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Abstract

While the quality of machine translation (MT) between widely-spoken languages has improved dramatically in recent
years, training robust MT systems for languages with fewer resources remains a challenge. Endangered languages,
which often lack the speaker population and written tradition needed to create text resources, are at a particular
disadvantage. Developing robust MT architectures for very low-resource settings is hampered by the lack of suitable
parallel corpora. To address this challenge, we introduce FormosanMT, a set of MT-ready parallel corpora for
the Formosan family of endangered languages indigenous to Taiwan. Together the corpora total nearly 500,000
Formosan-Mandarin and Formosan-English sentence pairs. We share scripts for extracting these corpora from public
sources, along with customizable tools for filtering, normalizing, and partitioning the data. In addition, we provide
a new tokenizer for Traditional Chinese writing compatible with the popular No Language Left Behind (NLLB) MT
architecture, along with updated and improved code for fine-tuning NLLB for any low-resource language pair. Finally
we distribute our fully trained NLLB and OpenNMT models for the Formosan languages to and from both Mandarin
and English. In addition to serving as a valuable resource for the Formosan language speaker communities, our data,

code, and models will be available to NLP researchers working on endangered and low-resource language MT.

Keywords: endangered language MT, endangered language resources

1. Introduction

Machine translation (MT) between languages with
abundant training resources has made remarkable
advances in recent years, particularly since the
development of transformer models (Wang et al.,
2022). Building robust models for under-resourced
languages, however, remains challenging (Haddow
et al., 2022). These challenges are amplified for
the nearly 50% of the world’s languages that are en-
dangered, as these languages often lack a written
tradition (Eberhard et al., 2024) and a large popu-
lation of speakers able to produce data resources.
This is particularly unfortunate given the potential
utility of MT for supporting language documenta-
tion and preservation efforts (Zhang et al., 2020;
Bird and Chiang, 2012).

Given the difficulty in generating parallel data for
endangered languages — whether from scratch or
from available translated educational, religious, or
documentary texts — there are relatively few such
corpora available for these languages. This lack
of training data is a barrier to the development
of MT training architectures and techniques de-
signed to be effective specifically in extremely low
resource settings (Agi¢ and Vuli¢, 2019; Haddow
et al., 2022).

In this paper, we take a step toward overcoming
this obstacle with the creation of FormosanMT, a set

of carefully prepared parallel corpora for the indige-
nous languages of Taiwan, along with scripts for
reliably training MT models for two different archi-
tectures. The data, which is extracted from publicly
available diverse data sources, consists of nearly
500,000 sentences pairing text in one of the 15 For-
mosan languages with translations in Mandarin or
English. To ensure the continued growth of this re-
source, we include customizable scripts to extract,
normalize, and filter the data, which can be used to
recreate our corpora or to create new corpora as
data is added to the public sources.

We additionally share a new tokenizer for Tradi-
tional Chinese writing compatible with the No Lan-
guage Left Behind (NLLB) MT architecture (Costa-
jussa et al., 2024), which currently supports only
Simplified Chinese, along with improved and up-to-
date code for fine-tuning NLLB to any new language
pair, extending the utility of our work beyond For-
mosan. We successfully train and test MT models
for all 15 languages with Mandarin and 4 of the lan-
guages with sufficient data with English using two
popular MT architectures, the multilingual NLLB
and the end-to-end OpenNMT architecture (Klein
et al., 2020). We make these models available to
serve as baselines for future work on MT for these
languages.

This code and these corpora will serve as valu-
able resources not only for researchers and com-
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munity members working to document and pre-
serve the Formosan languages but also for anyone
working on machine translation for endangered and
under-resourced languages. In addition, because
FormosanMT contains parallel corpora for 15 re-
lated languages, it provides a rich testbed for ex-
ploring the utility of incorporating related language
data into an endangered language MT pipeline.
We summarize our contributions as follows.

» MT-ready parallel corpora in both English and
Mandarin for the 15 Formosan languages

« Scripts for extracting, normalizing, and filtering
the data for these sources

* A new NLLB-compliant tokenizer for Traditional
Chinese writing

* New and improved code for fine-tuning NLLB

* Fully trained NLLB and OpenNMT models for
all 15 Formosan languages

« All code and data freely available on GitHub."

2. Related Work

Low-resource machine translation is a popular
area of research, with a dedicated ACL workshop,
LowResMT, now in its 9th year (Ojha et al., 2025).
A variety of approaches have been proposed for
low-resource MT, most of which rely on the trans-
former architecture (Vaswani et al., 2017), including
mBART (Liu et al., 2020) and its extensions (Tang
et al., 2020), MarianMT (Junczys-Dowmunt et al.,
2018), mT5 (Xue et al., 2021), and No Language
Left Behind (NLLB) (Costa-jussa et al., 2024). We
leave discussion of pros and cons of these meth-
ods to future work, as the focus of our research
here is resource creation, specifically for groups of
endangered languages from the same family and
region where limited speaker populations present
challenges to the collection of large amounts of
new text for training MT models.

A number of bespoke single-language MT cor-
pora have been developed for endangered lan-
guages such as Cherokee (Zhang et al., 2020),
Kotiria (Kann et al., 2022), Quechua (Ortega et al.,
2020), Highland Puebla Nahuatl (Shi et al., 2021),
and Ainu (Miyagawa, 2023), among many others.
There is less work, however, on developing MT
datasets containing multiple languages from the
same family or region.

Some prior work on MT resource creation for
groups of endangered languages has involved col-
lecting new data in the target language, through
transcription and translation of existing speech

"https://github.com/FormosanBank/
FormosanBank—-MT

recordings, as in Bird and Chiang (2012)’s project to
collect parallel data for 15 languages in Papua New
Guinea. Most work, however, has relied on creat-
ing parallel corpora from existing organically paral-
lel public sources, such digital dictionaries, educa-
tional materials, government publications, religious
texts, and linguistic fieldwork archives. Such ef-
forts include a corpus of four indigenous Columbian
languages (Prieto et al., 2024); a dataset of four
languages of Peru (Oncevay, 2021); parallel data
from six mostly widely-spoken languages of Mexico
(Martinez et al., 2020), and very small corpora for
seven languages spoken in Eurasia (Mossolova
and Smaili, 2022). We follow this approach of com-
piling whatever resources are publicly available,
with one exception: although the Bible is available
for many of the Formosan languages, we do not in-
clude parallel corpora derived from the Bible in light
of evidence that the significant domain and stylistic
mismatch between this data and non-religious data
can increase MT hallucinations (Domingues et al.,
2024; Mayer and Cysouw, 2014).

There has been some prior work on MT specif-
ically for the Formosan languages. Zheng et al.
(2022) developed an mBART model to translate
between Amis and Mandarin using a small corpus
derived from the same ILRDF dictionary data that
forms a portion of the data we include in the For-
mosanMT dataset. They followed this work with a
project carrying out similar experiments, this time
using an in-house transformer architecture, with all
of the Formosan languages and Mandarin, again
using only the ILRDF dictionaries. The focus of
both studies was to investigate the utility of includ-
ing lexical entries in the training pipeline and, in the
second paper, to generate synthetic parallel data
using the lexical entries. While related to our work,
their results cannot be compared to ours since they
use a subset of our data filtered and partitioned in
its own way.

Our work extends our prior work (Scheppat et al.,
2025), which focused on creating a shareable MT
resource for Amis with two different translation lan-
guages and comparing multiple MT architectures
across a carefully curated corpus spanning diverse
public sources. In our new work, we distribute cor-
pora not just for Amis but for all 15 Formosan lan-
guages, and we also share the code used to create
(and recreate) this resource and to train models for
two distinct MT architectures.

3. Data

3.1. The Formosan Languages

The Formosan language family of Taiwan is a sub-
family of the larger Austronesian family, which in-
cludes languages like Tagalog, Maori, and Malay.
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Language ISO 639-3
Amis ami
Atayal tay
Bunun bun
Kanakanavu xnb
Kavalan ckv
Paiwan pwn
Puyuma pyu
Rukai dru
Saaroa SXr
Saisiyat XSy
Sakizaya szy
Seediq trv
Thao ssf
Truku trv
Tsou tsu
Yami/Tao tao

Table 1: Indigenous languages of Taiwan with their
ISO 639-3 codes. Note that Seediq and Truku,
though politically distinct languages, share the
same I1SO code.

Entirely unrelated to the Sino-Tibetan languages
that are widely spoken today in Taiwan (e.g., Man-
darin, Hokkien), all of the Formosan languages
are endangered (Eberhard et al., 2024), with
Kanakanavu and Thao classified moribund with
only a handful of speakers still living. Table 1 lists
the officially recognized indigenous languages of
Taiwan — the Formosan languages along with the
Austronesian language Yami — with their ISO 639-3
codes. While Seediq and Truku are recognized
politically as distinct languages and appear sepa-
rately in Table 1, they are linguistically classified
as the same language with the same ISO code;
as such, their available data is combined in our
corpora. Yami does not belong to the Formosan
language family, but as it is from the same broader
language family and is indigenous to Taiwan, we
include it in our work here.

Although the Formosan languages share certain
features, such as complex morphology, an intri-
cate system of voice, and a relatively small pho-
netic inventory, there is a large degree of linguistic
variation across languages (Bellwood, 1984; Blust,
2019). This makes our corpus particularly suitable
for exploring different methods of leveraging related
language data during MT model training.

3.2. Data Sources

Much of the data used to create our parallel cor-
pora comes from FormosanBank (Hartshorne et al.,
2024; Mohamed et al., 2024)?, an open repository
of manually curated, transcribed, and translated
Formosan speech and language data, compiled

%https://aidcommsci.gitbook.io/
formosanbank

from various public sources with the permission
of the organizations and communities that created
the data. The following FormosanBank sources
are included in all of the corpora:

1. ILRDF Dictionary: An electronic dictionary
published by Taiwan’s Indigenous Languages
Research and Development Foundation (IL-
RDF) which contains dictionary entries with
example sentences in Formosan and transla-
tions into Mandarin (Aboriginal Language Re-
search and Development Foundation, 2023a).

2. ePark: A large educational website supported
by the ILRDF. All texts are available in all the
Formosan languages and Mandarin; many are
also available in English and in recognized di-
alects of each Formosan language (Aboriginal
Language Research and Development Foun-
dation, 2023b).

3. NTU Corpus: Primarily fieldwork data consist-
ing of conversations, stories, songs, and folk-
tales in several of the Formosan languages,
along with translations in Mandarin and En-
glish (Su et al., 2008; Sung et al., 2008).

4. Presidential Apology: An official apology is-
sued by the president of Taiwan to the Indige-
nous people of Taiwan with translations in En-
glish and Mandarin.

In addition to these sources, which are available
for all 15 languages, some very small language-
specific sources have been cataloged in Formosan-
Bank. Those sources, such as the Fey dictionary
(Fey, 1986) with words and example sentences
translated from Amis into Mandarin and English,
are noted in the corpora and the scripts.

In addition to extracting pre-curated data from
FormosanBank, we also extract the subtitles from
the public videos produced by the ILRDF, which
are available on the ILRDF website and YouTube.®
The content primarily includes short-form, casual
conversations with Formosan speakers with trans-
lations in Mandarin only. The videos typically range
from 1 to 5 minutes in length. Amis and Paiwan are
well represented, with relatively few videos avail-
able for the other languages. While these videos
are fully public, their licensing restrictions are vague.
We are working to gain explicit permission from the
ILRDF to redistribute the subtitles in parallel corpus
format; in the meantime, we provide scripts to pull
the subtitles directly from the ILRDF website so that
other users can extract the data exactly as we did
when building our corpora.

We note that the Formosan languages are writ-
ten using the Latin alphabet along with a few ad-

Shttps://www.ilrdf.org.tw
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ditional symbols, such as i and *. While the For-
mosan languages were transcribed at various peri-
ods in Taiwan’s history using other systems (e.qg.,
katakana when the island was under Japanese
control), the Latin alphabet has been used since
the 17th century, and standardized orthographies
using the Latin alphabet were adopted officially in
2005.

3.3. Data Normalization and Filtering

Detailed information about extraction of the parallel
sentence pairs is described in the Appendix. As
noted, the parallel corpora are drawn from two dis-
tinct sources, the FormosanBank repository and the
ILRDF YouTube channel, and each has its own ex-
traction scripts. The normalization and filtering pro-
cess, however, is shared across the two sources.

Although the ePark and IRLDF dictionary re-
sources were produced as written texts and pre-
pared with the goal of serving as reference ma-
terials, the quality of the texts sourced from the
ILRDF video transcripts and the NTU Corpus is
more variable. The ILRDF videos contain sponta-
neous naturalistic language which can be difficult
to transcribe and translate, while the NTU corpus
consists largely of linguistic fieldwork transcribed
and translated by linguists who often want to in-
clude commentary, questions, and notes in their
translations. For these reasons, we take great care
in normalizing and filtering the data.

After extraction, we normalize the text by apply-
ing Moses punctuation normalization when avail-
able, Unicode NFKC, removal of ASCII control char-
acters, and removal of extra whitespace. We carry
out the following normalization steps, in order:

1. Remove leading speaker tags that match a
capital Latin letter followed by a colon (e.g.:
“A:!l).

2. Delete short notes inside parentheses or brack-
ets, length 1-10 characters, which provide
commentary rather than translation.

3. Remove known artifact tokens that are Chi-
nese strings translating to “full text record”,
“Chinese record”, and “woman’s full name”.

4. Drop trailing commas (ASCII or Chinese).
5. Trim stray quotes/brackets.

6. Fix unusual spacing such as spaces before
punctuation marks and spaces immediately
after opening brackets/quotes and immediately
before closing brackets/quotes.

The script then filters the data to remove sen-
tence pairs where one or both sides contain text
that suggests non-parallel content, including pairs
where the:

* Mandarin side matches stage-direction
phrases translating to “switch to the next item”
or “l will stop here”.

» Mandarin side is a page marker, bare enumer-
ation, or year header.

» Mandarin side is simply repeated punctuation
or sequences of more than two characters from
a set of discourse particles (e.g., words cor-
responding to interjections like “ha” or “oh”)
identified by our Taiwanese collaborators.

» Formosan side contains Chinese characters.

Finally, we eliminate pairs where there is a large
difference in the number of tokens or characters
between the two sides of the pair, as follows. When
both sides have two or more tokens, we compute
the ratio, r, of target tokens to source tokens, and
we discard pairs with » < 0.2 or r > 8.0. If either
side has fewer than two tokens (typically because
the pair is a dictionary entry), the ratio is instead
calculated at the character level, and pairs are elimi-
nated when r < 0.05 or » > 20.0. These thresholds
were set through trial and error with the goal of
minimizing the number of pairs discarded while still
identifying particularly egregious non-parallel pairs.

We recognize that our filters are aggressive and
might inadvertently eliminate valid sentence pairs,
and we acknowledge the somewhat ad-hoc nature
of some of our filtering heuristics. One reason that
we are releasing not only the corpora but also our
scripts for generating those corpora is that users
can easily adjust and tune all of the filtering param-
eters and thresholds with command line flags to
suit their particular needs and goals.

3.4. Data Partitioning

Creating unbiased data splits for a corpus derived
from multiple diverse sources ranging from spon-
taneous narratives to individual dictionary entries
requires a certain amount of caution and care. We
take the following steps during data partitioning to
minimize performance gains or losses that would
simply be artifacts of the partitioning process:

+ Duplicate sentence pairs are removed, leaving
a single copy of that pair in order to prevent
performance gains due to memorization.

+ Sentence pairs where one side duplicates that
side of an existing sentence pair are routed to
the training partition.

+ Sentence pairs where one side has been iden-
tified as a lexeme (dictionary entry) are routed
to the training partition.
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Figure 1: A flow chart detailing data extraction from FormosanBank, data cleaning, and model training.

Each individual data source is randomly par-
titioned with a fixed seed into an 80/10/10
train/dev/test partition. Partitioning each source
separately facilitates more fine-grained evaluation
of performance for different genres of text. As with
the filtering parameters above, the random seed
can be modified with a command line flag.

Table 2 presents the size of each parallel cor-
pus after filtering and partitioning, organized by
language pair. Aggregating across all Formosan
languages yields 493,519 sentence pairs, of which
397,710 pair Formosan with Mandarin and 95,809
pairs Formosan with English. Dialect labels are
occasionally provided in the source data. Although
we do not consider dialect information in the parti-
tioning or modeling in the work presented here, we
keep any available dialect information in the source
CSV files so that future work can use dialect in-
formation during partitioning, training, and testing.
We also note that the corpora and the scripts them-
selves are versioned so that all counts reported
in this section can be reproduced from the same
sources without manual edits.

The full pipeline for data extraction, filtering, par-
titioning, along with model training is shown in Fig-
ure 1. As noted, additional information about the
scripts used to extract the data is provided in the
Appendix.

4. Method

In order to demonstrate the utility of the parallel cor-
pora we have created, we train translation models
using two distinct MT architectures: No Language

Left Behind (NLLB) (Costa-jussa et al., 2024) and
OpenNMT (Klein et al., 2020). These two neural MT
architectures — the former a multilingual pretrained
model that can be fine-tuned to a new language
pair, and the latter an end-to-end approach — rep-
resent the two ends of the spectrum of available
academic-quality neural MT architectures. While
we could have explored additional architectures,
we remind the reader that this is not an engineering
paper but a resource paper with a focus on creating
and describing a new large multilingual MT dataset
for a family of endangered languages.*

4.1. OpenNMT

We first consider the end-to-end MT architecture,
OpenNMT (Klein et al., 2020). Using OpenNMT-
py°® we train one bi-directional model per Formosan—
English or Formosan—Mandarin pair. The sys-
tem is a 2-layer LSTM encoder and decoder
with input feeding and general global attention,
word_vec_size=256,rnn_size=512, Adam at
le — 3 with gradient clipping at 2, and token-based
batching of 2048 tokens with accum_count=2,
and dropout at 0.3. We construct the training cor-
pus as a single concatenated bi-directional stream
and control direction with a target tag prepended
to each source line, indicating the language. To
ensure a fair comparison with NLLB, we reuse the

“We note that our preliminary results using mBART
were disappointing, as were our experiments with prompt-
ing GPT-5.

Shttps://opennmt.net/OpenNMT-py/main.
html
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Pair Train Valid Test
ami < eng 9,600 910 911
ami <+ cmn 54,414 5,609 5,610
bun + eng 9,351 857 857
bun < cmn 33,627 3,095 3,097
xnb < eng 3,667 365 367
xnb < cmn 13,851 1,436 1,438
dru + eng 11,810 978 980
dru <> cmn 35,913 2,988 2,990
pwn <> eng 6,342 566 567
pwn <> cmn 33,224 3,248 3,249
pyu < eng 6,180 509 510
pyu < cmn 22,715 1,906 1,907
ssf «<» eng 1,812 136 138
ssf <> cmn 9,718 964 965
SXr <> eng 1,852 139 139
SXr <+ cmn 8,299 773 774
szy <> eng 2,556 224 224
Szy < cmn 10,895 1,073 1,074
tao <+ eng 1,914 154 155
tao <+ cmn 10,176 1,029 1,030
tay «» eng 10,380 881 882
tay «<» cmn 41,728 3,917 3,919
trv <> eng 7,268 667 668
trv <» cmn 29,170 2,862 2,862
tsu < eng 2,499 222 223
tsu <> cmn 7,961 747 748
xnb < eng 3,361 328 329
xnb <+ cmn 12,347 1,197 1,198
XSy <> eng 2,808 261 262
XSy < cmn 9,946 1,010 1,011
Total - cmn 333,984 31,854 31,872
Total — eng 81,400 7,197 7,212

Table 2: Corpus size, measured in number of sen-
tence pairs, by language and partition.

same SentencePiece (Kudo and Richardson, 2018)
model for subword segmentation and build Open-
NMT vocabularies directly from the SPM-encoded
files, which eliminates differing tokenization.

4.2. NLLB

For our NLLB models (Costa-jussa et al.,
2024), we fine-tune the facebook/nllb-200-
distilled-600M® sequence-to-sequence
Transformer and train one bi-directional model
between each Formosan language and Mandarin
and between each of the four Formosan languages
with sufficient English translations and English.
The model is controlled by language iden-
tifier tokens in the tokenizer vocabulary, so
that at generation time we always set tok-
enizer.src_lang to the current source lan-
guage code and force the target language by
passing the forced_bos_token_id that corre-
sponds to the desired target code. For compatibility

Shttps://huggingface.co/facebook/
nllb-200-distilled-600M

across recent versions of the Transformers library,
we additionally set decoder_start_token_id
to the same id so that decoding deterministically
starts in the correct target language. Labels
never carry a language code; instead, we con-
struct decoder_input_ids as the forced target
is prepended to the target sequence. We append
an explicit end of sentence (EOS) symbol to each
label sequence and mask pad positions with —100
so the loss ignores them. This design matches the
behavior expected by NLLB while avoiding silent
changes across library versions and ensures stable
training in both directions with the same checkpoint.

4.2.1. Tokenizer Improvements

Our tokenizer and vocabulary adaptation proceeds
by rebuilding the stock NLLB tokenizer to include all
Formosan language codes and, for Traditional Chi-
nese writing, improves segmentation when needed.
The script first loads the original NLLB tokenizer
and model, then reconstructs a fresh tokenizer in-
stance that preserves all stock language codes and
special tokens and appends new Formosan codes
such as ami_Latn. We keep <mask> as the last
additional special token.

We offer two paths to mitigate unknown tokens.
In the character-addition mode, the script scans
the corpus, identifies characters that would tok-
enize to <unk>, and adds only those characters
whose frequency exceeds a user-set threshold. In
the sentencepiece-merge mode the script trains a
small SentencePiece (Kudo and Richardson, 2018)
model on the dataset and merges its normal pieces
into the NLLB SentencePiece model while ignoring
any special pieces, which yields cleaner segmen-
tation for Traditional Chinese writing (zho_Hant).

We use the sentencepiece-merge mode, and
train a SentencePiece model on our dataset. After
any tokenizer change, we resize the model’s shared
embedding matrix exactly once, warm start the new
rows by averaging embeddings of the decomposi-
tion under the old tokenizer with a fallback to the
unknown embedding, and seed newly added For-
mosan language-code rows that end with _Latn
from eng_Latn. The script writes the updated to-
kenizer and model to disk together with a concise
JSON report that records the new vocabulary size,
the list of added codes, and the mapping from lan-
guage codes to ids.

A small test generation section then verifies bi-
directional generation for each new code in both di-
rections Formosan t0 zho_Hant and zho_Hant
to Formosan and, optionally, to eng_Latn. This
makes the tokenizer surgery reproducible and
evolves past previous fixes that are no longer com-
patible with newer versions of the tokenizers
library.
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4.2.2. Training

Training uses a lightweight custom loop that
samples direction per step with probability
p_src2tgt = 0.5. At each step we set tok-
enizer.src_lang to the current source code
and build batches on the fly, which avoids having
to pre-build tokenized datasets and reduces
memory pressure. Unless specified otherwise, our
default hyperparameters are a batch size of 8, a
maximum sequence length of 128 on both sides,
and mixed precision on CUDA when available.
We optimize with Adafactor to reduce memory
footprint, using a constant schedule with 1,000
warmup steps, learning rate 1e-4, weight decay
le-3, update clipping via clip_threshold
= 1.0, and a global max_grad_norm = 1.0.
Every eval_interval steps we run a tiny
evaluation routine that computes average
token loss in both directions on a held-out
subset and prints short generations in both
directions using a conservative decode config-
uration that sets both forced_bos_token_id
and decoder_start_token_id, disables
beam search for sanity checks, and uses
no_repeat_ngram_size = 3, a small repeti-
tion penalty, and a mild length penalty to guard
against degenerate loops. Checkpoints are saved
periodically.

This approach is resilient to out-of-memory er-
rors by clearing caches and continuing. All defaults
can be overridden from the command line, includ-
ing the language codes, column names in the CSV,
sampling probability by direction, intervals, and de-
coding parameters for evaluation.

Our implementation attempts to update upon
version-specific hacks found in the popular
Medium tutorial for fine-tuning NLLB to new
languages’. It also exposes tokenizer rebuild-
ing as a single operation, and makes the
language-code handling explicit. ~ We avoid
rewriting the added_tokens. json and related
files by reconstructing the tokenizer with addi-
tional_special_tokens that already include
the Formosan codes and by keeping <mask>
last, which is compatible with recent transform-
ers releases while remaining robust on earlier
versions. We seed new language-code embed-
dings instead of leaving them random, we warm
start newly added subword pieces, and we re-
size embeddings once after all tokenizer muta-
tions, which prevents mismatches between tok-
enizer length and embedding rows. On the train-
ing side we never prepend language codes to la-
bels, we always append EOS to labels, and we

"https://cointegrated.medium.com/how-to-fine-
tune-a-nllb-200-model-for-translating-a-new-language-
a37fc706b865

Direction NLLB-200 OpenNMT

BLEU chrF++ BLEU chrF++
ami —-cmn  19.00 1850 13.90 13.10
cmn — ami  10.07 34.16 6.70 24.30
bun - cmn  25.08 23.31 19.70 18.50
cmn — bun 7.85 35.65 4.40 22.90
ckv — cmn 24.33 22.62 10.70 10.40
cmn —ckv  25.88 48.88 11.20 28.70
dru — cmn 19.97 20.09 21.70 20.50
cmn — dru 5.77 29.74 4.70 22.40
pwn —cmn 16.54 17.03 10.40 10.50
cmn — pwn 8.63 35.45 6.20 23.90
pyu —cmn 24,22 23.76 19.10 18.50
cmn —pyu  14.10 39.11 8.50 26.20
ssf — cmn 25.09 23.27 1410 13.40
cmn — ssf 19.80 47.28 12.30 32.70
SXr — cmn 14.38 15.43 9.90 10.50
cmn — sxr 7.10 39.67 7.40 29.40
szy — cmn 16.92 19.64 10.60 11.80
cmn —szy  20.20 43.40 11.00 29.20
tao — cmn 17.44 19.23 9.10 10.10
cmn — tao 18.59 40.02 9.10 24.90
tay — cmn 19.69 19.61 16.40 16.70
cmn — tay 5.89 26.99 3.20 18.30
trv — cmn 18.95 19.42 18.00 17.00
cmn — trv 10.38 31.21 8.40 26.20
tsu — cmn 15.16 17.26 7.80 8.60
cmn — tsu 11.11 34.27 5.10 22.20
xnb —cmn  26.90 2594 1540 14.60
cmn —xnb  21.31 51.79 13.50 35.10
Xsy — cmn 20.79 21.06 10.60 11.20
cmn — xsy  22.45 45.54 9.30 29.60

Table 3: Formosan «+ Mandarin BLEU and chrF++
scores by direction with both architectures shown
side-by-side. Boldfacing indicates the best perfor-
mance per metric and language pair.

Direction NLLB-200 OpenNMT

BLEU chrF++ BLEU chrF++
ami —eng 25.02 34.84 33.50 40.60
eng — ami 9.01 31.98 10.20 32.00
bun —eng 43.08 53.55 40.20 48.40
eng — bun  10.08 38.11 9.20 32.20
dru —eng 29.84 40.95 27.40 35.50
eng — dru 4.66 28.11 3.10 21.10
tay - eng  41.02 49.19 36.00 43.10
eng — tay 4.19 23.88 3.60 21.10

Table 4: Formosan < English BLEU and chrF++
scores by direction with both architectures shown
side-by-side. Boldfacing indicates the best perfor-
mance per metric and language pair.

always set both forced_bos_token_id and de-
coder_start_token_id to the same target id,
which makes the code stable under small changes
in the generation API. We release both scripts so
that others can reproduce the tokenizer augmenta-
tion and bi-directional fine-tuning pipeline for any
low resource language.
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Amis Reference NLLB OpenNMT
Mafiyok no fali ko The wind blew off my hat. My h:—.}t Is off to | ate that’s wind.
kafong ako. the wind.

Malalicalicay kita.

Let’s all of us chat.

Let’s have a meeting.

Let’'s dance

Matatodongay ko

His work is adequate.

His work is done right.

He has experienced

tayal nira. over to work.
Ci Tipos ko ngangan My younger sister’s My elder sister’s My dad’s name
no sava ako. name is Tipus. name is Tipos. is Api.

A mimaan saw Kiso i
herek namicodad?

What are you going
to do after school?

What will you be doing
tomorrow afternoon?

What do you do after
school?

Caay, a talaomah kita

No, we are going

No, we are going

No, we are going

anini. to the fields. to the fields. to the fields.
Rakaten nira a tara i He walks to the He took them to He walks to the
paisingan. hospital. the fields. hospital.
. . . . Do you have a
? ? ?
Mangiliway kiso haw? | Have you lost weight? Are you all right? motorcycle?

Table 5: Example output of NLLB and OpenNMT for Amis-English translation.

5. Results

For evaluation, we detokenize with the same SPM
model used during training and compute both BLEU
(Papineni et al., 2002) and chrF++ (Popovi¢, 2017)
using SACREBLEU (Post, 2018), enabling the built-
in zh tokenizer for Mandarin targets. BLEU and
chrF++ scores range from 0 to 100, with higher
scores suggesting better translation quality. Table
3 present the evaluation results for translation to
and from Mandarin for each Formosan language for
each of the two MT architectures. Table 4 displays
the same evaluation metrics for the four Formosan-
English corpora with sufficient data to train a rea-
sonable MT model.

A model was trained successfully for every lan-
guage pair, even with the very small corpora for
English, which attests to the quality and precision
of our approach for normalizing and filtering the
raw parallel data. There is a wide range of BLEU
scores across languages, but with both architec-
tures, translation into Formosan languages is gen-
erally much weaker than translation into either Man-
darin or English. Interestingly, this holds both for
NLLB, which as a pretrained multilingual model has
prior knowledge of both English and Mandarin, and
for OpenNMT, which does not. We also observe
that even when BLEU scores are low when translat-
ing into a Formosan language, chrF++ scores are
relatively high. Formosan languages have complex
morphology; perhaps because chrF++ measures
overlap at the character n-gram level, it allows for
minor morphological differences between individ-
ual words in a hypothesis and the reference that
would be penalized with BLEU.

We observe that translation into English yields
much higher BLEU scores than translation into Man-
darin or into any of the Formosan languages, even
when using OpenNMT, which does not entail fine-
tuning from an English-heavy multilingual model.

While this may seem notable, it is likely an artifact of
the limited domain and vocabulary of the Formosan-
English datasets. Table 5 provides a few examples
of NLLB and OpenNMT output, alongside the Amis
input and a reference translation. We see that both
models are prone to hallucination, but OpenNMT
tends to yield more awkward and ungrammatical
output.

Overall we see, perhaps unsurprisingly, that fine-
tuning from a multilingual NLLB model generally
outperforms the end-to-end OpenNMT LSTM ap-
proach. The one notable exception is translation be-
tween Amis and English, particularly from Amis to
English, where OpenNMT is several points ahead
of NLLB in both BLEU and chrF++. This was also
observed in Scheppat et al. (2025), but the results
here, which include models trained for 14 other
languages, show that this seems to be particular
to Amis. We note that the Amis corpus includes a
number of additional small corpora from a variety
of genres not found in the other languages, which
may contribute to this effect.

6. Discussion and Conclusions

Machine translation has great potential as a tool for
supporting endangered language documentation
and reclamation, but the lack of parallel corpora
for these kinds of languages presents obstacles to
the development of new methods and architectures
for truly low-resource MT. This paper describes the
creation of FormosanMT, a large set of carefully nor-
malized, filtered, and partitioned parallel corpora
for the 15 indigenous languages of Taiwan, which
can serve as a resource not only for the Formosan
speaker communities but also for low-resource MT
researchers. By sharing our scripts for creating
these corpora, we ensure that as the data sources
grow in size and diversity, our parallel corpora can
grow in tandem. We provide new and modern code
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for building MT models with one simple architecture
and one state-of-the-art architecture that will allow
others to replicate our findings and to train models
for any pair of languages for which they have a cor-
pus. Finally, we share the models we have trained,
which can serve as baselines for future research
in MT for the Formosan languages.

Our goals for future work focus on exploiting the
multilingual and multigenre nature of FormosanMT.
Some prior work shows that incorporating related
language data during training can improve MT per-
formance in low-resource settings. We plan to ex-
plore that approach via continued pretraining on
the full FormosanMT corpus within NLLB and other
architectures that involve fine-tuning from a pre-
trained multilingual corpus. Some of our corpora
have more diversity across genres than others, and
we would also like to explore improving source-level
and genre-level performance with data augmen-
tation techniques. Finally we plan to revive our
preliminary work on LLM-based translation.

7. Limitations

One limitation of our work is that we trained base-
line models using only two of the many available
MT architectures that are compatible with small
datasets. This is something we hope to do in future
work, but we note that there is limited evidence sug-
gesting that any one of the popular approaches is
more successful than any other, including NLLB, for
datasets of this size. We remain somewhat reluc-
tant to spend resources training the large number
of models required for each Formosan language
for additional architectures.

A second limitation is that we did not consider
dialect information in our partitioning, testing, or
training. While the majority of our sources do not
identify the dialect of the provided text, there may
be non-trivial differences between dialects where
they are identified, particularly at the lexical level.

8. Ethical Considerations

Respecting an Indigenous community’s language
sovereignty is crucial when working with endan-
gered language data. The majority of our data was
sourced from FormosanBank, whose creators have
secured express permission from the ILRDF and
other Indigenous groups and representatives to
share and redistribute that data. The ILRDF videos
are fully public but their licensing restrictions are
not specified; for this reason we do not redistribute
the associated texts but rather we share code that
can allow other users to access the texts.
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Appendix: Data Extraction

Three scripts extract parallel sentence pairs
from the FormosanBank repository. First,
fetch_xml.py iterates through repositories in
formosanbank and retains only documents
whose root TEXT element carries xml:lang cor-
responding to the target Formosan language
code. Second, clean_xml.py downloads
the QC scripts from the FormosanBank project
and applies them to the harvested XML. Third,
make_corpus.py performs sentence extraction,
iterating through sentence elements in the XML
and pairing each source sentence with the first
translation whose xm1 : 1ang is the desired target
language. Each output row in the resulting CSV
records the source sentence, the matched transla-
tion, the relative XML path, and the document-level
dialect attribute, which we preserve unchanged
for future researchers interested in exploring MT at
the dialect level.

Acquiring the ILRDF video subtitles is more com-
plex. scrape_videos.py identifies all available
videos and collects each video’s ID. For each video
page, it requests the HTML, and iterates the per-
sentence rows on the page; when a start-time at-
tribute is present, it pairs the Formosan sentence
with its Mandarin translation and preserves the
start-time as an alignment anchor. The script writes
one JSON file per video. Next, make_xml .py con-
verts those JSON files into FormosanBank-style
XML using 1xml .etree. We then apply the pro-
cess for converting FormosanBank XML into a CSV
of parallel sentences.

We note that the structure and formatting of the
FormosanBank and ILRDF YouTube resources are
determined by their respective owners. As we are
made aware of changes to these resources, we will
update our extraction scripts to ensure compatibil-

ity.
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