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Abstract

Neural Machine Translation (NMT) perfor-
mance degrades significantly in ultra-low-
resource settings, particularly for endangered
languages like Tao (Yami) which lack extensive
parallel corpora. This study investigates strate-
gies to bootstrap a Tao-Tagalog translation sys-
tem using the NLLB-200 (600 million parame-
ter) model under extremely limited supervision.
We propose a multi-faceted approach combin-
ing domain-specific fine-tuning, synthetic data
augmentation, and cross-lingual transfer learn-
ing. Specifically, we leverage the phyloge-
netic proximity of Ivatan, a related Batanic
language, to pre-train the model, and utilize
dictionary-based generation to construct syn-
thetic conversational data. Our results demon-
strate that transfer learning from Ivatan im-
proves translation quality on in-domain reli-
gious texts, achieving a BLEU score of 34.85.
Conversely, incorporating synthetic data en-
hances the model’s ability to generalize to con-
versational contexts, mitigating the domain bias
often inherent in religious corpora. These find-
ings highlight the effectiveness of exploiting
linguistic typology and structured lexical re-
sources to develop functional NMT systems for
under-represented Austronesian languages.

1 Introduction

Neural Machine Translation (NMT) systems have
achieved substantial success for high-resource lan-
guage pairs, largely due to the availability of ex-
tensive parallel and monolingual corpora, which
often contain millions of sentence-aligned exam-
ples (Bahdanau et al., 2015; Vaswani et al., 2017).
The abundance of such resources enables NMT
models to process large datasets, learn robust cross-
lingual representations, and produce high-quality
translations across diverse domains. However, the
majority of the world’s languages—beyond En-
glish, French, Chinese, and a few others—Ilack such
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extensive parallel data. In particular, endangered
and low-resource languages often possess only a
few thousand computer-accessible sentence pairs,
severely limiting the effectiveness of standard NMT
training pipelines (Haddow et al., 2022). Recent
multilingual and massively pre-trained sequence-
to-sequence models have broadened NMT capabil-
ities to low-resource settings. By sharing param-
eters across hundreds of languages, these models
induce partially language-agnostic representations
that enable zero-shot generalization (Costa-jussa
et al., 2024). Nevertheless, performance remains
uneven and inconsistent for many low-resource lan-
guages. Ultra-low-resource languages—those with
limited corpora, no presence in pre-training data,
or distinctive morphological characteristics—still
experience degraded translation quality. This gap
highlights persistent inequities in access to transla-
tion tools and underscores the need for improved
strategies that go beyond traditional data scaling.
At the same time, many low-resource or “data-
poor” languages possess extensive linguistic doc-
umentation accumulated through long-term field-
work, community initiatives, and academic re-
search, which can be leveraged computation-
ally. Such resources—grammars, dictionaries,
religious translations, and transcribed oral tradi-
tions—contain structured linguistic knowledge not
captured by conventional corpora. Tao (Yami), a
Batanic language spoken on Orchid Island, Tai-
wan, exemplifies this scenario. Although Tao lacks
the large-scale parallel corpora typical of main-
stream NMT approaches, it maintains rich lexi-
cal resources, ranging from Biblical translations to
community-authored texts. These circumstances
raise an important research question: can structured
linguistic resources meaningfully compensate for
data scarcity when developing NMT systems for
endangered languages? To address this question,
the present work investigates ultra-low-resource
strategies for bootstrapping a Tao—English transla-
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tion system under extremely limited supervision
(fewer than 5,000 parallel sentences). Instead of
relying solely on data volume, we focus on three
complementary approaches that leverage linguistic
structure and other indicators to reduce degrada-
tion and improve translation quality. Ultimately,
this study proposes a scalable framework for trans-
forming static linguistic archives into functional
translation models, offering a roadmap for other
under-represented Austronesian language.

Primary Corpus Construction We compile, digi-
tize, and standardize a parallel Tao—English corpus
drawn from diverse domains. Our primary sources
include religious texts (specifically the Tao trans-
lation of the New Testament), educational publica-
tions, and community-authored narratives.

Synthetic Data Augmentation To address the
scarcity of authentic parallel data, we employ
two complementary data augmentation strategies:
Dictionary-Assisted Generation: We generate
synthetic sentence pairs by employing the com-
prehensive Tao—Chinese—English dictionary and
morphological rules provided by Rau and Dong
(2006). We map high-frequency lexical items and
grammatical constructions to their target equiva-
lents, expanding the coverage of the training data
to include morphological patterns commonly found
in conversational Tao that is not fully represented
in the Bible corpus. Pivot-Based Augmentation:
We supplement the limited authentic corpora by
utilizing Mandarin and Tagalog as pivot languages.
We utilize commercial translation systems (e.g.,
Google Translate) to translate Mandarin resources
into Tagalog and English, creating pseudo-parallel
pairs that align with our Tao data. This approach
increases data diversity and introduces semantic
variations that help the model generalize beyond
the specific domains of the primary corpus.

Transfer Learning Strategy We adopt a transfer
learning approach to leverage the phylogenetic re-
lationships within the Austronesian language fam-
ily. We initialize our Neural Machine Translation
(NMT) models using weights pre-trained on high-
resource languages. We specifically fine-tune on
typologically related Batanic languages (such as
Ivatan) and regionally dominant languages (such
as Tagalog) before adapting to Tao. This curricu-
lum learning strategy allows the model to leverage
shared morphological features and cognates, with
the intent to significantly enhance translation per-
formance in ultra-low-resource conditions.
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2 Related Works

Multilingual and Transfer-Learning Ap-
proaches for Low-Resource NMT: A well-
established strategy for improving NMT for
low-resource languages is leveraging multilingual
and transfer-learning techniques. Early foun-
dational work demonstrated that NMT models
trained on high-resource language pairs can
provide robust parameter initializations that
improve translation quality when fine-tuned on
low-resource pairs (Zoph and Knight, 2016).
Sharing sub-word vocabulary and morphology
between source and target languages further boosts
performance when the languages are related, based
heavily on the principle of linguistic proximity
(Nguyen and Chiang, 2017). Recent studies
explore meta-learning approaches for adaptation
to low-resource languages, demonstrating that
models can achieve competitive BLEU scores
with as few as 600 parallel sentences (Gu et al.,
2018). However, survey work confirms that these
methods struggle when the target language is
unseen in pre-training or is typologically distant
from high-resource languages (Haddow et al.,
2022; Costa-jussa et al., 2024).

Domain Divergence and '"Auxiliary Fine-
Tuning: A significant, yet often overlooked, chal-
lenge in this transfer learning paradigm is Do-
main Divergence. In ultra-low-resource settings,
researchers are often forced to rely on auxiliary
domains—most commonly religious texts— that
diverge significantly from the target application of
daily conversation. Ranathunga et al. (2024) explic-
itly addressed this in Exploiting Domain-Specific
Parallel Data, investigating the impact of domain
mismatch on Multilingual Sequence-to-Sequence
Language Models (msLMs). Their study confirmed
that while msLMs provide strong initialization,
they fail to generalize when fine-tuned solely on
divergent auxiliary data due to substantial lexical
distribution mismatches. Crucially, they propose
"auxiliary fine-tuning"—adapting the model to a
high-resource related language in the target domain
(e.g., Tagalog conversational text) prior to the fi-
nal low-resource adaptation—as a mechanism to
bridge this semantic gap.

Ultra-Low-Resource NMT: In scenarios where
both parallel and monolingual corpora are ex-
tremely limited, semi-supervised and unsuper-
vised approaches such as back-translation or noise-
augmented self-training are often applied (Sennrich



et al.,, 2016). However, these methods are con-
strained by the scarcity of usable monolingual data,
especially in endangered or under-documented lan-
guages. Studies indicate that ultra-low-resource set-
tings (fewer than 5,000 sentence pairs) require addi-
tional techniques beyond standard semi-supervised
NMT to achieve reliable translation quality (Aha-
roni et al., 2019).

The Shift to Large Language Models (LLMs):
The period from 2024 to 2026 has witnessed a
paradigm shift from specialized encoder-decoder
architectures (like NLLB) to general-purpose Large
Language Models (LLMs). The Lin et al. (2025)
study established the first comprehensive bench-
mark for Formosan languages (Atayal, Seediq, Pai-
wan), which share significant phylogenetic proxim-
ity to Tao (Yami). Their findings reveal a complex
landscape: while off-the-shelf LLMs initially strug-
gle with the VSO word order and focus systems
typical of Austronesian languages, they exhibit
remarkable few-shot learning capabilities when
prompted with high-quality dictionary definitions.
This suggests that the future of ultra-low-resource
NMT may lie not in training from scratch, but in
Parameter-Efficient Fine-Tuning (PEFT) of mas-
sive pre-trained models. Techniques such as Low-
Rank Adaptation (LoRA) allow for the adaptation
of large models (7B+ parameters) on consumer
hardware by updating less than 1% of the parame-
ters, effectively mitigating the risk of "catastrophic
forgetting" often observed when over-training on
tiny datasets.

Dictionary-Based Data Augmentation:
Dictionary-based augmentation has emerged
as a viable strategy for extremely low-resource MT.
By leveraging bilingual lexica, morphological pat-
terns, or rich wordlists, synthetic parallel sentence
pairs can be generated to improve coverage of rare
vocabulary and grammatical constructions (Garcia
et al., 2019; Zhang et al., 2023). These approaches
are particularly useful when monolingual corpora
are insufficient for self-supervised methods, and
they complement transfer learning from related
languages. Furthermore, recent scholarship argues
that quantity of data is secondary to cultural and
semantic fidelity. Lovenia et al. (2024) introduced
SEACrowd, a collaborative data hub specifically
for Southeast Asian languages. Unlike global
datasets which often suffer from "translationese,"
SEACrowd standardizes corpora across nearly
1,000 indigenous languages, explicitly addressing
the "cultural misrepresentation” prevalent in

29

Western-centric models. This aligns with the
release of Oepen et al. (2025), which employs
advanced language identification filters to recover
usable monolingual data for languages previously
discarded as noise. For Tao, this implies that
augmenting training data with "culturally aware"
synthetic sentences—derived from folklore or
community narratives rather than generic web
text—is essential for preserving semantic nuance.
MT for Endangered, Indigenous, and Austrone-
sian Languages: Recent work highlights trans-
lation efforts for endangered and indigenous lan-
guages, including South American, North Ameri-
can, and Austronesian languages (Cardoso et al.,
2022; Rodriguez et al., 2023). Such studies em-
phasize the importance of domain-specific corpora
(e.g., religious or educational texts) and careful se-
lection of primary data for transfer learning. While
Austronesian languages such as Hawaiian, Maori,
and Ivatan have been examined in the context of
MT, few studies explicitly address the Yami (Tao)
language. However, significant foundational work
in Yami computational linguistics exists. Yang
et al. (2010) proposed a model for constructing a
Yami WordNet, creating a crucial lexical database
aligned with English semantic concepts. Subse-
quent studies expanded this into ontological re-
sources, including an integrated semantic network
for ka- verbs (Yang et al., 2011) and a compu-
tational analysis of Yami emotion phrases (Yang
etal., 2012). These computational lexical resources
provide a structured basis that can be leveraged and
expanded on to enhance machine translation per-
formance for the Tao language.

Critical Synthesis and Limitations of Existing
Methodologies: While the literature provides ro-
bust individual strategies for low-resource NMT,
a critical synthesis reveals a distinct gap in their
application to Batanic languages. Existing transfer
learning approaches predominantly focus on high-
resource pivots (like English or Spanish), often
neglecting the potential of "phylogenetic transfer"
from closely related, yet still low-resource, sister
languages (such as Ivatan). Furthermore, while dic-
tionary augmentation is widely proposed, there is
a lack of empirical research on how this specif-
ically interacts with "Liturgical Bias"—the ten-
dency of models trained on Bible corpora to hallu-
cinate archaic formality in casual settings. Current
methodologies largely fail to address the "Domain-
Register Incongruence” that occurs when a model
pre-trained on modern web text (Tagalog) is fine-



tuned on archaic religious text (Tao Bible), and then
expected to translate daily conversation. This study
aims to address this specific intersection: bridg-
ing the gap between phylogenetic transfer learning
and domain-adaptive synthetic data generation to
construct a functional NMT system for an ultra-
low-resource, endangered Austronesian language.

3 Language, Data and General Setup

The Yami Language: Yami, autonymically known
as Tao, is an Austronesian language spoken by the
indigenous Tao people of Orchid Island (Lanyu),
located off the southeastern coast of Taiwan. De-
spite its geographic proximity to the main island of
Taiwan, Yami is phylogenetically classified within
the Batanic branch of the Malayo-Polynesian fam-
ily, rather than the Formosan languages (Smith,
2017). Based on lexical innovations and archaeo-
logical evidence, Smith (2017) groups Batanic lan-
guages with the Northern Luzon and Greater Cen-
tral Philippine languages, distinguishing them from
other Malayo-Polynesian branches.Typologically,
Yami exhibits the structural characteristics of a
Philippine-type language (Rau and Dong, 2006).
It features a dominant Verb-Initial (VSO) word
order and a rich agglutinative morphology. A defin-
ing grammatical feature is its complex focus sys-
tem, where verbal affixes—including prefixes, in-
fixes, and circumfixes—signal the semantic rela-
tionship (Actor, Patient, Locative, or Instrumen-
tal) between the verb and the focused noun phrase.
Currently, the language is classified as endangered,
with inter-generational transmission threatened by
the widespread adoption of Mandarin Chinese.
Dictionary: The primary lexical resource for the
language is the Yami Texts with Reference Gram-
mar and Dictionary, compiled by Rau and Dong
(2006). This comprehensive volume provides Yami
lexical entries with definitions in both English and
Chinese, capturing the nuances of the language as
spoken on Orchid Island.

Parallel Corpus: As Yami is a ultra-low-resource
language, large-scale parallel corpora are not read-
ily available. The parallel data used in this study
primarily consists of the texts collected by Rau and
Dong (2006), which include cultural narratives and
daily conversations aligned with Tagalog and Chi-
nese translations. Furthermore, we utilize the Yami
translation of the New Testament Bible, which
provides a substantial number of aligned sentence
pairs. These sources were manually cleaned and
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aligned to create a Yami-Tagalog parallel dataset
suitable for training and validation.

Model: To address the data scarcity of the Yami
language, we employ a transfer learning approach
using NLLB-200 (No Language Left Behind), a
multilingual machine translation model developed
by NLLB Team et al. (2022). Unlike general-
purpose Large Language Models (LLMs), NLLB-
200 utilizes a Transformer-based encoder-decoder
architecture explicitly optimized for translation
across 200+ languages. We utilize the 600-million
parameter variant as our foundational base. The
model is particularly well-suited for this task as it
was pre-trained on a massive dataset including sev-
eral Austronesian and Philippine-type languages
(e.g., Tagalog, Ilokano, Cebuano, and Pangasinan)
that share typological and genealogical features
with Yami. We fine-tune the model on the Yami-
English parallel corpus, leveraging the model’s pre-
existing cross-lingual representations to improve
alignment and translation generation quality in an
ultra-low-resource setting.

Evaluation Set: We establish a hybrid evaluation
benchmark to assess performance on the Yami-
Tagalog language pair. The set consists of (1) a
Cognate Challenge Set: 20 manually curated sen-
tence pairs derived from Rau and Dong (2006),
where Yami terms are mapped to Tagalog equiv-
alents and verified via morphological analysis of
shared Austronesian cognates; and (2) a Religion
Domain Set: 200 verse-pairs randomly sampled
from the parallel Bible corpus. We have made sure
that the parallel corpus and the evaluation set do
not overlap.

Evaluation Metrics We evaluate the quality of our
translation models using a combination of lexical,
morphological, and semantic metrics. First, we
report BLEU (Papineni et al., 2002), the standard
metric for n-gram overlap, to provide a baseline
comparable to existing literature. Second, given
the rich morphology of the Yami language, we em-
ploy chrF++ (Popovié, 2015), a character n-gram
F-score. Unlike word-level metrics, chrF++ is less
sensitive to tokenization errors and captures mor-
phological accuracy in languages with complex
affixation. Finally, to assess semantic fidelity be-
yond lexical overlap, we utilize SBERT (Sentence-
BERT) (Reimers and Gurevych, 2019). We com-
pute the cosine similarity between the embeddings
of the generated translation and the reference text,
which credits translations that are semantically cor-
rect even if they diverge lexically from the standard.



4 Methodology
4.1 Extracting the Bible Parallel Corpus

To extract the text required for machine translation
of Yami to other languages, we decide to source
the text from the various Philippine language trans-
lations of the Bible. As a key religious text, it is
readily available as computer-readable data and suf-
ficient size for a ultra-low-resource NMT model.
Table 1 contains select Philippine languages and
the respective source Bible edition that serves as
the basis of the primary corpus for each language.

Table 1: List of Languages and Bible Versions

Language  Bible Version / Source

Bikolano Marahay na Bareta Biblia

Ilokano Ti Baro a Naimbag a Damag Biblia
Ivatan VTSP (Bible.com)

Pangasinan  Maung A Balita Biblia

Tagalog Ang Biblia (2001)

Yami Seysyo No Tao

4.2 Selecting a Target Language for Yami
Machine Translation

We select Tagalog as the target language of the
Yami translation to strengthen general Filipino-
based translation models and provide a versatile
real-world use case, given its dominance in the
country’s capital, major urban and suburban areas,
namely Metro Manila and the CALABARZON re-
gion. Furthermore, the presence of multilingual
translation model, with regards to the Philippine
branch, is centered on Tagalog—one of the most
common representations on NLP platforms such as
HuggingFace (Hugging Face, 2025).

4.3 Data Preprocessing

The parallel corpus for improving improve and
fine-tuning the selected model consisted of aligned
Bible verse pairs for Yami-Tagalog. In accordance
with standard best practices in machine translation
and text normalization, all alphabetic characters
are converted to lowercase to reduce vocabulary
sparsity and simplify the model’s learning space.
Whitespace inconsistencies were also standardized
to avoid unintended tokens that could negatively
affect tokenization quality. After normalization, all
verse pairs were examined for alignment complete-
ness. Verses in one language that did not have a
corresponding verse in the paired language were re-
moved to maintain a strictly parallel corpora, ensur-
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ing that every training example consists of a clean
and fully aligned source—target pair. After filtering,
the textual data was passed through a tokenizer,
with each verse constrained to a maximum length
of 128 tokens. This constraint follows common
practice in transformer-based MT systems, which
typically limit input lengths for efficient batch pro-
cessing (Ahmad et al., 2024). Any verse exceeding
128 tokens was truncated to preserve uniformity in
sequence length and computational feasibility.

4.4 Creating a Synthetic Yami-Tagalog
Parallel Corpus

By using only the Bible parallel corpus to train the
base NLLB-200 Model, there is a risk of the model
being biased towards the often archaic sentence
structure and vocabulary of Bible verses. In order
to prevent the model from being limited to perfor-
mance in translating Bible verses, we elect to ob-
tain parallel sentences in different context outside
of faith-based circumstances. While direct Yami-to-
Tagalog human translation of sentences are severely
lacking in resource, Yami-to-Chinese parallel cor-
pora are more readily available, such as in the work
of (Indigenous Languages Research and Develop-
ment Foundation, 2020). For our synthetic corpus,
we chose the parallel sentences provided by the
dictionary because it contained conversational sen-
tences, such as those common in classroom instruc-
tion and family settings. For the purposes of creat-
ing a parallel corpus, having Chinese as one of the
languages allows effective use of other MT tools,
such as Google Translate to translate the Chinese
translation of Yami sentences to Tagalog. The tool
is comparatively an improvement in terms trans-
lation quality over the local model of NLLB-200.
Examples of NLLB-200’s poor Chinese-to-Tagalog
translation quality are shown in Table 2.

4.5 Improving Yami-to-Tagalog translation
using Synthetic Data

Initially, only the Bible parallel corpus trained our
first Yami-to-Tagalog model (Model 1). To further
improve the initial model, we supplement the train-
ing data from the Bible parallel corpus with the syn-
thetic data Yami-Tagalog parallel corpus created
from the Yami-Chinese parallel corpus sourced
from Indigenous Languages Research and Devel-
opment Foundation (2020). With this new training,
NLLB-200 model trained trained using the same
initial hyperparameters to set comparison with the
previous model against Model 2.



Table 2: Comparison of Yami Translations

Yami

Chinese

English

Tagalog (NLLB-200

600M)

Tagalog (Google Trans-
late)

kokey kamo pa-

KK - ek
T.

Hello everyone. Here

Bigyang mabuti... tayo ay

Hello sa lahat. Magsimula

poen tana we go. nagsisimula... tayo.

tanek kamo FmAR:dl Please stand up! Salute!  AZ3Z! AffL! Mangyaring tumayo!
Salute!

akokey a sinsina- ZLf o Hello. Teacher mabuti. Hello, guro.

men

lisna kamo AR . Please sit down. AR Mangyaring umupo.

However, considering that the synthetic data, be-
ing only 3966 in sentence count, is outnumbered
by the real data (10498). To prevent the Bible data
from dominating the conversational and cultural
data in the synthetic parallel corpus, we duplicated
the synthetic data three times, i.e. 3966 original
sentences x 3 = 11898 total synthetic sentences.
We chose the x 3 multiplier because it roughly
equalize the count between the real and synthetic
data. Moreover, further shuffling of the synthetic
data and the Bible verses was done (Xu et al., 2019)
to prevent catastrophic interference caused by feed-
ing one data source followed by a new and separate
data source (van de Ven et al., 2024).

4.6 Improving Yami-to-Tagalog translation
using a Pretrained Model

Additionally, we performed pretraining of the base
NLLB-200 model on Ivatan-to-Tagalog because
Ivatan is another Batanic language. Although
the NLB-200 model has training on some Philip-
pine languages, it does not have any training on a
Batanic language. By training the initial model on
Ivatan-To-Tagalog, the model will have some ini-
tial representation of a closely related Batanic lan-
guage before being introduced to Yami, which may
improve the translation quality of the final model
(Model 3). After training the model on Ivatan, we
produce another fine-tuning it towards Yami using
the Yami-to-Tagalog Bible parallel corpus and the
synthetic Yami-Tagalog corpus.

5 Analysis of Performance

Table 3 presents the quantitative results across our
three experimental configurations. We assess per-
formance using BLEU, chrF++, and SBERT met-
rics on two distinct test sets: the in-domain Bible
Test Set (200 pairs) and the out-of-domain Valida-
tion Set (20 pairs), which consists of conversational
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and daily-life vocabulary Yami text.

The Effectiveness of Language Transfer (Model
3): Our results provide strong empirical evidence
for the utility of phylogenetic transfer in ultra-
low-resource settings. Model 3, which utilizes
pre-training on the closely related Ivatan language
before fine-tuning on Yami, achieved the highest
performance on the in-domain Bible dataset, se-
curing a BLEU score of 34.85 and a chrF score
of 58.36. This represents a marked improvement
over the baseline Model 1, which achieved a BLEU
score of 32.00. We attribute this gain to the spe-
cific genealogical relationship between Ivatan and
Yami, both of which belong to the Batanic branch
of the Malayo-Polynesian family. Unlike general
multilingual pre-training, initializing weights with
Ivatan allows the model to "warm start" with a high
degree of relevant morphosyntactic alignment. The
significantly higher chrF score (58.36 vs 56.26)
is particularly telling; since chrF operates at the
character n-gram level, it suggests that Model 3 is
far more successful at generating the correct agglu-
tinative affixes and reduplication patterns shared
by Batanic languages, even when exact lexical
matches are unavailable. This confirms that in the
absence of massive parallel corpora, exploiting the
structural priors of a sister language is a potent
strategy for stabilizing the decoder.

Generalization vs. Domain Specialization
(Model 2): The performance of Model 2, which
augments the training set with synthetic dictionary-
based data, illustrates a critical trade-off between
domain specialization and robust generalization.
On the specific Bible test set, Model 2 experi-
enced a slight degradation in performance, with
the BLEU score dropping to 30.97 compared to
the baseline’s 32.00. This dip is attributable to
the dilution of the model’s probability distribution;
by introducing conversational data, the model is



Table 3: Performance Comparison: Initial vs. Fine-Tuned vs. Pretrained (Ivv) Models

Model 1 Model 2 Model 3
Metric Bible Val. Bible Val. Bible Validation
BLEU 32.00 3.12 30.97 6.67 34.85 3.64
chrF 56.26 28.28 55.16 34.01 58.36 32.29
Median SBERT 92.26 82.77 92.55 79.80 90.54 77.94

less over fitted to the specific idiolect and archaic
sentence structures of the religious text. However,
this minor trade-off in the source domain yielded
disproportionate gains in generalization. On the
Validation Dataset—which mimics real-world us-
age—Model 2 effectively doubled the translation
quality, achieving a BLEU score of 6.61 compared
to the baseline’s 3.12. Furthermore, it achieved
the highest chrF score on the validation set (34.01)
among all models. This indicates that the inclu-
sion of synthetic conversational pairs successfully
mitigates the bias, allowing the model to recover
basic conversational structures (e.g., greetings, im-
peratives) that are statistically rare in the corpus but
remain essential for a functional translation system.

Semantic Divergence and Formality Bias
(SBERT Analysis): The SBERT (Sentence-BERT)
semantic similarity scores reveal a nuanced limi-
tation of pure transfer learning regarding register
and formality. While Model 3 was the strongest
structural translator (highest BLEU), it recorded the
lowest semantic similarity score on the conversa-
tional Validation set (SBERT 77.94), significantly
lower than Model 1 (82.77). We postulate that this
is driven by a "Formality Bias." Both the Ivatan
pre-training data and the Yami Bible data consist of
high-register, formal, and often archaic language.
Consequently, when presented with a casual input
from the Validation set, Model 3 is predisposed
to generate a formally rigid or archaic Tagalog
equivalent. While these translations may be gram-
matically sound, they diverge semantically from
the modern, casual Tagalog references used in the
validation set, resulting in lower embedding simi-
larity. In contrast, Model 2, which was exposed to
synthetic conversational pairs sourced from dictio-
nary examples, maintained a higher SBERT score,
suggesting that dictionary-based augmentation acts
as a necessary "bridge" to modern semantics, pre-
venting the model from becoming locked into an
exclusively liturgical register.
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6 Conclusion

This study presented a systematic investigation
into bootstrapping Neural Machine Translation for
Tao (Yami), an endangered ultra-low-resource lan-
guage, by leveraging the NLLB-200 architecture.
Our findings demonstrate that in settings where
parallel data is fewer than 5,000 sentences, re-
lying solely on data quantity is insufficient; in-
stead, exploiting linguistic structures and rich lex-
ical resources is key in translating low-resource
languages. We establish that phylogenetic transfer
learning—specifically pre-training on the closely
related Ivatan language—is the most effective strat-
egy for maximizing translation fidelity. This ap-
proach yielded the highest in-domain performance
(BLEU 34.85), confirming that shared morpholog-
ical and syntactic features between Batanic lan-
guages can be effectively leveraged to stabilize the
decoder. However, our analysis also revealed a crit-
ical "liturgical bias" in models trained exclusively
on religious texts. To address this, we demonstrate
the effectiveness of dictionary-assisted synthetic
data augmentation. While this approach incurred
a minor trade-off in in-domain precision, it signifi-
cantly enhances the model’s generalization capabil-
ities, improving the BLEU score on conversational
out-of-domain data. This suggests a complemen-
tary framework for future work: utilizing trans-
fer learning to establish the grammatical blueprint
of the language, while employing synthetic aug-
mentation to expand the semantic system required
for modern communication. Ultimately, this work
provides a reproducible blueprint for other under-
represented ultra-low-resource Austronesian lan-
guages. The study highlights that even in the ab-
sence of large-scale corpora, functional translation
systems can be constructed by intelligently combin-
ing digitized linguistic heritage—such as grammars
and dictionaries—with pre-trained SOTA multilin-
gual transfer learning. Such efforts are essential for
fostering an inclusive technological landscape the
meets the needs of marginalized languagess.



7 Recommendations

Based on the on the analysis of model perfor-
mance and the limitations observed during eval-
uation and configuration for the training, the fol-
lowing recommendations are proposed for future
system improvements and further research. While
basic text normalization was used, such as lower-
casing and character filtering, was effectively used
in this study. Implementing a more advanced nor-
malization, like true-casing, punctuation utilization,
and Unicode aware normalization, may be able to
improve the model’s performance. Utilizing bet-
ter hardware will also enable future researchers
to configure the training process to be more opti-
mized by using larger batch sizes, training for more
epochs, or experimenting with the latest and larger
token models. In addition, future work can look
into using a more sophisticated tokenization ap-
proaches, like sub-word modeling, to improve the
handling of rare words and terms, and to also han-
dle the rich morphological structure of the Tao lan-
guage. Lastly, we recommended that future ultra-
low-resource research involves collaborating with
native speakers and language experts to verify the
quality of translation of the model and to help pro-
mote research interest on the indigenous languages
of the Philippines.

Limitations

Although Bible-based corpus is a widely available
source in various languages in the Philippines, the
different Bible translations, due to translators hav-
ing varying source-versions, interpretations, faith-
fulness to the source text, and target use cases for
their translations, may differ significantly in word-
ing and structure from one language to another.
Additionally, Bible verses are not as effective rep-
resentations of the typical sentence structure or
vocabulary of a language.

Moreover, our paper only focuses on one ultra-
low-resource Austronesian language in the Yami
language of Orchid Island. The machine translation
findings presented in this paper are not represen-
tative of all Austronesian low-resource languages,
nor are these results representative of low-resource
languages globally. Likewise, these results and
findings are not representative of the effectiveness
of the various machine translation improvement
techniques presented in our paper, given that we
only focused on one source-to-target language pair,
namely Yami to Tagalog. Future researchers will
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benefit from incorporating more low-resource lan-
guages in their works to better understand the ef-
fectiveness of pre-training using related languages,
augmentation using synthetic data, and other tech-
niques not implemented in this paper, to improve
low-resource machine translation.

The Yami-Tagalog parallel corpus presented in
this paper can not be used for validation of machine
translation quality because it was created syntheti-
cally from a Yami-Chinese parallel corpus. For this
task, human translations are still preferred because
of the various biases and inaccuracies of current
machine translation models. However, this parallel
corpus can be used to augment real Yami-Tagalog
parallel data, such as the Bible parallel corpus, for
fine-tuning or training machine translation mod-
els, given the scarcity of quality parallel corpora
incorporating the Yami language.

The neural machine translation model used in
this paper, namely Meta’s No Language Left Be-
hind model (600 million parameters) was initially
selected for VRAM, memory and speed consider-
ations. In lieu, models with more parameters may
likely produce higher quality translations than the
specific model used in this paper. Additionally, we
were limited to a limit of 30 hours of GPU acceler-
ator usage on Kaggle, which further underscored
our choice of model. Future researchers will ben-
efit from using improved hardware, latest models,
or more efficient fine-tuning techniques for their
neural machine translation models. Furthermore,
we also used the default tokenizer of NLBB-200
in consideration towards the limited time frame of
our study. Lastly, our evaluation of machine trans-
lation quality did not incorporate human evaluation.
Although the metrics we used to measure transla-
tion quality allow for the models to be compared
to other machine translation models, these metrics
do not capture translations of figure speech and
ambiguous sentences. Additionally, these metrics
also fail to detect biases in translations (e.g., un-
expected gender bias when translating a sentence
without gendered pronouns).
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