap with Hindi
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Table 10: Tokenization metrics for selected script conditions. Fertility reports subword tokens per whitespace
word; STP measures fragmentation relative to the corpus-native condition; Prempg,, and Premyy; compare fertility

with English and Hindi references; and Ovy; reports subword Jaccard overlap with Hindi.

Language / Script Tok. Fert STP Premg, Prempi Ovni
Santali — Ol Chiki (native) NLLB 2.85 1.00 2.49 2.04  0.060
Kui — Odia (native) IT2 6.05 1.00 5.26 5.50  0.010
Kui — Devanagari 1T2 239 0396  2.08 2.18  0.207
Kui — Latin IT2 4.06 0.671 3.53 3.69 0.051
Kui — Odia (native) NLLB 3.12 1.00 2.73 224 0.044
Garo — Latin (native) NLLB 256 1.00 2.24 1.83 0.036
Garo — Devanagari NLLB 4.14 1.619 3.62 297  0.213
Bhili — Devanagari (native) IT2 1.38 1.00 1.20 1.26  0.608
Gondi — Devanagari (native) 1T2 1.83  1.00 1.59 1.66 0.437
Mundari — Devanagari (native) 1T2 2.09 1.00 1.82 1.90 0.574
Kokborok — Latin (native) IT2 2.63 1.00 2.28 2.39  0.032
Hindi — Devanagari (ref.) NLLB 1.39 - 1.22 1.00 1.000
IndicTrans2 NLLB-600M
Spearman p=-0.21 Spearm.ann p=+0.61
20 4 i .;\u. Beva
Garo Deva
10 - .

3 ® R

Ij-: 0 65 ‘KLLLDEVB Pl

£ | ® I

L -10- o | T 1

<

=20 1 Bhili Latin T
Kui Latin
—30 1, : : : : : 1 : : : : :
-2 -1 0 1 2 3 4 -2 -1 0 1 2 3 4
Atrag (subword tokens/word) Atrag (subword tokens/word)
@® Devanagari Latin

Figure 5: Fragmentation change and translation change in X—Hindi. Reduced fertility shows a positive association
with chrF++ gain under NLLB-600M (p= + 0.61), but not under IndicTrans2 (p= — 0.21), confirming that shorter

tokenization alone does not guarantee better transfer.

(0.608 under IT2, 0.781 under NLLB) quantifies
the copying confound documented in Appendix F:
a tokeniser that encodes Bhili and Hindi with
largely the same subword units cannot reliably dis-
tinguish translation from surface copying, inflat-
ing automatic scores for the Bhili-Hindi pair.

H MT Systems, Training, & Compute
Details

Section 4 describes the three model families and
their role in the experimental design. This ap-
pendix reports training configuration and compute
details for reproducibility.

Training. All fine-tuning ran on NVIDIA A100
GPUs using HuggingFace Transformers. We

used the batch sizes 16 and learning rates
{1074, 5x1075, 1075} with AdamW, applying
the same grid uniformly across all languages, di-
rections, and script conditions to prevent any rep-
resentation from receiving a tuning advantage.
Checkpoints were selected by best development
chrF++ with early stopping at patience 5. Decod-
ing used deterministic beam search (beam 5) with
maximum generation length min(2 x |src|, 256)
tokens. Training time ranged from 6 to 24 GPU-
hours per run depending on model size. We
fine-tune IndicTrans2-320M and NLLB-600M as
contrasting subword-based multilingual MT sys-
tems, and ByT5-small, a 300M-parameter byte-
level UTF-8 model, as a diagnostic control for re-
moving learned vocabulary allocation. For the ca-

39130
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Figure 6: Tokenisation efficiency by tokenizer, script condition, and language. Panels (a)—(b) summarize average
STP and fertility by tokenizer—script condition; panels (c)—(d) show language-level variation. Error bars denote 1
standard deviation, showing that script effects are tokenizer- and language-dependent.

Table 11: Vocabulary overlap with Hindi at word
and subword levels. Jaccard similarity is computed
over whitespace-tokenised word types and tokenizer-
specific subword types. The table contextualizes trans-
fer and possible score inflation by showing that Bhili,
Mundari, and Gondi share far more surface material
with Hindi than Garo, Kui, Kokborok, and Santali.

Word Subword
Language-Hindi Jaccard IT2 NLLB ByTS5S
Bhili 0.268 0.608 0.781 0.984
Mundari 0.181 0.574 0.767 0.937
Gondi 0.122  0.437 0.630 0.895
Garo 0.010 0.036 0.036 0.782
Kui 0.001 0.010 0.044 0.728
Kokborok <0.001 0.032 0.036 0.692
Santali <0.001 0.024 0.060 0.864

pacity check reported in Appendix J (Table 26),
we additionally fine-tune ByT5-base (~580M pa-
rameters) on Kui using the same training and de-
coding settings across all three script conditions.

Prompted baselines. We evaluated GPT-4o-
mini, Llama 3 8B-Instruct, and Mistral 7B-Instruct
in zero-shot and five-shot settings. The five-shot
examples were sampled from the training split,

Table 12: Relationship between fragmentation change
(AFrag) and MT change (Ayr) across all four trans-
lation directions. Results pool the seven valid script
conversions, giving 28 observations per model. Spear-
man’s p shows a stronger relationship between reduced
fragmentation and MT gain for NLLB-600M than for
IndicTrans2, consistent with the model-dependent pat-
tern in Figure 5. ByT5-small operates over byte se-
quences, so its slope is not directly comparable to those
of the subword models.

Model Spearman p  Slope 95% CI

IndicTrans2 +0.14 —0.4 [—4.1, +15.4]
NLLB-600M +0.56 +5.9  [-2.2, +16.7]
ByT5-small +0.35 +0.25 [+0.11, +0.41]

with no selection on the development set. We used
the same prompt template for all languages and
translation directions (Appendix I.1).

I Prompt Templates and Prompting
Results

I.1 Templates

Zero-shot prompting uses corpus-native script
only. Five-shot prompting is evaluated under all
valid script conditions (corpus-native, Devanagari-
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Table 13: Tokenization statistics and MT change for
Kui across script representations under IndicTrans2
and NLLB-600M. Alongside fertility and STP, we re-
port the average number of subword pieces per sen-
tence, the proportion of words split into three or more
pieces, observed vocabulary utilisation, and the corre-
sponding change in chrF++ relative to the corpus-native
condition (Aprr). Vocabulary utilisation is tokenizer-
specific and is not directly comparable across models.

Model Repr. Fert./STP Pcs/sent. 3+ pcs  Vocab util. Anmr

1T2 Odia (nat.) 6.05/1.000 71.9 92.3% 323 (0.26%) 0.0
1T2 Devanagari 2.39/0.396  28.5 40.9% 11,448 (9.33%) —1.8
1T2 Latin 4.06/0.671 482 762% 2,515(2.05%) —28.0

NLLB Odia (nat.) 3.12/1.000 37.1 62.9% 1,975 (0.77%) 0.0
NLLB Devanagari 2.92/0.934 34.6 57.6% 3,796 (1.48%) +19.3
NLLB Latin 3.07/0.983 365 59.6% 7,624(2.98%) +12.8

unified, Latin-unified); Santali is always Ol Chiki
only. For X-target directions, expected output
script follows the evaluated condition; Hindi and
English targets use Devanagari & Latin respec-
tively.

Zero-shot.

Translate from [SRC_LANG] to [TGT_LANG].

[SRC_LANG]: [SOURCE]
[TGT_LANGI:

Five-shot.

Translate from [SRC_LANG] to [TGT_LANG]. Pro-
duce only the translation.

[SRC_LANGI: [SRC_11 [TGT_LANGI: [TGT_1]
... (five pairs from training split) ...

Now translate:
[SRC_LANG]: [SOURCE]
[TGT_LANG]:

LI.2 Corpus-Native Prompting Results
LI.3 Unified-Script Prompting

Devanagari-unified prompting for Garo and Kok-
borok frequently shifts the output language rather
than improving translation quality, illustrating
the language-routing instability that the tokeniser-
mediated account predicts: when the source rep-
resentation falls outside the model’s vocabulary
coverage, the decoder defaults to the nearest high-
resource neighbour rather than producing the re-
quested target. Latin-unified prompting on Bhili
and Kui produces quality drops consistent with the
fine-tuned results in Table 3, confirming that the
script—tokeniser interaction is visible even before
task-specific adaptation.

J Fine-Tuned Results: All Script
Conditions

Tables 27 and 28 report fine-tuned results
(BLEU/ chrF++) for the Devanagari-unified and
Latin-unified conditions; corpus-native results ap-
pear in Table 5. Santali is excluded from unified-
script conditions (Section 3).

Figure 7 provides a visual summary of the
corpus-native results across all four directions.
The colour gradients make two patterns immedi-
ately visible: Santali and Bhili occupy the warm
end of the scale under IndicTrans2 (reflecting
pretraining coverage and lexical overlap respec-
tively), while Kui occupies the cold end in the
En—X direction (reflecting decoder-side vocabu-
lary depletion). The directional contrast X—Hindi
and X—English are systematically warmer than
Hi—X and En—X reflects the asymmetry be-
tween well-resourced target-side generation and
sparse source-side encoding documented in Sec-
tion 6. The 6.8 x IT2/ByT5 ratio confirms that the
learned subword vocabulary drives most observed
script sensitivity. Residual ByT5 sensitivity (=2
chrF++) reflects a byte-length asymmetry: Devana-
gari and Odia characters occupy 3 UTF-8 bytes
versus 1-2 for Latin, producing a sequence-length
difference that persists without a learned vocabu-

lary.

K Statistical Analysis of
Tokenizer-Mediated Effects

K.1 Paired Bootstrap Evaluation Protocol

All pairwise model comparisons reported use
paired bootstrap resampling (Koehn, 2004) with
N=1,000 resampling iterations over matched
sentence-level chrF++ scores. In every compari-
son the reference system is IndicTrans?2 fine-tuned
on the corpus-native script condition for the same
language and direction, so the test statistic is

AchrF++ = chrF++pdel — chrF++1monaive-

€)
We report two-sided p-values and 95% bootstrap
confidence intervals (CI). A difference is consid-
ered significant when p<0.05 and the CI excludes
zero; the stricter threshold p<0.001 is also noted
throughout. Where two comparisons share the
same language—direction stratum (NLLB-600M
vs. IT2 and ByT5 vs. IT2), we additionally ap-
ply the Bonferroni correction at «=0.05, yielding
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Table 14: Corpus-native prompting results for Hindi—X translation. Each cell reports BLEU/chrF++ for zero-shot
and five-shot settings across the seven target languages. The table provides the prompting baseline used to measure
the adaptation gains from fine-tuned MT systems.

Model Shot Gondi Mundari Bhili Santali Kui Garo Kokborok
GPT-40-mini 0 1.30/18.34 3.42/15.29 5.89/35.65  0.05/0.90 0.22/1.38 1.76/21.39 1.26/18.34
GPT-40-mini 5 4.03/21.35 6.43/23.99 9.84/39.43 0.74/10.70 1.05/14.01 4.34/27.61 3.08/26.93
Llama 3 8B 0 0.66/13.61 2.90/18.09 4.62/27.85 0.03/0.68 0.22/0.96  0.13/2.34  0.15/1.51

Llama 3 8B 5 0.74/16.11 2.47/17.31 12.72/31.76  1.63/9.32 1.00/7.36  2.19/16.92 3.01/19.62
Mistral 7B 0 0.69/4.35 1.70/9.41 6.95/20.08  0.01/0.53  0.01/0.24  0.05/0.91 0.03/0.42

Mistral 7B 5 2.53/12.12 4.17/16.56  9.79/27.13  0.54/6.58  0.12/4.50 1.95/16.92 1.99/17.47

Table 15: Corpus-native prompting results for X—Hindi translation. Each cell reports BLEU/chrF++ for zero-
shot and five-shot prompting across the seven target languages. This table provides the prompt-only baseline for
measuring how much task-specific fine-tuning improves translation into the high-resource Hindi target.

Model Shot Gondi Mundari Bhili Santali Kui Garo Kokborok

GPT-40-mini 0 7.27/25.80  8.68/26.95  29.75/52.41 0.26/14.00 0.62/13.77 6.37/28.15 4.34/23.29
GPT-40-mini 5 9.40/28.63 11.05/29.60 34.18/56.01 3.35/17.08 1.96/15.51 9.55/31.68 7.28/27.11
Llama38B 0 2.42/19.57 4.35/21.05 11.11/34.32 0.47/12.47 0.29/10.81 5.93/20.24 4.33/16.48
Llama38B 5 2.89/20.31  4.94/22.59 18.66/36.87 0.61/13.78 1.14/11.79 8.00/23.33  6.56/20.33
Mistral 7B 0 3.72/16.82  5.50/18.36  11.65/27.31 0.11/7.59 1.46/10.84 2.83/15.53 2.49/12.81
Mistral 7B 5 3.50/17.17 6.65/19.83  11.95/27.92 0.14/10.69 1.54/11.37 5.33/19.66 5.24/18.19

Table 16: Corpus-native prompting results for English—X translation. Each cell reports BLEU/chrF++ for zero-
shot and five-shot prompting across the seven target languages. This table evaluates whether general-purpose LLMs
can generate the target languages without fine-tuning, the hardest setting for languages with limited pretraining
support.

Model Shot Gondi Mundari Bhili Santali Kui Garo Kokborok

GPT-40-mini 0 0.31/10.14  0.91/1.56  0.63/21.54 0.04/0.16  0.18/0.36  3.48/25.30 3.87/25.73

GPT-40-mini 5 2.01/14.82 3.67/17.92 2.07/23.57 0.48/10.17 0.33/13.40 6.30/30.29 6.07/29.33

Llama 3 8B 0 0.15/9.14 1.00/8.99 0.24/11.38 0.03/0.48 0.47/5.48 0.79/6.13 0.69/1.74

Llama 3 8B 5 0.13/9.66 0.99/11.85 1.73/14.72 1.41/8.89  0.50/6.51 5.07/21.07 6.54/23.67

Mistral 7B 0 0.15/8.63 1.29/9.72  0.80/12.02 0.01/0.45 0.03/0.38  2.00/3.96  0.92/2.47
5

Mistral 7B 0.27/10.10 2.14/12.12 1.17/13.65 0.83/6.87  0.19/4.43  5.73/23.80 5.23/22.20

Table 17: Corpus-native prompting results for X—English translation. Each cell reports BLEU/chrF++ for zero-
shot and five-shot prompting across the seven target languages. This table measures prompt-only performance
when the model encodes the target-language source but decodes into high-resource English.

Model Shot Gondi Mundari Bhili Santali Kui Garo Kokborok

GPT-40-mini 0 2.87/25.04 6.25/30.30 8.81/36.46  0.48/19.93 2.39/21.04 10.83/35.47 7.44/31.33

GPT-40-mini 5 5.13/25.35 9.02/32.59 11.13/38.82 2.16/21.15 2.88/20.76 13.15/38.27  9.88/33.58

Llama 3 8B 0 1.48/20.39 2.52/23.83  3.19/26.51 0.79/19.51 1.27/16.43 13.40/32.03  9.06/27.09

Llama 3 8B 5 1.06/19.52 3.30/24.73 4.71/27.89 1.30/17.80 1.02/16.59 14.36/33.61 8.77/27.25

Mistral 7B 0 1.05/17.58 5.20/22.43 3.31/23.26 0.21/14.49 0.91/14.92 1491/31.72 11.67/27.29
5

Mistral 7B 0.80/19.65 4.83/22.89  3.85/25.53  0.84/18.31 0.93/16.55 16.06/34.05 12.55/28.90

a per-comparison threshold of p<0.025; all con- K.2 Aggregate Results Across Translation
clusions below are unchanged under this stricter Directions

criterion. Tables 31-34 summarize all 56 pairwise com-

parisons. Of these, 52 are significant at
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Table 18: Five-shot prompting results for Hindi—X under the Devanagari-unified script condition. Each cell
reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Devanagari was not supported;
see Section 3.

Model Gondi  Mundari Bhili Kui Garo  Kokborok

GPT-40-mini 2.56/18.99 4.87/23.71 5.35/25.43 1.69/13.98 0.99/15.58 0.96/14.86
Llama 3 8B  3.23/15.74 6.12/18.46 11.10/31.16 0.77/9.29 1.72/11.15 3.11/12.75
Mistral 7B 1.78/11.72 4.69/17.21 8.72/26.09 0.40/4.60 0.22/2.40 0.45/1.99

Table 19: Five-shot prompting results for X—Hindi under the Devanagari-unified script condition. Each cell
reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Devanagari was not supported;
see Section 3.

Model Gondi  Mundari Bhili Kui Garo Kokborok

GPT-40-mini 8.45/26.70 9.88/30.43 28.45/51.54 3.86/17.67 5.03/24.63 3.88/20.69
Llama 3 8B  5.27/20.55 7.81/22.86 18.33/37.78 1.79/13.04 2.11/15.75 1.88/14.72
Mistral 7B 4.33/18.11 5.96/18.85 11.01/27.56 1.54/12.29 1.67/14.32 2.18/14.85

Table 20: Five-shot prompting results under the Devanagari-unified script condition for English—X translation.
Each cell reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Devanagari was not
supported.; see Section 3.

Model Gondi  Mundari Bhili Kui Garo  Kokborok

GPT-40-mini 1.03/13.57 2.54/18.44 3.61/20.61 0.53/12.91 1.85/17.61 1.64/16.45
Llama3 8B 1.48/10.20 2.71/11.92 1.20/13.24 0.52/7.48 3.07/13.34 3.99/14.87
Mistral 7B 1.05/10.78 2.36/12.37 0.80/13.40 0.49/7.77 0.81/6.36  1.54/6.91

Table 21: Five-shot prompting results under the Devanagari-unified script condition for X—English translation.
Each cell reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Devanagari was not
supported.; see Section 3.

Model Gondi  Mundari Bhili Kui Garo  Kokborok

GPT-40-mini 3.92/25.07 8.07/32.49 1.89/15.96 3.56/23.03 8.14/31.45 5.75/26.64
Llama 3 8B 1.76/19.65 6.17/24.69 4.36/28.10 1.42/17.39 2.86/22.35 2.10/20.54
Mistral 7B 1.70/19.41 5.43/23.14 3.76/25.67 2.34/17.53 3.27/23.02 4.37/22.24

Table 22: Five-shot prompting results under the Latin-unified script condition for Hindi—X translation. Each cell
reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Latin was not supported.

Model Gondi  Mundari Bhili Kui Garo Kokborok

GPT-40-mini 1.91/19.15 3.77/24.38 4.19/34.93 0.29/14.69 4.71/26.79 3.40/26.82
Llama 3 8B  4.00/16.62 5.69/17.79 10.17/25.09 1.41/10.99 1.62/16.78 2.84/20.35
Mistral 7B 4.43/16.85 6.11/18.88 9.51/25.61 1.69/11.42 1.23/16.17 2.21/17.74

Table 23: Five-shot prompting results under the Latin-unified script condition for X—Hindi translation. Each cell
reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Latin was not supported.

Model Gondi  Mundari Bhili Kui Garo Kokborok

GPT-40-mini 6.10/23.13 7.98/28.15 3.41/19.71 3.49/16.68 10.22/32.04 8.18/27.38
Llama 3 8B  2.39/16.17 4.45/19.08 9.76/29.15 1.09/12.20 7.57/22.69 6.59/20.39
Mistral 7B 2.64/17.11 4.93/18.59 7.86/25.87 1.49/12.52 4.54/18.31 4.84/17.96

p<0.001 and 54 at p<0.05. The two non- (A=-0.73, 95% CI: [—2.00, +0.61], p=0.298).
significant comparisons are Garo—Hindi under = Both are discussed in §K.4.

ByT5 (A=+0.06, 95% CI. [-0.99, +1.00],

p=0.896) and Mundari—English under ByT5
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Table 24: Five-shot prompting results under the Latin-unified script condition for English—X translation. Each
cell reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Latin was not supported.

Model

Gondi

Mundari

Bhili Kui Garo  Kokborok

GPT-40-mini 1.22/12.93 2.35/16.13 0.49/20.78 0.50/13.38 8.50/30.21 6.50/29.75

Llama 3 8B
Mistral 7B

1.74/10.88 2.03/11.52 0.94/10.77 0.67/8.96 4.77/21.53 6.10/22.37
1.82/10.73 0.99/11.16 0.53/7.83 0.51/8.92 4.96/22.72 4.67/22.42

Table 25: Five-shot prompting results under the Latin-unified script condition for X—English translation. Each
cell reports BLEU/chrF++. Santali is excluded because lossless Ol Chiki conversion to Latin was not supported.

Model Gondi

Mundari

Bhili Kui Garo Kokborok

GPT-40-mini 3.14/22.11 5.90/29.06

7.37/33.06 2.99/22.17 15.81/40.13 9.79/33.50

Llama 3 8B 1.15/16.45 3.09/19.45 1.36/19.66 1.09/16.30 12.58/32.40 8.91/28.47
Mistral 7B 0.98/17.80 3.70/20.96 1.18/22.02 1.12/17.58 15.09/33.00 11.42/28.92
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Figure 7: Corpus-native fine-tuning results by model, language, and direction. Left: BLEU; right: chrF++. Values
correspond to Table 5. "Bhili X—Hi (IT2) flagged for lexical-overlap leakage (Appendix F).

K.3 Sign Reversals as Evidence of Tokenizer

Dependence

Across the 28 language-direction pairs where both
NLLB and ByT5 are evaluated against Indic-
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Trans2, 14 exhibit a verified sign reversal: NLLB
and ByTS5 shift relative to IndicTrans2 in oppo-
site directions, with both differences significant
at p<0.05. Two additional pairs (Garo—Hindi
and Mundari—English) show nominal sign differ-



Table 26: ByT5-base results for Kui under corpus-
native Odia, Devanagari, and Latin script conditions.
For Kui—Hindi, chrF++ varies by only 0.45 across
scripts despite substantial differences in byte-sequence
length. In the reverse Hindi—Kui direction, the Latin
representation yields the highest score, showing that
reduced source-side script sensitivity does not imply
target-side script invariance.

Direction Script BLEU chrF++ Fert. Byte util.

Kui—Hi Odia 8.67 25.64 16.06 46.48%
Kui—Hi Deva 857 26.09 15.87 46.09%
Kui—Hi Latin 833 25.67 8.62 48.05%
Hi—Kui Odia 232 2271 16.06 46.48%
Hi—Kui Deva 240 2285 15.87 46.09%
Hi—Kui Latin 262 2742 8.62 48.05%

ences but are excluded from this count because
one arm is non-significant; they are discussed in
§K.4.

These reversals are difficult to explain through
a simple “model A is stronger than model B” nar-
rative. If one architecture were uniformly supe-
rior, the signs would remain stable across lan-
guages and directions. Instead, the observed re-
versals indicate that translation quality depends
strongly on how tokenizers encode script, mor-
phology, and lexical structure for individual lan-
guages. Importantly, the 14 verified reversals span
five of the seven languages in the corpus (Gondi,
Kui, Garo, Kokborok, and Santali) and appear
across all four translation directions, making a
direction-specific confound unlikely. The clearest
reversals occur for Gondi. Across all directions,
NLLB falls 7.97-22.08 chrF++ below IndicTrans2
(all p<0.001), whereas ByT5 improves over In-
dicTrans2 by 1.66-13.67 chrF++ (all p<0.002).
The confidence intervals are consistently narrow
(£0.5-1.0 chrF++), indicating stable effects rather
than sampling noise. This behavior suggests that
IndicTrans2’s Devanagari-focused SentencePiece
vocabulary provides denser subword coverage for
Gondi than the vocabularies used by NLLB, while
ByTS5 partially compensates through byte-level en-
coding.

Santali shows the most consistent directional
pattern in the corpus: NLLB exceeds IT2 in
all four directions (A=+2.08 to +13.33, all
p<0.001), while ByT5 falls below I'T2 in all four
(A=-12.82 to —21.16, all p<0.001). This is
the inverse of the Gondi pattern. Santali is the
only language in the corpus explicitly represented

in IT2 pretraining as one of the 22 scheduled In-
dian languages, giving IT2 explicit Ol Chiki sub-
word coverage. NLLB’s broader multilingual vo-
cabulary appears to recover part of this advantage,
while ByTS5 lacks access to script-specific lexical
units altogether. The Santali ByT5 confidence
intervals (£0.5-0.9) are among the narrowest in
the appendix, suggesting that these differences are
highly stable across resampling runs. Together,
these reversal patterns indicate that tokenizer de-
sign is not merely an implementation detail for
endangered-language MT. It directly shapes which
scripts and linguistic communities multilingual
systems can represent effectively.

K.4 Linguistic Interpretation of
Non-Significant Effects

Garo—Hindi, ByT5 (A=+0.06, 95% CI:
[—0.99, 4+1.00], p=0.896). ByT5 and IT2 are
statistically indistinguishable on this direction
despite NLLB falling 21.6 chrF++ below IT2.
Garo is a Tibeto-Burman language written in
Latin script. Latin characters occupy one to two
UTF-8 bytes, so ByT5’s raw byte encoding of
Garo input is efficient regardless of any learned
vocabulary. This result aligns with the byte-length
asymmetry hypothesis: the tokenizer disadvan-
tages affecting Devanagari- and Odia-script
languages, where characters typically expand
into three-byte sequences are largely absent for
Latin-script input.

Mundari—English, ByT5 (A=-0.73,95% CI:
[—2.00, +0.61], p=0.298). ByTS5 and IT2 per-
form equivalently on this direction despite NLLB
exceeding IT2 by 9.4 chrF++. Mundari is an Aus-
troasiatic agglutinative language; its Devanagari-
script representation is longer and more frag-
mented under both tokenizers than Latin-script
languages. On the X—English direction, how-
ever, the English decoder is strong in both IT2 and
ByTS5, and a high-quality generation model can ab-
sorb encoding-side variance. The null result there-
fore does not imply that ByT5 and IndicTrans2
behave similarly on Mundari overall. Indeed,
ByT5 significantly outperforms IndicTrans2 on
three other Mundari directions (Hi—X: +10.46;
X—Hi: +14.39; En—X: 4+4.94; all p<0.001). In-
stead, the result suggests that for this particular
direction, decoder-side English fluency partially
masks tokenization differences on the source side.

Both null results are theoretically coherent:
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Table 27: Fine-tuned results under the Devanagari-unified script condition. Each cell reports BLEU/chrF++ across
four translation directions. Santali is excluded because lossless Ol Chiki conversion to Devanagari was not sup-

ported.

Dir. Model Gondi

Mundari

Bhili

Kui

Garo

Kokborok

IT2
NLLB
ByT5

11.04/36.13
18.97/37.53
12.62/37.29

Hi—X

11.21/17.91
19.69/38.55
16.91/40.57

49.23/54.06
23.33/41.52
18.05/42.65

2.17/1.92
9.83/27.64
1.69/20.05

10.68/35.35
12.26/31.79
5.56/29.54

24.81/33.72
11.63/41.79
11.16/36.53

IT2
NLLB
ByT5

17.29/23.00
21.97/37.53
23.23/44.90

X—Hi

18.44/28.86
22.69/38.55
24.92/44.55

84.24/79.15"
35.33/52.52
34.63/53.29

32.77/40.07

19.64/37.00

17.83/35.64 19.82/39.20

4.60/20.41

10.80/28.91

14.22/35.60
19.35/39.46
11.05/29.61

IT2
NLLB
ByT5

6.27/30.98
14.85/32.01
4.55/22.90

En—X

12.30/25.64
14.13/28.97
7.73/26.06

12.16/33.03
19.48/36.36
5.56/22.21

1.98/1.28
10.39/29.56
0.88/15.88

14.54/40.32
15.40/34.59
9.46/34.99

19.52/42.26
18.46/48.94
16.38/40.52

IT2
NLLB
ByT5

14.06/25.85
20.11/42.29
10.32/31.18

X—En

32.38/39.15
19.66/38.63
16.87/37.55

12.30/47.63
26.81/38.63
13.71/35.61

41.97/49.41
21.39/40.56
4.94/23.51

42.73/60.67
24.69/44.13
19.43/41.58

19.29/51.65
22.94/44 .47
17.93/39.51

Table 28: Fine-tuned results under the Latin-unified script condition. Each cell reports BLEU/chrF++ across four
translation directions. Santali is excluded because lossless Ol Chiki conversion to Latin was not supported.

Dir. Model Gondi

Mundari

Bhili

Kui

Garo

Kokborok

IT2 9.86/27.81
NLLB 10.68/41.16
ByT5 13.59/42.21

Hi—X

5.30/25.38
19.90/43.69
20.27/48.42

9.84/38.80
23.88/49.28
22.09/51.92

3.67/26.91
7.69/22.60
1.69/24.07

19.13/33.43
9.47/35.01
6.65/33.83

14.98/38.99
13.09/43.75
14.32/43.38

IT2
NLLB
ByT5S

17.29/27.28
22.66/46.70
21.52/42.57

X—Hi

13.61/31.32
25.21/49.54
24.34/43.88

56.38/55.36"
29.30/50.15
32.77/51.91

8.90/13.93
13.77/29.16
3.67/19.15

17.29/23.38
15.31/32.07
11.31/29.71

19.18/48.63
23.37/43.26
11.78/30.25

IT2
NLLB
ByT5

11.48/26.65
11.47/26.19
4.44/26.70

En—X

9.84/31.86
10.92/30.75
8.99/32.28

11.84/26.08
15.05/29.75
5.92/26.63

4.55/26.58
11.53/25.19
0.97/16.64

19.30/32.60
15.50/34.30
13.36/39.99

10.07/30.54
21.15/51.42
22.27/50.34

1T2
NLLB

25.41/27.02
17.08/34.60
9.31/29.42

X—En

49.62/68.61
16.20/31.60
15.88/36.36

12.45/31.67
20.72/39.93
11.10/32.60

7.99/24.13
15.53/30.19
4.27/22.64

41.11/69.08
20.08/39.10
23.58/44.87

15.41/51.90
27.48/48.31
20.15/41.75

ByT5

Table 29: Aggregate script sensitivity in X—Hindi
translation. Mean and maximum ScSens summarize
how strongly each model’s chrF++ varies across valid
script conditions. The sharp drop from subword mod-
els to ByTS supports the claim that most cross-script
variance is mediated by learned vocabulary allocation.

Model Mean ScSens Max ScSens
IndicTrans2 14.2 28.0
NLLB-600M 11.0 19.3
ByT5-small 2.1 3.1

they occur precisely where the tokenizer-mediated
mechanism predicts reduced or absent effects, and
they therefore strengthen rather than weaken the
overall mechanistic account.

Table 30: Normalised script sensitivity for X—Hindi.
Normalising mean ScSens by mean chrF++ over the
same six-language set shows that ByT5’s lower script
sensitivity is not explained by its score range: its
normalised ScSens remains approximately 6.5% lower
than that of IndicTrans2. Moreover, Kui—the lowest-
scoring case under ByT5—has the highest ScSens
among the ByT5 languages.

Model Mean chrF++ Mean ScSens Norm. ScSens
IndicTrans2 38.69 14.19 36.7%
NLLB-600M 40.00 10.98 27.4%
ByT5-small 37.07 2.08 5.6%

L Error Annotation Schema and
Verification Protocol

The qualitative analysis follows an MQM-inspired
annotation framework adapted to the tokenizer and
script-level phenomenon. All annotations were
performed at the segment level by expert linguists
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Table 31: Paired bootstrap comparison against the In-
dicTrans2 baseline for Hindi—X translation. AchrF++
reports the difference between each model and Indic-
Trans2, with 95% confidence intervals from paired
bootstrap resampling; positive values indicate improve-
ment over the baseline.

Table 33: Paired bootstrap comparison against
the IndicTrans2 baseline for English—X translation.
AchrF++ reports the difference between each model
and IndicTrans2, with 95% confidence intervals from
paired bootstrap resampling; positive values indicate
improvement over the baseline.

Language Model AchrF++ [95% CI] P Language Model AchrF++[95% CI] P
Gondi NLLB —14.05[—14.96, —13.23] <0.001 Gondi NLLB —11.46[—12.17, —10.85] <0.001
Gondi ByTS +13.67[+12.62, +14.62] <0.001 Gondi ByT5 +3.73 [+2.74, +4.69] <0.001
Kui NLLB —4.77 [—5.09, —4.46] <0.001 Kui NLLB +2.05 [+1.60, +2.50] <0.001
Kui ByT5 +9.97 [+9.31, +10.70] <0.001 Kui ByT5  +10.43 [+9.80, +11.03] <0.001
Garo NLLB —1.80[—-2.71, —0.92] <0.001 Garo NLLB +17.55 [+16.57, +18.64] <0.001
Garo ByT5 +4.66 [+3.76, +5.55] <0.001 Garo ByT5 +19.12 [+18.18, +20.09] <0.001
Mundari NLLB +14.60 [+13.73, +15.56] <0.001 Mundari NLLB +12.92[4+11.99, +13.88] <0.001
Mundari  ByTS5  +10.46 [+9.50, +11.59] <0.001 Mundari ~ ByT5S +4.94 [+3.91, +6.02] <0.001
Bhili NLLB —24.44[—25.39, —23.54] <0.001 Bhili NLLB —-16.61[—17.36, —16.00] <0.001
Bhili ByT5 +2.28 [+1.19, +3.33] <0.001 Bhili ByT5 —2.28 [—3.24, —1.30] <0.001
Santali NLLB +7.87 [+7.03, +8.76] <0.001 Santali NLLB +13.33 [+12.10, +14.66] <0.001
Santali ByTS —15.48[-16.67, —14.30] <0.001 Santali ByTS —12.82[-13.63, —11.98] <0.001
Kokborok NLLB +16.40 [+15.39, +17.38] <0.001 Kokborok NLLB +21.01 [+19.93, +22.10] <0.001
Kokborok ByT5 +13.41[+12.57, +14.20] <0.001 Kokborok ByT5 +18.28 [+17.38, +19.13] <0.001
Table 32: Paired bootstrap comparison against the In-  Table 34: Paired bootstrap comparison against

dicTrans2 baseline for X—Hindi translation. AchrF++
reports the difference between each model and Indic-
Trans2, with 95% confidence intervals from paired
bootstrap resampling; positive values indicate improve-
ment over the baseline.

the IndicTrans2 baseline for X—English translation.
AchrF++ reports the difference between each model
and IndicTrans2, with 95% confidence intervals from
paired bootstrap resampling; positive values indicate
improvement over the baseline.

Language Model AchrF++[95% CI] p Language Model AchrF++ [95% CI] P

Gondi NLLB  —22.08[-23.24, —21.00] <0.001 Gondi NLLB  —7.97[-8.90,—7.03]  <0.001
Gondi ByT5 +11.37[+10.31, +12.44] <0.001 Gondi ByT5 +1.66 [+0.62, +2.60] 0.002
Kui NLLB —12.45[—13.11, —11.89] <0.001 Kui NLLB —2.50[—3.14, —1.74] <0.001
Kui ByT5 +2.75 [+2.02, +3.41]  <0.001 Kui ByT5 +3.71 [+2.90, +4.53]  <0.001
Garo NLLB —21.64 [-22.67, —20.67] <0.001 Garo NLLB +5.89 [+5.21, +6.64] <0.001
Garo ByT5 +0.06 [—0.99, +1.00] 0.896 Garo ByT5 +2.58 [+1.84, +3.32] <0.001
Mundari NLLB +20.56 [+19.57, 4+21.65] <0.001 Mundari NLLB +9.40 [+8.48, +10.46] <0.001
Mundari ByTS5 +14.39 [+13.11, +15.72] <0.001 Mundari ~ ByT5 —0.73 [—2.00, +0.61] 0.298
Bhili NLLB —36.08[—37.29, —34.90] <0.001 Bhili NLLB —8.42 [—9.53, —7.44] <0.001
Bhili ByT5 —1.93[—3.13, —0.63] 0.004 Bhili ByT5 —2.55 [—3.48, —1.59] <0.001
Santali NLLB +4.16 [+3.30, +5.00] <0.001 Santali NLLB +2.08 [+1.29, +2.93] <0.001
Santali ByTS —21.16[-22.34, —20.07] <0.001 Santali ByT5 —18.14[-19.02, —17.26] <0.001
Kokborok NLLB +10.84 [+10.06, +11.56] <0.001 Kokborok NLLB  +9.43 [+8.75, +10.17] <0.001
Kokborok ByT5 —3.97 [—4.72, —3.27] <0.001 Kokborok ByT5 +1.03 [+0.39, +1.70] <0.001

who were not involved in the original translation
process. For each example, annotators aligned the
system output with both the source sentence and
the human-verified reference translation in order
to identify semantic, linguistic, and script-related
failures.

Each detected error was assigned (i) a category
from the taxonomy in Appendix M, (ii) a sever-

ity score, and (iii) an optional free-text explanation
when the predefined category labels did not suffi-
ciently capture the linguistic or cultural nuance of
the error. This design allowed the analysis to cap-
ture not only surface translation quality, but also
failures related to script choice, tokenizer behav-
ior, cultural representation, and language drift that
are often obscured by automatic metrics.
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Severity scale. Errors were annotated on a five-
level severity scale. Very low errors correspond
to cosmetic issues such as spacing, punctuation,
or minor stylistic awkwardness in an otherwise
usable translation. Low severity marks isolated
surface-level problems that are noticeable but do
not substantially affect interpretation. Medium
severity indicates errors that disrupt fluency or con-
tent over part of the sentence while leaving the
overall meaning recoverable. High severity de-
notes major mistranslations or omissions that ren-
der substantial portions of the output unreliable.
Finally, Very high severity is reserved for unus-
able outputs, including translations produced in
the wrong language, semantically unrelated gen-
erations, or character-level corruption.

For aggregate analysis, the five-point scale was
further collapsed into three broader bands. Criti-
cal errors correspond to very high severity and in-
clude cases such as complete wrong-language out-
put (ES) and severe tokenization corruption (ES).
Major errors combine high and medium severity
cases, while Minor errors group together low and
very low severity issues.

Annotation procedure. Annotators recorded
every identifiable error within a segment, up to a
maximum of five errors per example. When addi-
tional issues were present, only the five most con-
sequential errors were retained to maintain consis-
tency across annotations. Error spans were first
highlighted and colour-coded before assigning cat-
egory and severity labels. Errors were annotated
at the finest linguistically meaningful granularity.
For instance, two independent mistranslations oc-
curring within the same sentence were recorded as
separate errors rather than merged into a single la-
bel. Where multiple categories overlapped on the
same span, only the most severe category was re-
tained. Ties were resolved according to the prior-
ity ordering:

Accuracy > Fluency > Terminology > Style.

Source-side problems, including mistranscrip-
tions or references mistakes were marked explic-
itly on the source segment and excluded from
downstream scoring. Outputs that were too cor-
rupted for span-level annotation were labeled as
a single Non-translation error covering the entire
segment.

Two-linguist consensus. Each system output
was independently reviewed by two expert lin-
guists with proficiency in the target language.
Annotations were accepted directly when both
annotators agreed on the severity band and as-
signed overlapping category labels. Disagree-
ments were resolved through adjudication by a
senior language expert, who examined the con-
tested segment and produced the final annotation.
This consensus-based procedure was particularly
important for endangered and low-resource lan-
guages where distinctions between dialectal varia-
tion, borrowing, transliteration, and genuine trans-
lation errors may be linguistically subtle.

M Human Evaluation Error Taxonomy

The annotation taxonomy comprises eight error
categories, each designed to capture a distinct
underlying failure mechanism rather than only
surface-level errors. The taxonomy combines
conventional MT evaluation dimensions such as
semantic adequacy and fluency with categories
specifically motivated by multilingual tokeniza-
tion and script representation. In particular, ES
(Target Language Drift) and E8 (Tokenization
and Script Artifact) directly operationalise the
central tokenizer-mediated phenomena studied in
the paper. The remaining categories capture er-
rors related to semantic transfer, cultural repre-
sentation, named-entity preservation, source copy-
ing, morphology, undertranslation, and robustness.
Together, the taxonomy enables a linguistically
grounded analysis of how multilingual MT sys-
tems fail under low-resource and script-diverse
conditions.

El1 Semantic Adequacy. Errors in which the
generated meaning diverges from the source sen-
tence. This category includes complete meaning
loss, partial omission of key content, semantic dis-
tortion, and hallucinated information not present
in the source. These failures directly affect trans-
lation faithfulness and are often the most severe
errors from the perspective of usability.

E2 Cultural Lexical Substitution. Culturally
grounded vocabulary replaced with generic or cul-
turally flattened alternatives. Subtypes include kin-
ship terminology, ritual and religious expressions,
ecological and agricultural vocabulary, and gover-
nance or institutional terms. Although such sub-
stitutions may appear acceptable under automatic
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metrics, they frequently erase culturally specific
distinctions that remain important for community-
centered translation settings.

E3 Named Entity Error. Failures involving the
preservation or transliteration of named entities,
including person names, place names, organiza-
tions, institutions, dates, and numerical expres-
sions. This category captures both semantic cor-
ruption and script-level instability in entity render-
ing.

E4 Source-Side Copying. Cases where portions
of the source sentence are reproduced rather than
translated. Subtypes include complete sentence
copying, partial copying of key phrases, and script
mixing in which untranslated source-script tokens
remain embedded in the output. Such errors are
particularly common in closely related language
pairs with high lexical overlap.

ES Target-Language Drift. Outputs generated
in a language other than the requested target lan-
guage. This category includes complete wrong-
language generation, substantial unintended code-
mixing, and register drift in which Hindi or
English lexical patterns dominate endangered-
language outputs. Bhili—Gujarati drift under
IndicTrans2 represents a paradigmatic example.
Within the context, ES serves as one of the clearest
diagnostic signals of vocabulary-proximity bias in
multilingual tokenizers.

E6 Morphology and Grammar. Violations of
target-language morphology or syntax, including
tense errors, agreement failures, incorrect case
marking, postposition errors, and word-order dis-
tortions. For morphologically rich and agglu-
tinative languages such as Mundari, this cate-
gory additionally captures the collapse of complex
negation—agreement—aspect structures into Hindi-
like Devanagari token sequences that obscure na-
tive grammatical structure.

E7 Undertranslation and Content Omission.
Failures in which information present in the source
is omitted or compressed in the output. Subtypes
include clause deletion, dropped modifiers, prema-
ture truncation, and over-generalized paraphrases
that replace specific content with vague formula-
tions. These errors frequently emerge in long or
morphologically dense sentences where tokeniza-
tion length expands substantially.

E8 Tokenization and Script Artifacts. Errors
attributable to tokenizer fragmentation, script en-
coding instability, or vocabulary exhaustion. This
category includes character-level corruption, repet-
itive token loops, malformed Unicode sequences,
and mixed-script artifacts such as unexpected Ara-
bic glyphs or Latin diacritics appearing within the
output. The English—Kui examples under Indic-
Trans2 provide concentrated instances of this fail-
ure type. Among all categories, E§ most directly
reflects breakdowns arising from script-tokenizer
interaction and therefore serves as a central diag-
nostic category for the mechanistic analysis.

N Error Distribution Across the
Experimental Grid

We manually analysed a primary sample of 259
IndicTrans2 outputs in the corpus-native script
setting. The sample was stratified by language
and translation direction, with additional Bhili and
Kui outputs included because preliminary audits
showed recurring language-drift and script-artifact
failures. Comparative samples from NLLB-600M,
ByT5-small, prompted LLMs, and the unified-
script conditions were inspected separately where
relevant.

Overall, 30.5% of outputs were error-free,
20.5% contained only minor issues, 34.7% con-
tained major errors, and 14.3% were critical. Er-
ror severity varied substantially across languages.
Santali in Ol Chiki was the strongest case, with
nearly all sampled outputs judged error-free and
only minor undertranslation observed in the re-
maining cases. Bhili, Mundari, and Gondi
showed moderate performance but different fail-
ure profiles: Bhili was most affected by language
drift and culturally sensitive lexical substitutions,
whereas Mundari and Gondi showed more general
semantic degradation. Garo and Kokborok had
lower error-free rates and frequent semantic ade-
quacy errors, consistent with weaker support for
these Latin-script Tibeto-Burman languages in the
evaluated subword models. Kui was the most frag-
ile case: no sampled output was fully error-free,
and critical failures were concentrated mainly in
the En—Kui direction.

Direction also mattered. @ X—Hindi and
X—English were substantially more stable than
En—X, while Hi—X remained intermediate. The
En—X collapse was driven primarily by genera-
tion into weakly represented target languages, es-
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pecially Kui, where the decoder often failed to re-
trieve reliable target-language forms. This pattern
supports the tokenizer-mediated account: encod-
ing endangered-language input is difficult but of-
ten recoverable, whereas generating endangered-
language output exposes sparse or poorly trained
regions of the target vocabulary.

Across categories, the dominant errors were
semantic adequacy failures, target-language drift,
undertranslation, tokenization and script artifacts,
named-entity errors, cultural-term substitutions,
source copying, and morphological or grammati-
cal loss. These categories were not uniformly dis-
tributed: Bhili concentrated drift and cultural-term
errors, Kui dominated tokenization and script-
artifact failures, and Garo/Kokborok concentrated
semantic adequacy errors. Model comparisons fur-
ther support this diagnosis: NLLB-600M avoided
the catastrophic garbling observed for IndicTrans2
on En—Kui but produced sparse Odia-influenced
output; ByT5 reduced garbling but undertrans-
lated more often; prompted LLMs failed mainly
through drift and source copying.

Script-condition audits were consistent with the
automatic results. Bhili Latin-unified outputs un-
der IndicTrans2 showed more semantic and drift
errors, matching the large chrF++ decline in Ta-
ble 3. In contrast, Kui under NLLB-600M shifted
from critical garbling toward more recoverable
major errors under Devanagari unification, match-
ing the observed chrF++ gain. These patterns in-
dicate that script effects arise from tokenizer be-
haviour and pretraining coverage rather than fixed
properties of the languages themselves.

O Representative Translation Errors

The examples below are drawn from the manually
annotated evaluation set and span all major lan-
guage families represented in the corpus. Each ex-
ample illustrates a dominant error category from
the taxonomy (E1-E8; Appendix M) and connects
the observed failure to the broader quantitative pat-
terns reported in the paper. Figures 8-11 repro-
duce the original system outputs.

0.1 Errors in Devanagari-Native Languages:
Gondi, Mundari, and Bhili

Gondi: Critical Domain-Adjacent Hallucina-
tion (E1). The source sentence contains Aal-
siram, a folk compound roughly meaning “the one
who never works,” together with a negated action

verb. IndicTrans2 replaces this with Saasram, a
phonologically similar name sharing overlapping
Devanagari subword segments, while simultane-
ously reversing the negation. The resulting out-
put is semantically unrelated to the source. The
same substitution appears in the Hindi—Gondi
direction, suggesting a systematic subword-level
confusion rather than an isolated decoding error.
NLLB, by contrast, produces heavily degraded
vowel-stripped and diacriticless output in both di-
rections, consistent with its —22.1 chrF++ deficit
relative to IT2 on X—Hindi (Table 32).

Mundari: Morphological Flattening and Lex-
ical Confusion (E6/E1). IndicTrans2 translates
“Can you speak?” without catastrophic semantic
loss but shifts to the formal pronoun and reframes
the utterance as “what do you say?” This pro-
duces a register and intent mismatch that weak-
ens the distinction between ability and willingness
encoded in the Mundari source. In the reverse
direction, NLLB substitutes jagar (“quarrel” or
“argument”) for kaji (“speak”), two orthographi-
cally similar forms under Devanagari segmenta-
tion. The result introduces an unintended con-
frontational meaning and alters the communica-
tive force of the sentence.

Bhili: Meaning Distortion and Cultural-Term
Substitution (E1/E2). The source expresses de-
votional gratitude directed toward God. Indic-
Trans2 reverses the underlying speech act, produc-
ing a blessing directed at God rather than gratitude
expressed about God. At the same time, a cultur-
ally grounded gratitude expression is flattened into
a generic blessing formula. Although the output
receives a relatively high automatic score, the ex-
ample illustrates how lexical overlap can obscure
representational loss. IndicTrans2’s strong Bhili-
Hindi scores in both directions are partly driven by
surface overlap (Ov=0.608) rather than by robust
semantic transfer (Appendix F). NLLB again pro-
duces collapsed, vowel-stripped output, mirroring
its large quantitative deficit on Bhili—Hindi.

0.2 Errors in Latin-Native Languages: Garo
and Kokborok

Garo: Major Undertranslation under Script
Unification (E7). In the native-script setting, In-
dicTrans2 produces near-reference Garo—English
translations for biographical content: named enti-
ties are preserved, and word order is correctly re-
ordered into English SVO structure despite the ab-
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sence of explicit Garo pretraining coverage. Under
Devanagari unification, however, the same model
drops the culturally informative phrase referring
to “intricate stone carvings” while preserving the
architectural term Shikhara. The degradation is se-
lective rather than global: culturally specific con-
tent lacking strong Devanagari subword support is
preferentially lost during decoding.

Kokborok: Entity-Chain Truncation and Un-
dertranslation (E7). IndicTrans2 generates flu-
ent English from Kokborok input but omits histor-
ically central references to the Madurai Nayakas
and the Carnatic region while preserving mentions
of Adil Shahi and the Maratha army. The out-
put therefore receives partial chrF++ credit despite
dropping a substantial portion of the factual con-
tent. The example illustrates a broader limitation
of overlap-based metrics: surface fluency can co-
exist with severe informational loss. Under De-
vanagari unification, geographical entities such as
Itarsi, Hoshangabad, and Betul remain compara-
tively stable, indicating that place-name transfer is
more robust than the transfer of culturally specific
narrative content.

0.3 Errors in Ol Chiki and Odia Script
Settings: Santali and Kui

Santali: Semantic Hallucination and Numeral-
Script Variation (E1/E3). For the sentence
“shopping will be completed by 20 December,” In-
dicTrans2 differs from the reference only in nu-
meral formatting, using standard Arabic numerals
instead of the native-script numeral form, while
NLLB remains semantically faithful. ByTS5, how-
ever, generates fluent text in the correct script but
hallucinates an unrelated temporal statement refer-
ring to an entire century rather than the intended
shopping event. The Santali—English direction
reveals the same pattern: IndicTrans2 and NLLB
preserve the original meaning, whereas ByT5 pro-
duces semantically unrelated content centred on
“the 20th century.” Importantly, the failure is not
orthographic. ByT5 generates well-formed script
sequences, but lacks the subword-level semantic
grounding that IndicTrans2 acquires through ex-
plicit native-script coverage during pretraining.

Kui: Vocabulary Exhaustion, Repetition, and
Cultural-Term Loss (E8/E1/E2). En—Kui un-
der IndicTrans2 fails catastrophically across all
tested domains (Figure 11). Outputs contain mix-
tures of unrelated Unicode symbols, isolated script

diacritics, and fragmented character sequences
with no recoverable Kui lexical content. The pat-
tern remains consistent across education, health,
agriculture, culture, and public-service examples,
indicating a structural vocabulary failure rather
than a domain-specific weakness. IndicTrans2
lacks sufficiently dense Kui subword coverage in
the Odia script, causing the decoder to collapse
into character-level noise during generation.

Kui—Hindi outputs show a clear severity gradi-
ent. Public-service sentences remain partially in-
terpretable despite agent loss and paraphrastic sim-
plification, whereas culturally grounded examples
collapse into repetition loops. In one folk-tradition
example, references to songs, dances, and oral sto-
rytelling practices are reduced to repetitive generic
phrases, erasing nearly all community-specific
content. The single near-reference exception ap-
pears under Devanagari unification, where Indic-
Trans2 reproduces the reference almost exactly.
This aligns with the STP =0.396 fragmentation
reduction reported in Table 10 and makes the cen-
tral argument concrete: the dominant failure arises
not from linguistic complexity, but from the tok-
enizer’s inability to represent the language effec-
tively.

P Cultural Representation and Dataset
Governance

A central challenge in endangered-language NLP
is that linguistic coverage alone does not ensure
meaningful representation. Translation systems
must preserve not only propositional meaning, but
also the cultural, ecological, and social knowledge
encoded in community vocabulary, kinship sys-
tems, oral traditions, and local governance prac-
tices. Our corpus was therefore designed as both
a parallel MT benchmark and a documentation-
oriented resource that preserves links between lan-
guage form and community-specific meaning.

The dataset covers culturally grounded domains,
including agriculture, ritual practice, oral story-
telling, public services, local ecology, and commu-
nity institutions. The qualitative analysis in Sec-
tion 6 shows that errors in these domains are sys-
tematic rather than incidental: they reflect repre-
sentational biases introduced by multilingual tok-
enization and uneven pretraining coverage.

The error classes most directly tied to cul-
tural representation are target-language drift (ES)
and cultural-term substitution (E2). Both oc-
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cur when limited target-language vocabulary sup-
port pushes the model toward a higher-resource
neighbour with denser tokenizer coverage. In
Bhili, this appears as drift toward Gujarati; in
Gondi and Mundari, community-specific kinship
and agricultural terms are normalised into Hindi-
like paraphrases; and in Garo and Kokborok, flu-
ent outputs often replace culturally grounded ex-
pressions with generic English-style approxima-
tions. Across these cases, the decoder substitutes
broader high-resource expressions for lexical units
that are weakly represented in the tokenizer and
pretraining data.

These patterns show that vocabulary allocation
is not socially neutral. In endangered-language
settings, culturally specific substitutions are not
merely stylistic differences: they flatten distinc-
tions central to community identity, oral knowl-
edge, and language documentation. Repeated re-
placement of local terms with high-resource para-
phrases risks erasing precisely the variation that
revitalisation initiatives seek to maintain.

The corpus design reflects these concerns in
three ways. First, native speakers produced the
references and expert linguists independently ver-
ified them to preserve culturally grounded vocab-
ulary. Second, the annotation protocol treats cul-
tural preservation as an evaluation dimension dis-
tinct from general semantic adequacy, allowing
culturally meaningful substitutions to be analysed
even when automatic scores remain high. Third,
the Santali setting highlights the importance of
script integrity: script conversion may improve to-
ken overlap while weakening orthographic iden-
tity and community validity.

Taken together, these choices position the cor-
pus as both an MT benchmark and a computa-
tional language-documentation resource. They
also reinforce the claim: tokenizer design is not
only a technical optimisation problem, but a rep-
resentational decision that shapes whether multi-
lingual systems can support endangered-language
communities faithfully.

Q Generalizing Beyond the
Seven-Language Benchmark

The numerical outcomes are conditioned on the
seven languages, three model families, and vali-
dated script-conversion pathways in our pipeline.
We do not assume that the same effect sizes will
transfer directly to other language model pairs,

since typology, orthography, conversion tools, and
tokenizer design can all change the direction and
magnitude of script effects. The transferable con-
tribution is methodological: measure Script Tok-
enization Parity before fine-tuning, validate non-
trivial conversion with speakers where possible,
and inspect error types that automatic metrics may
understate. The benchmark spans four families
and four corpus scripts, providing a controlled set-
ting in which tokenizer-mediated reversal appears
across typologically distinct languages. Santali
further illustrates the safeguard: even when uni-
fication could reduce tokenisation cost, it should
not be used without a lossless and community-
acceptable conversion pathway.

Q.1 Cross-Regional Case Study: Amharic

To examine whether our findings extend beyond
the Indian subcontinent, we conduct a cross-
regional case study on Ambharic, a Semitic lan-
guage written in the Ge’ez script in Ethiopia.
We use a public ~20k-pair training corpus and
a 1 k-sentence test set, following the same fine-
tuning and evaluation setup used in our main ex-
periments (Table 35). NLLB-600M, for which
Ambharic is a supported language, produces more
compact Ge’ez segmentation and higher transla-
tion scores, whereas ByT5-small exhibits the ex-
pected byte-level pattern of substantially longer
sequences without relying on a learned subword
vocabulary. We treat these tokenization statistics
descriptively rather than as a single-factor expla-
nation of translation quality. IndicTrans2 is not
evaluated because Amharic and Ge’ez fall outside
its intended language and script scope.

We evaluate Amharic only in its native Ge’ez
script.  Without community validation for a lin-
guistically and culturally acceptable conversion,
we do not introduce an alternative-script condi-
tion, following the same validity criterion applied
to Santali (Section 3). This case therefore pro-
vides a cross-regional check, beyond the Indian
subcontinent, on the portability of our training
and tokenizer-diagnostic workflow, rather than a
full external replication of the multi-script ScSens
analysis. More broadly, the transferable contribu-
tion is methodological rather than an expectation
of identical effect sizes: measure STP before fine-
tuning, validate non-trivial script conversions with
speakers, and inspect errors that surface metrics
may understate.
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Table 35: Amharic results in the native Ge’ez script.
Amharic-side tokenization statistics are reported for
Amh—En. Vocabulary utilisation is tokenizer-specific
and is not directly comparable between NLLB-600M’s
learned subword vocabulary and ByT5-small’s fixed
byte inventory.

Model Dir. BLEU chrF++ Fert. 3+ units Vocab util.

NLLB-600M Amh—En 4121 6145 208 32.8% 3.1%
NLLB-600M En—Amh 21.94 44.15 - - -
ByT5-small Amh—En 17.66 38.85 1222 97.9% 64.5%
ByT5-small En—Amh 8.73  25.13 - - -

R Dataset Scale and Statistical
Robustness

The approximately 20k-sentence scale reflects a re-
alistic data regime for endangered-language MT,
where fluent literate speakers are limited, on-
line orthography is inconsistent, and community-
specific terminology is often absent from web text.
We assess robustness through statistical signifi-
cance tests (Appendix K), full baseline results (Ta-
bles 31-34), script-conversion effects relative to
the corpus-native baseline (Table 3), and quality-
controlled corpus construction with attrition re-
ported in Table 6. The resulting benchmark is
smaller than high-resource MT datasets, but com-
bines speaker-verified references, controlled script
conditions, and statistical testing in a resource
regime realistic for endangered languages.
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Translation from Mundari to Hindi

Source : TTAT: 3TH STl SISITH?
Reference : &7 T sliel ehcl 817
IndicTrans2 outpUt: TT: 3TT T Fad &7
NLLB output: 3T 31T ST < Tl &7

Translation from Hindi to Mundari

Source : T J# Stel Tehd 817
Reference : TTeT: 3T ST EIHSITH?
IndicTrans2 output: fRI3T: 378 HTA3N:37:?
NLLB output: TII=I31: 318 SR &f331:?

Translation from Bhili to Hindi

Source : Wmmmim I
Reference : $aTdTel T Hehdlo{

IndicTrans2 output: HITATe ST H, ﬁ?FI'I?-IT-lTEI
NLLB output: $7aTae o &l &, H HAd &

Translation from Hindi to Bhili

Source : #HaTdTel T HhdollT §
Reference : $13TdTet SJFTW uH E?FI'I?-T I
IndicTrans2 output: 373TaTe a1t YhIOIR T
NLLB output: $9TaeT = THT Hbg

Translation from Gondi to Hindi

Source : mwmmﬁﬁm*aﬁl

Reference : 3TeRIRIH Tg & 3l &1 ol et Y wTaT e

IndicTrans2 output: TTERTA o &ET fF & TS &7 RRET 3 13 & forw o & &1
NLLB output: JTrERTH $3 3TH T2V & T JHA T g7

Translation from Hindi to Gondi

Source : 3TTCRRTH Te, & H3f &1 Tl 1y T AET YT
Reference : 3TeriRTH %& 3T SEHT &, gl el & K|
IndicTrans2 output: Wmmmﬁqﬁmml
NLLB output: TeRIRTH oIgeh siche] SR $HATAL

Figure 8: Devanagari-native languages (Gondi, Mundari, Bhili). IT2 hallucinates a name (Saasram for Aalsiram)
and inverts negation in Gondi—Hindi; NLLB produces vowel-stripped, diacriticless output across all three pairs.
Mundari«+Hindi shows recoverable register and aspect errors rather than catastrophic failure, consistent with its
intermediate chrF++ scores.
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Translation from English to Garo (Native Script) :
Source: What is an Equatorial Telescope Mount?
Reference : Equatorial Telescope Mount maia?
IndicTrans2: Equatorial Telescope Mout minga?

Translation from Garo to English (Native Script) :

Source : Saund British India ni Punjab Province o Amritsar district ni Chhajulwadi songo saksaprak Indian Punjabi Sikh nokdang o
atchiaha.

Reference : Saund was born in Chhajulwadi, Amritsar district, Punjab Province, British India, to an Indian Punjabi Sikh family.
IndicTrans2 output: Saund was born in an Indian Punjabi Sikh family in Chhajulwadi village of Amritsar district in the Punjab province
of British India.

Translation from English to Garo (Devanagri Script) :
Source : The temple, located near the Police Post and the Treasury building, is built in the Shikhara style, with intricate stone carvings.

Reference : Mol died 31T 33198 gsfogaar dueai alfeaery 531 Afcaw! ey dwatics Reg st A-3iiee Rl fde Aeate aae.

IndicTrans2 output: 337 mﬁ?’wmmmmﬁﬁg $31 FRIEERT TAS-31T SF - 37, |ledl - 3.

Translation from Garo to English (Devanagri Script) :

Source : Ffed TTEAH HTRAR-I] HelFolH, Ulererts; IR M giegar-la FsTlsheal aord AT Doatol-Toaent 33N,
Reference : Multi system operators provide a mix of Malayalam, English, other Indian language and international channels.
IndicTrans2 output: Multi-system operators operate channels in Malayalam, English, and other Indian languages.

Translation from English to Kokborok (Native Script) :

Source : The temple, located near the Police Post and the Treasury building, is built in the Shikhara style, with intricate stone carvings.
Reference : O nokthar, police post tei rangchakni nok ganao tongnai, shikhara style bai swnamjak, holongni swnamjak manwirok bai.
IndicTrans2 output: Kwrwngmungrokni nwio, khoroknwi tongmani thanikha, abo Shikhara style-o swnamijak, bisingo kwbangma
bwthamni mwthairok.

Translation from Kokborok to English (Native Script) :

Source : Fort complex o Bijapur ni Adil Shahi ni habugra tei Maratha ni habugra ni sengkrak rok ni bisingo belai kheno choba wngwi
tongkha.

Reference : The fort complex has witnessed fierce battles between the Madurai Nayakas and Adil Shahi dynasty of Bijapur, Carnatic
region and Maratha Imperial forces.

IndicTrans2 output: The fort complex witnessed a fierce battle between the forces of Adil Shahi of Bijapur and the Maratha army.

Translation from English to Kokborok (Devanagri Script) :

Source : Itis located in Itarsi of Hoshangabad District of Madhya Pradesh state, above Betul district.
Reference : 37181 7ET TETE & To1 BIEGe16G, 3T el L Sdel Teh: =aT.

IndicTrans2 output: 3 FEE Tere, gFwaTol eIeeaTae, Tt fof Saf 3, el fafede for afer e,

Translation from Kokborok to English (Devanagri Script) :

Source : &I ALY TCTa GEd (o BIRGITEG, 3afd 3, Scel 3FSA Fh3 diea.

Reference : It is located in Itarsi of Hoshangabad District of Madhya Pradesh state, above Betul district.
IndicTrans2 output: It is located in the ltarsi of Hoshangabad district, Madhya Pradesh, near Betul district.

Figure 9: Latin-native languages (Garo, Kokborok) under native and Devanagari-unified conditions. Native-
script Garo—English (IT2) is near-reference; named entities are preserved and word order is faithfully reordered.
Devanagari-unified conditions reveal incomplete cultural-content transfer: stone carvings and international chan-
nels are dropped (E7), and entity chains are truncated in Kokborok—English (Madurai Nayakas, Carnatic region
absent from output).
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Translation from English to Santali (Native Script) :

Source: For example, shopping will be completed by 20 December.

Reference : 29.Cba). PZb#N0Z, 20 OALZUDDS U2DIIZ DANAG bA.UA U282).226-7

IndicTrans2 output: £2).Cb2. PZLA0Z, 20 OALZUDIN UKPHZ bANAQ UH8H.22E-

ByT5 output : 2222 PA.CAT UASHAZ 20 £ZHU2) 32 20 K23UN SZEANE 20 LARLAAN WORDE-D)
NLLB output : 22).€b2. PZbAN0Z, £0 OALZUDDY 2OH.WAD bANAG 0952).2) WOEHE-2)

Translation from Santali to English (Native Script) :

Source: ©2.€b9. PZbA0Z, 0 OALZUDLIN UD$IHZ bARAA b2L.UA UH8H.2IE-D
Reference: For example, shopping will be completed by 20 December.

IndicTrans2 output: For example, the purchase will be finished by December 20.

ByT5 output: According to the state, the 20th century work is the state of the 20th century.
NLLB output: According to the report, the sale will be completed by December 20.

Translation from Hindi to Kui (Native Script) :

Source : 30 W - URER $I &I 3@ B |

Reference : &'Q1 6§ — §F19BIRI TR 'F1g |

IndicTrans2 output: 69'9IR €G! Q| AN DGl SIS L' &'l
ByT5 output : 99@ 9 RERAST QG

NLLB output : Q8925 Q9820 99ea d2Ig8a

Translation from Kui to Hindi (Native Script) :

Source : 92lIF 6CIRE \‘IET’I ‘a@ifﬂ’l adeian ﬂ%@;lfé]%ﬁ
Reference : qfey 3R EAEGIRI

IndicTrans2 output: B%Wﬁg%m HHARE! I i &l |

ByT5 output : 9 Ulferd 3% Glﬁemﬁmﬁaamu‘rm 3R S HHART & fau g1
NLLB output : 3984 dg ddd & dg Udh SIuld b Add Y

Translation from Kui to Hindi (Latin Script) :

Source - sarojini nagara marketa tredarsa asosiesanata sabhapati asoka randhava besanenju amu belene rahana
dehengi dukani japinamu . ¥ 3 . #ra ARy
Reference : TR TR AldeE éSﬁ g?i IH SIEHE SRID PCIEIRET "1gH Elﬂa GRGAE |

IndicTrans2 output: TRIToRHT TR J-IIChdI R wwgw Ed 3{821&{ 313 LT 3 DYl b §H U Y DI am‘%'%

ByT5 output : TR M&He sy Ugd ¥ Ugd U Hefed e o feld Ju1

NLLB output : a@rﬁﬁﬂwwéﬁf@‘@w W?ﬂmﬁaﬁr%eﬂ@ﬁmﬁﬁaﬂﬁmél

Translation from Kui to Hindi (Devanagri Script) :

S S Hiegd TIfeTE S |
R(;:‘je;(r::nce gﬂ% AEEd BH Y Cakiachcail

IndicTrans2 output CLERELE] ﬁﬁ% I e Pl BHF fa|
ByT5 output - 35+ 30 TaIgd Bl ¥ Uferd &l 9|
NLLB output : 39 30T HIGEd B ¥ &l & fedl

Figure 10: Santali (Ol Chiki) and Kui (Odia) examples illustrating the two poles of the corpus. For Santali: 1T2
and NLLB are near-reference; ByT5 produces coherent Ol Chiki characters but semantically unrelated content
(critical E1 hallucination). For Kui: all three models fail on Hindi—Kui (garbled or truncated Odia output);
Kui—Hindi shows an IT2 domain drift (“wildlife” — “group”), ByTS5 repetition loop, and NLLB string collapse.
The Devanagari-unified Kui example (bottom) is the only near-reference IT2 output for any Kui generation direc-
tion.
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Translation from English to Kui (Domain - Education) :

Source : We have books to read from school.
Reference : &i91 60d 01090 2l @9Q I AEEE ISR
Model output: ¢" 1122 '3"® Nob'a'ed'aTi'leI'A" a'age

Translation from English to Kui (Domain - Health) :

Source : It is engaged in the development of Ayurvedic medicines for the treatment of animal diseases.
Reference: dQ0d? @0 6QI6GIAI MYRI6A'R AR AR 'Y QAUIRICQ! GIECINIER |
Model output: ¢"®'12@Q" YaTaATa G?@‘é'r”" Qrasa ® " U

Translation from Kui to English (Domain - Public Service) :

Source : @ QINYGAI J'€1@ CIRAIAI g6M Y'EQ0R AR AYICE'EE F€@1 A16QQ, | YNEAARIA Q1! AIRNEH 'ZACAAR ARG |
Reference: This group of officers along with their entire team has started a task called'Operation Malyudh '.
Model output: He also said that the government has decided to launch an operation in this regard.

Translation from Kui to English (Domain - Culture) :

Source Q€101 WQOIA ARl QIOGI QIQEGIR Q67 QIrGEel Yeell CRQl AIRIAl ISR |
Reference : The traditional festivals of the Munda people feature special types of music and dance.
Model output: The Munda people are also known for their religious beliefs and beliefs.

Translation from Hindi to Kui (Domain - Culture) :

Source : HUST &7 & YRIRE cAERT & FAAY TR & Ffel 3R e &1 AT @i gl
Reference : Q6101 A'Q01a AI'al QIQ@I GI6@0IR 6I'6e! allgesll 4eall 4Ral IRl AI6R |
Model output: A3l GI'QI AI'AIGI QIR 6861 B'A AR ATIAIQI, ORI QI'AI T ', 62'wol QIelsn, 0@ 6a") F6a1

Translation from Hindi to Kui (Domain - Agriculture) :

Source SR SToToTld % HeET IRART I HY, TR, A, 9 TTH 3416 3711 & v HOTHAT § |
Reference : 90R @410 Aq 0996, 69, ATIYYL, S0P A0FE 969 6d dn - -
Model output: Q'@1al '@l QI Al 691" ala a6 QAR AIGE, 8GAl, A8, aIr'd A6l I6a, @Al Q'3 caqIel AT QIQ

Translation from Kui to Hindi (Domain - Culture) :

Source : 6@lQI (@@\G\ ) Wegml @' Al'@l- QRIA0! A'eal'd, a'g @' 2QI1R6QQl, ARG AAIRNGG! AIRSH |
Reference : W(ﬁﬁ)mﬁwwﬁﬁm?ﬁﬁ Fﬂ?a‘-l_q S AT 3T vatad
Model output: SIRaT (TEGRY) & oiteT HEhicT 7 ollar ¢, AT R e El

Translation from Kui to Hindi (Domain - Education) :

Source : @2l @@’eam gaal 2i9l @14 GaraeI1ael argaifalal @aedol garaeldiel pa6 gae FeIaIalal |
Reference -39 {1t g@u@uﬁw;ﬁﬁﬁ FATHAT ST 3, T1S T AR &A1 a7 B
Mode|outputsva:rziwafrtm %ﬁvu@wwwﬁm%ﬂq#ﬁm%mwwmw%l

Figure 11: Domain-stratified En—Kui and Kui«+>Hindi outputs (IT2) across education, health, public service,
culture, and agriculture. En—Kui outputs are vocabulary-exhaustion artefacts (E8) in every domain: mixed Arabic,
isolated Odia diacritics, and prime symbols with no recoverable Kui lexical content. Kui—Hindi outputs show
semantic adequacy declining with cultural specificity: public-service content is paraphrased with agent loss; culture
outputs collapse to repetition loops ( “people are, people are, and people are”), erasing named folk art forms (E2).
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Table 36: Full tokenisation statistics by language, script condition, and tokenizer. Fertility is the mean number of
subword tokens per whitespace token, and pieces per sentence is the mean subword count per sentence, equal to
fertility times the mean sentence length reported in Table 7. The subword tokenisation parity is computed relative
to the corpus-native condition for the same language and tokenizer. Hindi overlap is the proportion of produced
subword types that also occur in the Hindi pivot under the same tokenizer.

Language Script condition Tokenizer Fertility Pcs/sent. Subword parity Hindi overlap
Bhili Original IndicTrans2 1.3830 24.1 1.0000 0.6084
Bhili Original NLLB 1.6893 294 1.0000 0.7807
Bhili Original ByT5 12.5156 217.6 1.0000 0.9843
Bhili Devanagari IndicTrans2 1.3830 24.1 1.0000 0.6084
Bhili Devanagari NLLB 1.6893 294 1.0000 0.7807
Bhili Devanagari ByT5 12.5156 217.6 1.0000 0.9843
Bhili Latin IndicTrans2 3.1056 54.0 2.2456 0.0603
Bhili Latin NLLB 2.3949 41.6 1.4177 0.0830
Bhili Latin ByT5 6.9407 120.7 0.5546 0.6423
Garo Original IndicTrans2 3.0453 342 1.0000 0.0359
Garo Original NLLB 2.5570 28.7 1.0000 0.0364
Garo Original ByT5 7.9437 89.3 1.0000 0.7818
Garo Devanagari IndicTrans2 3.4722 39.0 1.1402 0.1343
Garo Devanagari NLLB 4.1388 46.5 1.6186 0.2127
Garo Devanagari ByT5 21.3680 240.2 2.6899 0.5217
Garo Latin IndicTrans2 3.0453 342 1.0000 0.0359
Garo Latin NLLB 2.5570 28.7 1.0000 0.0364
Garo Latin ByT5 7.9437 89.3 1.0000 0.7818
Gondi Original IndicTrans2 1.8260 17.3 1.0000 0.4368
Gondi Original NLLB 2.2185 21.0 1.0000 0.6301
Gondi Original ByT5 14.3373 135.8 1.0000 0.8947
Gondi Devanagari IndicTrans2 1.8260 17.3 1.0000 0.4368
Gondi Devanagari NLLB 2.2185 21.0 1.0000 0.6301
Gondi Devanagari ByT5 14.3373 135.8 1.0000 0.8947
Gondi Latin IndicTrans2 3.4478 32.7 1.8882 0.0668
Gondi Latin NLLB 2.5779 244 1.1620 0.0726
Gondi Latin ByT5 7.6012 72.0 0.5302 0.6879
Kokborok  Original IndicTrans2 2.6255 44.9 1.0000 0.0323
Kokborok  Original NLLB 2.1816 373 1.0000 0.0363
Kokborok  Original ByT5 6.7441 1154 1.0000 0.6923
Kokborok  Devanagari IndicTrans2 3.0302 51.8 1.1542 0.1407
Kokborok  Devanagari NLLB 3.5259 60.3 1.6162 0.2241
Kokborok  Devanagari ByT5 18.0122 308.2 2.6708 0.5127
Kokborok  Latin IndicTrans2 2.6255 44.9 1.0000 0.0323
Kokborok  Latin NLLB 2.1816 37.3 1.0000 0.0363
Kokborok  Latin ByT5 6.7441 115.4 1.0000 0.6923
Kui Original IndicTrans2 6.0472 71.9 1.0000 0.0101
Kui Original NLLB 3.1215 37.1 1.0000 0.0438
Kui Original ByT5 16.0611 190.8 1.0000 0.7278
Kui Devanagari IndicTrans2 2.3949 28.5 0.3960 0.2073
Kui Devanagari NLLB 2.9150 34.6 0.9339 0.3187
Kui Devanagari ByT5 15.8684 188.5 0.9880 0.7325
Kui Latin IndicTrans2 4.0568 48.2 0.6709 0.0508
Kui Latin NLLB 3.0682 36.5 0.9829 0.0579
Kui Latin ByT5 8.6213 102.4 0.5368 0.7312
Mundari Original IndicTrans2 2.0891 31.8 1.0000 0.5735
Mundari Original NLLB 24727 37.6 1.0000 0.7665
Mundari Original ByT5 14.2142 216.3 1.0000 0.9371
Mundari Devanagari IndicTrans2 2.0891 31.8 1.0000 0.5735
Mundari Devanagari NLLB 24727 37.6 1.0000 0.7665
Mundari Devanagari ByT5 14.2142 216.3 1.0000 0.9371
Mundari Latin IndicTrans2 3.2942 50.1 1.5768 0.1211
Mundari Latin NLLB 2.5993 39.6 1.0512 0.1664
Mundari Latin ByT5 7.4915 114.0 0.5270 0.7716

continued on next page
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Table 36: continued from previous page

Language Script condition Tokenizer Fertility Pcs/sent. Subword parity

Hindi overlap

Santali Original IndicTrans2 1.2814 26.9 1.0000
Santali Original NLLB 2.8457 59.7 1.0000
Santali Original ByT5 14.1513 296.8 1.0000

0.0236
0.0597
0.8639

Note. Original denotes the corpus-native script condition. Devanagari and Latin denote audited conversion condi-
tions. Where the conversion target coincides with the corpus-native script, the two rows are identical by construction.

Santali is reported only in its native Ol Chiki condition.
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