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Abstract

The Vietnamese government is prioritizing the socio-economic development and societal integration of ethnic
minorities, including the K’Ho people. However, the lack of digital resources creates significant communication
barriers, particularly in the critical domain of community health. To address this gap, we introduce ViKhoMT, a new,
professionally curated Vietnamese-K’Ho parallel dataset containing approximately 10,000 sentence pairs focused on
community health communication. To demonstrate the dataset’s quality and establish performance benchmarks,
we conducted comprehensive evaluations by fine-tuning several pre-trained Neural Machine Translation (NMT)
models. Our experiments show that a system based on the M2M100 architecture achieves BLEU scores of 60.5
for K’'Ho-to-Vietnamese and 56.4 for Vietnamese-to-K’'Ho, respectively. We release our dataset to the research
community for free research purposes to support future studies and the development of practical translation tools for
the K’'Ho community. The dataset is publicly available at https://github.com/NgocTram2711/ViKhoMT.

Keywords: Viethamese—K’Ho, Machine Translation, Low-resource Language, Vietnamese Language, K'Ho

Language.

1. Introduction

Machine Translation (MT), a core field of Natural
Language Processing, has seen remarkable ad-
vancements in recent years, driven by the dom-
inance of the Neural Machine Translation (NMT)
paradigm (Tan et al., 2020). Unlike earlier statistical
methods (Koehn et al., 2003), NMT leverages deep
learning to model the complex relationship between
languages, aiming to break down communication
barriers and enable seamless cross-lingual interac-
tion (Bahdanau et al., 2016). The main entities in
MT are the source language text and the target lan-
guage text, and the system’s goal is to produce a
translation that is both fluent and adequate. As are-
sult, MT systems have become indispensable tools
in global commerce, diplomacy, and information
access.

Given the increasing focus on digital inclusion,
applying MT methodologies to low-resource lan-
guages has become a critical research frontier
(Meta Al, 2022). In Vietnam, a country with 54 dis-
tinct ethnic groups, this effort is gaining significant
momentum. For instance, recent work has demon-
strated the potential of NMT for Southeast Asian lan-
guages, with one study on the Viethamese-Khmer
language pair achieving a notable BLEU score of
55.37 (Thai Nguyen Quoc and Van, 2022), and an-
other recent study on Vietnamese-Bahnaric also
reporting strong results (Nguyen et al., 2025). How-
ever, significant gaps remain for many other ethnic
minority languages. The K’Ho language, spoken

by approximately 200,000 people, still suffers from
a severe scarcity of high-quality domain-specific
digital resources. This impedes the community’s
access to vital information, particularly in the health-
care sector, where the materials are predominantly
Vietnamese. Motivated by this critical need, our
contribution in this work is presented below:

1. Our primary effort was the construction of
ViKhoMT, a new domain-specific Vietnamese-
K’Ho parallel corpus containing approximately
10,000 sentence pairs. This foundational
dataset was meticulously compiled by combin-
ing data from diverse sources, including OCR-
processed documents and manually translated
health articles.

2. Building upon this new resource, we con-
ducted a systematic evaluation of modern pre-
trained models to establish the first strong per-
formance benchmarks for this language pair.
This process provides a critical reference point
for any subsequent research. The outcome is
a practical, high-quality translation system that
directly addresses the critical communication
gap in healthcare for the K'Ho community, high-
lighting the tangible societal impact of applying
NMT to serve underserved languages.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work in the field.
Section 3 presents a detailed process for creating
our ViKhoMT dataset. In Section 4, we describe
our methodology, from the selection of pre-trained
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models to data augmentation techniques. Section 5
reports on our experiments, including comparisons
between different models and analyses of scenar-
ios with and without back-translation and data fil-
tering. Finally, Section 6 concludes the paper by
summarizing our key findings and contributions.

2. Related Works

Pioneering studies in Vietnamese—K’Ho machine
translation often focused on non-neural methods for
the weather forecasting domain. For instance, one
of the earliest works applied an Example-Based
Machine Translation (EBMT) approach, but was
constrained by its dataset of only 212 sentence
pairs (Nguyen and Dinh, 2016). Another study uti-
lized a Statistics Machine Translation (SMT) based
approach for the same domain(Hiep et al., 2018).
More recently, a (Nguyen et al., 2023) study uti-
lized OpenNMT (Klein et al., 2017) with a larger,
multi-domain dataset of 16,217 sentence pairs. De-
spite the larger corpus, this work lacked a specific
focus on a single domain and reported only accu-
racy rather than widely adopted MT metrics such
as BLEU (Papineni et al., 2002), which limited the
comparability of its results with other NMT research.

The broader NMT field has since been revolu-
tionized by the Transformer architecture (Vaswani
et al., 2017) (Cho et al., 2014). However, training
Transformers from scratch requires large-scale par-
allel corpora, and they often struggle to generalize
on limited data, as is the case for low-resource
languages.

The current standard approach to overcome data
scarcity is to fine-tune pre-trained multilingual trans-
lation models (Zoph et al., 2016). Instead of learn-
ing from scratch, this method leverages the vast lin-
guistic knowledge already encoded in the model’s
parameters. In particular, the development of many-
to-many translation models like M2M100 (Fan et al.,
2021) marked a significant breakthrough, enabling
direct translation between 100 language pairs with-
out pivoting through English. This line of research
was further advanced by the NLLB-200 project
(Meta Al, 2022), which scaled multilingual trans-
lation to 200 languages with a dedicated focus on
improving quality for low-resource languages.

More recently, Large Language Models (LLMs)
such as GPT-4 have shown strong translation ca-
pabilities for high-resource languages. However,
recent large-scale evaluations reveal significant lim-
itations for low-resource settings. (Robinson et al.,
2023) evaluated ChatGPT across 204 languages
and found that it underperformed traditional MT
systems for 84.1% of languages, with low-resource
languages being the most affected. Similarly, (Zhu
et al., 2024) showed that while GPT-4 surpassed
the NLLB baseline in about 40% of translation

directions, it still lagged behind for low-resource
pairs. For an extremely low-resource language
comparable to K'Ho, (Merx et al., 2024) tested
RAG-augmented LLM prompting for Mambai (also
200,000 speakers) and achieved a maximum BLEU
of only 21.2, far below what fine-tuned NMT mod-
els can achieve. These findings suggest that fine-
tuning dedicated multilingual NMT models remains
the most effective paradigm for languages with lim-
ited but curated parallel data.

Regardless of model choice, a persistent chal-
lenge for low-resource NMT is the limited size
of available parallel corpora. To expand limited
training datasets, back-translation (Sennrich et al.,
2016) (Lample et al., 2018) (Poncelas et al., 2018)
is one of the most effective and widely adopted data
augmentation techniques. The technique uses
a preliminary “seed” model to translate monolin-
gual target-language data back into the source lan-
guage, creating synthetic parallel data that exposes
the model to greater lexical and structural diversity.

A challenge with back-translation is that the re-
sulting synthetic data can be noisy or contain trans-
lation errors. To ensure quality, data filtering meth-
ods have been proposed. The core idea is that a
sentence translated from language A to B, and then
back from B to A, should retain its original mean-
ing. As demonstrated by(Imankulova et al., 2017),
back-translating the synthetic data and measuring
the similarity between the original and the round-
trip sentence with a sentence-level BLEU metric
can filter out low-scoring pairs, retaining only the
highest-quality synthetic data for training.

3. Datasets

3.1. The ViKhoMT Parallel Corpus

The foundation of this research is ViKhoMT, a new
parallel corpus meticulously compiled over a six-
month period, specifically for the K’Ho-Vietnamese
language pair within the community health domain.
The final dataset consists of 10,027 sentence pairs,
aggregated from three primary sources.

Data Extracted via OCR We collected approxi-
mately 4,000 sentence pairs from the bilingual on-
line newspaper B&o anh Dan téc va Mién ndi. This
monthly publication includes versions translated
into 12 ethnic minority languages, including K’Ho.
Our data were primarily extracted from the Health
and Education sections. Text extraction was per-
formed using Google OCR.

Manually Translated Data To ensure high qual-
ity and domain expertise, we manually translated
200 articles related to health. The translation was
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Figure 1: Distribution of the 11 prevalent diseases
and other health topics covered in the 200
manually translated health articles

Table 1: Examples of common OCR errors.

Error Type OCR Error Correct
Loss of diacritics kosot kosot
Incorrect diacritics gowét gowet
Misinterpretation of  hd-tang hg-tang
special characters

Confusion of similar  konhuai kanhual

characters

performed by a team of three experts: a mem-
ber of the VOV4 K’Ho language service (the Voice
of Vietnam’s ethnic minority broadcasting division)
with 25 years of experience who has contributed
to numerous scientific projects on K’Ho language
preservation, and two K’'Ho language teachers from
schools in Di Linh, Lam Dong, who are also active
translators for the Di Linh Parish. The 200 arti-
cles selected for manual translation focused on 11
prevalent diseases within the community, alongside
other general health topics. Figure 1 illustrates the
distribution of these topics, showing a significant fo-
cus on Dengue Fever (12.0% of articles), Measles
(9.3%) and HIV (7.5%), which are major public
health concerns in the region. Any dialectal dif-
ferences in vocabulary were standardized against
the style guide of Bao &nh Dan téc va Mién ndii.
The team followed a rigorous, twofold workflow:

K’Ho-to-Viethamese Translation 100 articles
sourced from the official VOV4 K’'Ho website were
translated into Vietnamese. In this process, the
VOV4 expert performed the primary translation,
which was then reviewed and validated by the two
teachers.

Vietnamese-to-K’Ho Translation To overcome
the scarcity of K’'Ho source materials, 100 Viet-
namese articles from reputable outlets (such as
Stic Khée Doi Séng, Béo Dan Téc, and VTV) were
translated into K'Ho. For this task, each teacher
translated 50 articles; the translations were then
cross-reviewed by the other teacher before a final
validation by the VOV4 expert.

Data from a Digitized Dictionary The corpus
was further enhanced with data from a digitized
1983 Vietnamese-K’Ho dictionary, a resource pro-
vided by the Lam Dong Department of Culture and
Information and digitized by Nguyen Minh Thao
of the Bao Lam Medical Center. From this dictio-
nary, which contains 7,065 words and 5,923 ex-
ample sentences, we leveraged the content in two
primary ways: the entire vocabulary was used to
build a custom tokenizer for K’Ho intended for mod-
els that require training from scratch, while 856
health-related example sentences were extracted
and filtered to incorporate into our parallel corpus.

3.2. Monolingual Corpora for
Back-Translation

In addition to the ViKhoMT parallel corpus, two
large-scale monolingual datasets were a crucial
component of our methodology. These corpora
played a key role in the back-translation technique
used to augment the training data.

Vietnamese: We utilized the Vietnamese Curated
Text Dataset developed by Viettel Solutions. The
original dataset contains 12 million lines, of which
the health domain comprises 7.42%. From this re-
source, we randomly extracted and preprocessed
over 30,000 health-focused Viethamese sentences.
K’Ho: To obtain monolingual K’Ho data, we proac-
tively crawled and processed 23,000 sentences
from the health section of the VOV4 news website
(vov4.vov.vn/kho), a reputable source for the K’'Ho
community.

3.3. Data Preprocessing

To ensure the quality and consistency of the fi-
nal corpus, all aggregated data underwent a multi-
stage preprocessing pipeline.

First, we performed a series of general clean-
ing steps across the entire dataset. This included
removing extraneous whitespace, residual HTML
tags, and non-Latin characters that resulted from
data crawling and extraction. We then segmented
the text into sentences, primarily using the period
(.) as a delimiter. We then expanded common Viet-
namese abbreviations to their full forms (e.g., “bs”
to “bac si”, “ths” to “thac si”, “vn” to “Viét Nam”, “tp”
to “thanh ph6”) and removed duplicate sentence
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Figure 2: Sentence length distribution of the parallel (ViKhoMT) and monolingual corpora.

pairs to ensure data uniqueness. Each clean, par-
allel sentence was formatted as a single line with
Vietnamese and K’'Ho text separated by a tab char-
acter.

Next, source-specific processing was applied.
For data extracted via OCR from Bdo &nh Dan
tbc va Mién nui, the text first underwent seg-
mentation and alignment. This involved a semi-
automated procedure where paragraphs were man-
ually aligned, followed by a Python script to perform
one-to-one sentence alignment based on sentence
length ratios and punctuation cues. After alignment,
all text was normalized to Unicode NFC to resolve
character inconsistencies. However, because of
the specific orthography of the K’Ho language, the
raw OCR output contained significant noise and
errors (see Table 1). This necessitated a rigor-
ous manual post-editing process where language
experts meticulously corrected common issues to
ensure the fidelity of the final data.

A final, crucial step was the orthographic unifi-
cation of data from the digitized 1983 dictionary.
This dictionary followed a 1982 provincial guideline
that aimed to simplify K’'Ho orthography by map-
ping its unique characters to standard Vietnamese
accented letters (e.g., using é to represent &, ¢ to
0, i to 7). However, this simplified standard is incon-
sistent with the orthography used in most modern,
official K'Ho publications, which retain the origi-
nal, more precise diacritics. To ensure consistency
across the entire dataset, we implemented a re-
verse mapping on the dictionary data, converting
the simplified characters back to the modern K’'Ho

orthography.

Figure 2 illustrates the sentence length distribu-
tion for all corpora after preprocessing. All four
corpora exhibit a right-skewed distribution concen-
trated in the 5 to 40-word range, well-suited for
training Transformer-based models.

4. Methodology

Our methodology is designed to address the chal-
lenges of low-resource NMT by combining the
power of pre-trained models with a multi-stage data
augmentation and filtering pipeline. This approach
allows us to maximize the utility of our limited par-
allel data while leveraging large-scale monolingual
corpora to improve model performance. The overall
workflow, from initial data to the final bidirectional
models, is illustrated in Figure 3.

4.1. Data Augmentation

To expand our limited parallel corpus, we employed
two distinct data augmentation techniques: para-
phrasing via synonym replacement (Wei and Zou,
2019) and large-scale back-translation.

First, we augmented the Vietnamese side of the
ViKhoMT corpus using a paraphrasing technique.
We utilized an Al-powered language tool to rewrite
Vietnamese sentences by replacing words with syn-
onyms while preserving the original structure and
meaning. All generated paraphrases were manu-
ally reviewed by human experts before being added
to the dataset. This process increased our ini-
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Figure 3: Our overall workflow for Viethamese-K’'Ho machine translation.

tial parallel corpus from approximately 10,000 to
11,000 sentence pairs.

The primary augmentation method was back-
translation. After training initial “seed” models (de-
tailed in Section 4.3) on the ViKhoMT corpus, we
used them to generate a large synthetic parallel
dataset. Specifically, the 30,000-sentence Viet-
namese monolingual corpus was translated into
K’Ho using the Vi-K’Ho seed model, and the 23,000-
sentence K’'Ho monolingual corpus was translated
into Vietnamese using the K’Ho-Vi seed model.
This step generated a total of 53,000 new synthetic
sentence pairs. Table 2 provides a comprehen-
sive summary of all primary and generated corpora
used in our methodology, including their sources,
sizes, and primary uses.

4.2. Synthetic Data Filtering

While back-translation generates a large volume
of data, its quality can be inconsistent. To en-
sure that only high-quality synthetic data was used
for final training, we implemented a rigorous data
filtering process based on the round-trip transla-
tion (RTT) consistency principle (Imankulova et al.,
2017). This process, illustrated in Figure 3, was
applied to both monolingual corpora as follows:

« Filtering the K'Ho Monolingual Corpus (Green
path in Figure 3): An original K’'Ho sentence
(K'Hogrig) is first translated by the K'Ho-Vi Seed
Model to generate a synthetic Viethamese
sentence (Visynin). This synthetic sentence is
then immediately translated back by the Vi-
K’Ho Seed Model to produce a round-trip K'Ho
sentence (K'Hot). The BLEU score is then
calculated between the original and the round-

trip version, BLEU(K’'Hogrig, K’'HOtt).

« Filtering the Viethamese Monolingual Corpus
(Blue path in Figure 3): Similarly, an origi-
nal Vietnamese sentence (Viorig) is translated
by the Vi-K’Ho Seed Model to generate a
synthetic K'Ho sentence (K’Hogynih). This is
then translated back by the K’'Ho-Vi Seed
Model to produce a round-trip Vietnamese
sentence (Viyt). The score is calculated as
BLEU (Viorig, Virt).

To retain only high-quality synthetic data, we
implemented a percentile-based filtering strategy.
Specifically, we calculated the RTT BLEU score for
all generated pairs and then ranked them by score,
retaining only the top 80% of pairs. This thresh-
old was determined through a preliminary experi-
ment comparing different filtering levels, where 80%
achieved the best balance between data quality and
diversity (see Appendix A.1). The corresponding
absolute BLEU score cutoffs were >36.39 for Viet-
namese and »>51.67 for K’Ho. lllustrative examples
of retained and rejected pairs under these cutoffs
are provided in Appendix A.2.

4.3. Training Model

Our training methodology is based on a two-stage
process designed to maximize the effectiveness of
our data augmentation pipeline.

The first stage is Seed Model Training. Here, ini-
tial models are trained on the high-quality, human-
curated parallel corpus (ViKhoMT). A separate
pair of seed models (K’Ho-to-Viethamese and
Vietnamese-to-K’Ho) was trained for each of the
five evaluated architectures described in Section
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Table 2: Summary of all corpora used in this study. The “Source” column indicates the origin of the
primary corpora or the method used to generate data. The synthetic data size is shown before the
filtering process.

Corpus Source

Size Primary Use

Primary Corpora
ViKhoMT
Vi Monolingual

K’Ho Monolingual VOV4 News

OCR, Manual Translation, Dictionary
Vietnamese Curated Text Dataset

10,027
30,000

Train Seed, Final Models
Back-translation

Generated Corpus
Paraphrased Data Synonym Replacement
Synthetic Parallel Data Back-translation

23,000 Back-translation
~1,000 Train Seed, Final Models
53,000 Final Models

5.2. The primary purpose of these “seed” mod-
els is not to be the final product, but to serve
as proficient translators for the subsequent back-
translation task.

The second stage is Final Model Training. After
the data augmentation and filtering steps are com-
plete, the final models are trained on a comprehen-
sive, combined dataset. Following the data mixing
strategy introduced by Sennrich et al. (2016), the
final training dataset is a combination of the original
parallel corpus and the high-quality synthetic data
generated in the previous steps. To ensure the
models prioritize learning from the more reliable
human-translated data, we employ an up-sampling
strategy, increasing the weight of the original cor-
pus during training (Xu et al., 2022). This two-stage
approach allows the final models to benefit from
both the accuracy of the original data and the lin-
guistic diversity of the augmented data.

5. Experimental

5.1. Experiment Setup

Dataset and Evaluation The ViKhoMT parallel
corpus (consisting of 10,027 sentence pairs) was
divided into three subsets. First, we held out a fixed
test set of 1,000 sentence pairs for final evaluation
across all experiments. The remaining 9,027 pairs
were then split into a training set of 8,124 pairs
(90%) and a validation set of 903 pairs (10%). This
ensures a fair and consistent comparison between
all models and scenarios. For the evaluation met-
ric, we adopt BLEU (Papineni et al., 2002) as our
primary metric for comparing model performance.
We utilize sacreBLEU, a standardized implementa-
tion, to ensure reproducible and comparable BLEU
score computations. A higher score indicates a
better translation.

Implementation Details All experiments were
conducted using the Hugging Face Transformers
library on a single NVIDIA RTX 4090 GPU. Key hy-
perparameters for fine-tuning the pre-trained mod-

els were kept consistent to ensure a fair compari-
son, including a learning rate of 3 x 10~3, a batch
size of 16, and mixed-precision training. Seed mod-
els were trained for 20 epochs, while final models
were trained for 10 epochs, both with early stopping
based on validation loss to prevent overfitting.

5.2. Baselines

To comprehensively evaluate the effectiveness of
our proposed methodology, we selected and com-
pared the performance of the following five baseline
model architectures:

Transformer-base This model, based on the orig-
inal architecture by (Vaswani et al., 2017), was
trained from scratch on our ViKhoMT corpus. It
serves as a baseline to quantify the benefits of
pre-training.

mBART-50 Proposed by (Tang et al., 2020), Mul-
tilingual BART is pre-trained using a denoising ob-
jective on monolingual text from 50 languages. It
learns to reconstruct original text from corrupted
input, enabling it to build robust multilingual repre-
sentations.

M2M100 This model, introduced by (Fan et al.,
2021), was the first to demonstrate many-to-many
translation among 100 languages without pivoting
through English. It is trained on a massive dataset
mined from the web for numerous language pairs.

NLLB-200 As part of the “No Language Left Be-
hind” project by (Meta Al, 2022), this model family
scales multilingual translation to 200 languages
with a particular focus on improving quality for
low-resource languages. Due to hardware con-
straints, we selected the nllb-200-distilled-600M
version over the larger 1.3B variant. This distilled
model is optimized to provide a strong balance
between high performance and manageable com-
putational requirements for our experimental setup.
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SeamlessM4T Short for Massively Multilingual
& Multimodal Machine Translation (Communica-
tion et al., 2023), this is a single, unified model
developed by Meta Al that supports multiple
tasks and modalities, including speech-to-speech
(S2ST), speech-to-text (S2TT), and text-to-text
(T2TT) translation for up to 100 languages. Al-
though it has audio processing capabilities, for the
scope of this research, we leverage its T2TT func-
tionality. Due to hardware constraints, we selected
the SeamlessM4T-medium version (1.2B parame-
ters) over the large version (2.3B parameters). The
model is built on the UNITY architecture, integrating
powerful pre-trained components for both speech
and text. Including SeamlessM4T as a baseline
allows for the evaluation of a state-of-the-art multi-
modal architecture on a specialized T2TT task.

5.3. Experimental Scenarios

To evaluate our methodology, we conducted ex-
periments on the five chosen model architectures
across two main scenarios, corresponding to the
training stages outlined in Section 4.3.

Scenario1 Seed Model Evaluation. We evaluate
the performance of the “seed” models for each of
the five architectures. These models were trained
only on the original ViKhoMT corpus and serve as
the performance baseline.

Scenario 2 Final Model Evaluation. We evalu-
ate the performance of the “final” models. These
were trained on the combined dataset of original
and augmented data after the full back-translation
and filtering pipeline was applied to each architec-
ture. This scenario measures the full impact of our
proposed methodology on each model.

5.4. Results

Several key observations can be drawn from the
results in Table 3. First, by comparing the perfor-
mance of the Seed Models, it is evident that all
four pre-trained models (NLLB-200, SeamlessM4T,
mBART-large-50, and M2M100_418M) significantly
outperform the Transformer-base model trained
from scratch. This once again confirms the im-
mense value and indispensable role of transfer
learning in the field of Neural Machine Transla-
tion (NMT) for low-resource languages like K’'Ho.
Among the pre-trained models, M2M100_418M
consistently achieved the highest baseline perfor-
mance on the original ViKhoMT dataset, reaching
a BLEU score of 57.3 for K'Ho-Vi and 53.2 for Vi-
K’Ho. The remaining models followed with decreas-
ing performance: mBART-large-50, SeamlessM4T-
medium, and NLLB-200-600M.

Table 3: Evaluation results (BLEU score) for all
models and training stages.

Model Architecture | Training Stage | K’Ho - Vi [ Vi 5 K'Ho

Transformer-base S.eed Model 17.2 215

Final Model 24.9 254
NUE200600M | pillicoe | sao | 4rd
seameso | Seealld |01 s
onTageso | Seellode | ge e
vawtoo_atem | FETNCE 60.50 56,42

Second, the impact of our data augmentation
pipeline is consistently positive across all tested ar-
chitectures. For each pre-trained model, the Final
Model—trained on the combined dataset—shows a
substantial improvement in BLEU scores compared
to its corresponding Seed Model. For instance,
the score of M2M100 for the Vi-K’'Ho direction in-
creased from 53.2 to 56.42, while SeamlessM4T
also saw a significant jump from 50.1 to 54.4 for
the K’'Ho-Vi direction. This validates that our back-
translation and data filtering workflow is an effective
method for leveraging monolingual data to boost
translation quality.

Finally, the M2M100_418M model, when com-
bined with the full data augmentation and filter-
ing pipeline, achieved the highest overall scores
among all evaluated architectures. The final
model achieved a BLEU score of 60.5 for K’'Ho-
to-Viethamese and 56.42 for Viethamese-to-K’Ho,
underscoring its superior capability for this spe-
cific task compared to the other evaluated models,
including powerful and recent multimodal architec-
tures like SeamlessM4T.

For contextual reference, prior works on this
language pair include (Nguyen et al., 2023) who
achieved an accuracy of 56.54 using OpenNMT
with a private 16,000-pair dataset, and (Nguyen
and Dinh, 2016) who explored EBMT with only 212
pairs. However, direct comparison with these works
is limited due to differences in training data, model
architectures, and evaluation sets. Our contribution
is therefore best understood not as a strict perfor-
mance comparison, but as the first publicly avail-
able, domain-specific benchmark for this language
pair.

5.5. Optimizing Back-Translation Data
Size

The volume of monolingual data used for back-
translation can significantly impact model perfor-
mance (Edunov et al., 2018). To determine the
optimal configuration for our main experiments, we
conducted a preliminary ablation study across all
five model architectures. We experimented with
different sizes of the Vietnamese and K’'Ho mono-
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lingual corpora, training a separate “final” model for
each configuration on each architecture.

The results consistently showed that the con-
figuration using 30,000 Vietnamese and 23,000
K’Ho sentences yielded the best or near-best per-
formance across all tested models. To illustrate
this trend and for the sake of brevity, we present
the detailed results for the M2M100_418M model
in Table 4. The results also indicate that simply
increasing the amount of monolingual data does
not guarantee better performance. For the Vi-K’'Ho
direction, increasing the Viethamese monolingual
data from 30k to 40k sentences led to a decrease in
the BLEU score (from 56.42 to 54.99). We hypothe-
size that this may be due to the introduction of noise
from the Vi-K’'Ho seed model when translating a
larger, potentially more out-of-domain, monolingual
corpus.

To validate this hypothesis, we employed
xCOMET (Guerreiro et al., 2023), a state-of-the-
art metric capable of fine-grained error detection,
for a detailed qualitative analysis. This analysis
was conducted on a set of 100 parallel sentences
withheld from the training data, which included both
in-domain (health) and out-of-domain topics to as-
sess the model’s robustness. The xXCOMET anal-
ysis confirmed our hypothesis, revealing a high
rate of semantic errors when the seed model pro-
cessed the out-of-domain source sentences. The
tool frequently flagged mistranslations of special-
ized, non-health-related terminology, which gener-
ated noisy and nonsensical K’Ho sentences. For a
side-by-side comparison of specific examples from
this analysis that highlight the performance differ-
ences between the 30k and 40k models, please
refer to Appendix A.3. This supports the claim that
indiscriminate expansion of monolingual data can
degrade the quality of the synthetic corpus, thereby
negatively impacting the final model’s performance.
Therefore, we selected the 30k Vietnamese and
23k K’'Ho configuration as the optimal balance be-
tween data volume and quality for the data aug-
mentation pipeline in our main experiments.

5.6. Error and strength analysis

To gain a deeper, qualitative understanding of the
final model’s performance beyond quantitative met-
rics, we conducted a detailed error and strength
analysis. The model’s primary strength is its robust
capability to accurately translate domain-specific
medical terminology, particularly in the K’ho-to-
Vietnamese direction, where it produces highly
reliable translations. However, the analysis also
identified several recurring error patterns. The
Vietnamese-to-K’ho direction proved more chal-
lenging, exhibiting a higher frequency of lexical
and orthographic errors, especially with the lan-
guage’s unique diacritics. Furthermore, both mod-

Table 4: Ablation study on monolingual data size
for back-translation using the M2M100_418M
model. Scores are reported in BLEU.

Monolingual Data Sizes K’Ho - Vi Vi - K’Ho
10k Vi, 10k K’'Ho 58.73 55.66
10k Vi, 23k K’'Ho 58.95 55.62
23k Vi, 23k K’'Ho 59.00 54.73
30k Vi, 23k K’Ho 60.50 56.42
40k Vi, 23k K’'Ho 59.51 54.99

els showed a noticeable performance degradation
when handling out-of-domain topics, often failing
to translate metaphorical language or non-medical
specialized terms. A comprehensive breakdown
of these error categories, including specific exam-
ples and a side-by-side comparison, is provided in
Appendix A.4.

6. Conclusion

This paper introduces ViKhoMT, a new, high-quality
Vietnamese-K’'Ho parallel corpus specifically tai-
lored for the community health domain. By leverag-
ing this resource with a robust data augmentation
and selection pipeline on pre-trained models, we
established strong performance benchmarks. Our
best system, based on the M2M100_418M archi-
tecture, achieved a BLEU score of 60.5 for K’Ho-
to-Vietnamese and 56.4 for Vietnamese-to-K'Ho
translation. ViKhoMT not only serves as the foun-
dation for a high-performance translation system
but also demonstrates the significant potential of
modern NMT techniques to create practical tools
that help preserve and promote the vitality of minor-
ity languages in the digital age. This work provides
ViKhoMT as a valuable resource to enable future
research, enhancing health communication and
fostering information equity for the K'Ho community
in Vietnam.
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A. Appendix
A.1. Effect of Round-Trip Filtering
Threshold

To determine the optimal filtering threshold for
our round-trip translation (RTT) quality filtering,
we conducted a preliminary experiment compar-
ing five percentile-based thresholds using the
M2M100_418M model. In each configuration, only
the top X % of synthetic pairs (ranked by RTT BLEU
score) were retained for final training. The results
are reported in Table 5.

Threshold K’Ho — Vi Vi — K’Ho
60% 59.02 54.12
70% 60.33 54.39
80% 60.50 56.42
90% 59.51 54.99
100% 59.02 54.74

Table 5: Effect of round-trip filtering threshold on
M2M100_418M performance (BLEU). Bold indi-
cates the best score.

The results show that the 80% threshold yields
the best performance in both translation directions.
A stricter threshold (60% or 70%) removes not only
noisy synthetic pairs but also useful data that con-
tributes to lexical and structural diversity, leading to
reduced generalization. Conversely, retaining all
unfiltered data (100%) would introduce a substan-
tial amount of translation noise, as demonstrated by
the round-trip examples in Appendix A.2. The 80%
threshold therefore provides the best trade-off be-
tween data quality and quantity, and was adopted
as the default for all final experiments reported in
this paper.
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A.2. Synthetic Data Filtering Examples

Table 6 and Table 7 provide illustrative examples
of the round-trip translation filtering process, gen-
erated by the M2M100_418M seed model, for the
Vietnamese and K’'Ho monolingual corpora, respec-
tively. The “Decision” column indicates whether a
synthetic pair was kept or rejected based on the
round-trip BLEU score.

A.3. Qualitative Analysis for the Ablation
Study on Monolingual Data Size

The quantitative results in Table 4 show that in-
creasing the Vietnamese monolingual data from
30k to 40k sentences led to a performance drop
for the Vi-K’Ho translation direction. To investigate
the underlying reasons, we conducted a qualitative
analysis by comparing the outputs of the model
trained on 30k sentences (30k Model) against the
one trained on 40k sentences (40k Model).

The table below (Table 8) presents a side-by-side
comparison of their translations for identical source
sentences. These examples illustrate that the 30k
Model, despite using less data, consistently pro-
duces translations of higher quality. This superiority
is evident not only in its semantic and grammatical
accuracy but is also reflected in its sentence-level
xCOMET scores. It reveals several key advantages
of the 30k Model over the 40k Model:

Superior Semantic Accuracy In example ID 1,
the superiority of the 30k Model is reflected in its
higher xCOMET score (0.314 vs. 0.291). The 30k
Model perfectly translates the difficult concepts of
“ép” (to urge/force) and “mau thuan” (conflict) into
the correct K’ho phrase sér, tam Ioh tai. In con-
trast, the 40k Model fails to grasp the meaning and
instead hallucinates a nonsensical repetition, dos
wol, dos woal (said again, said again), leading to a
complete loss of the original intent.

Higher Grammatical Precision Example ID 2
highlights a subtle but important grammatical er-
ror. This difference in quality is clearly quantified
by the xCOMET scores: the 30k Model achieves
0.529, significantly higher than the 40k Model’s
0.454. The 30k Model correctly translates "khoang”
(around/approximately) to pogap. The 40k Model,
however, produces pagap bch, adding an unneces-
sary preposition (boh) that makes the phrase less
natural and grammatically imprecise in this context.

Greater Faithfulness (Adequacy) Example ID
3 is a special case where the 40k Model (xCOMET:
0.428) scores higher than the 30k Model (xCOMET:
0.327) despite omitting information. This can oc-
cur because the 40k Model’s translation, while less

complete, is fluent and lacks obvious grammati-
cal errors, which automated metrics may prioritize.
However, in terms of adequacy, a core criterion in
translation, the 30k Model is clearly superior as it
accurately translates the term "r(ii ro” (risks) to rés
ar, whereas the 40k Model omits it entirely.

This qualitative analysis strongly supports the
quantitative results. The 30k Model consistently
outperforms the 40k Model by producing more se-
mantically and grammatically accurate translations.
Even when automated scores do not fully capture
the quality difference (as in ID 3), a deeper analysis
reveals that the 30k Model is more faithful to the
source content. This confirms our hypothesis that
the additional 10,000 monolingual sentences used
to train the 40k Model likely introduced more "noise”
than useful signal, leading to a degradation in its
translation quality.

A.4. Error and Strength Analysis

Strength of Preservation of Medical Terminol-
ogy A primary strength of our fine-tuned mod-
els is their robust ability to accurately translate
domain-specific medical terminology. This capa-
bility is demonstrated in Table 9 and Table 10 ,
which present selected examples for the K'ho-to-
Viethamese and Viethamese-to-K’ho directions, re-
spectively. It is important to note that these exam-
ples were taken from the test set and were therefore
unseen by the model during training. As shown in
these tables, the models successfully handle a wide
range of medical concepts—from disease names
and treatments to physiological processes—pro-
ducing translations that are both fluent and ade-
quate. Notably, the performance in the K’ho-to-
Vietnamese direction (Table 9) is exceptionally high,
with many translations being nearly identical to the
human reference, underscoring the model’s relia-
bility for in-domain tasks.

Qualitative Error Analysis While the K’'Ho-to-
Vietnamese model demonstrates strong overall per-
formance, a qualitative analysis of its outputs re-
veals several recurring error patterns. This sec-
tion provides illustrative examples from the test
set, categorizing common weaknesses to offer a
more nuanced understanding of the model’s lim-
itations. Table 11 presents a summary of these
errors. The analysis indicates that while the K’ho-
to-Vietnamese model is highly effective for many
in-domain sentences, its primary weaknesses in-
clude:

» A tendency to produce literal but contextually
suboptimal translations (Lexical Errors).

+ Occasional but significant failures in compre-
hending complex phrases, leading to clinically
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incorrect statements (Semantic and Hallucina-
tion Errors).

+ Unreliability in accurately transcribing numeri-
cal entities (Entity Errors).

These findings suggest that while the model is a
strong baseline, further work is needed to improve
its contextual understanding and reliability with crit-
ical data points like numbers.
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Table 6: Examples of Round-Trip Translation filtering for the Viethamese monolingual corpus. The
threshold for the top 80% was a BLEU score > 36.39.

Original Vietnamese

| Round-trip Vietnamese

| BLEU | Decision |

véi nhirng trudng hop bi loét chan can
phai diéu tri cham séc vét thuong tich
cuc

véi nhitng truong hop bi tdn thuong
chan phai diéu tri cham séc vét thuong
tich cuc

70.86

Kept

chi trlr mét sb trudng hop nhu bénh vay
nén thé viém khép, vay nén gay viém
thi cdc bac si sé tién hanh thém mot s6
chén doan khac dé xac dinh bénh

chi ngoai mét sb trudng hop nhu bénh
vay nén gay viém khdp, vay nén gay
viém thi cdc béc si sé tién hanh thém
mot s& xét nghiém khac dé xac dinh
bénh

76.12

Kept

da vay nhiéu phong kham tu & day con
tim cédch mdc tdi trdng tron bénh nhan
khién khong it ngudi phai “dé khéc d&
cuoi”

da nhu vay nhiéu phong kham tu nhan
& day dang tim céch xda kin bénh nhan
lam khong it ngudi phai “kho thd”

32.19

Rejected

vGi ngudi I6n cd thé stic miéng thudng
xuyén bang céac loai nudc xuc miéng
c6 tinh sat trung

di véi ngudi 16n cé thé quéy khoc lién
tuc va céc loai nudc quéy khdc cé thé
bi quay khéc

23.42

Rejected

Table 7: Examples of Round-Trip Translation filtering for the K’'Ho monolingual corpus. The threshold for

the top 80% was a BLEU score > 51.67.

| Original K’'Ho | Round-trip K’Ho | BLEU | Decision |
som kodp niam den ngai do kon ur ail | som kdp niam den tl do kon Ur ai geh | 73.49 Kept
geh sor ré sor ré
0 hét mat tam kal miu tiah dah jum (bch | & hét mut tam kal miu tiah dah jum (boh | 61.42 Kept
nhai 5 tus nhai 11) moya kdop mprom | nhai 5 tus nhai 11), moya kop s6t xuat
golik mham neh goguh ui huyét neh goguh ua
tam dul poh, bon dong hd chi minh kung | tam dul poh, 6n ddng ho chi minh kung | 49.49 | Rejected
neh go rolao 300 na cau gatip kop jong | neh git gd rlau 300 na cau botdp kop
té bor jong té bor
joh 2 ngai gd kon dét & gomu kdop md | jol 2 ngai gd kon dét & bdi md bic sum | 46.87 | Rejected
bic sum gotip rotos jong té, Aiim, ¢ bai | gotip rotdt sa, Aim sum, & godan sao
sao mo duh sa den tang ceng tus tam | md duh sa den tang jun tus tam do tai
do tai

Table 8: Side-by-side comparison of translation outputs from the 30k and 40k models for the Vi-K’'Ho
direction. Key differences are highlighted in bold.

ID | Source Vi Reference K’Ho 30k Model Transla- | 40k Model Transla-
tion (Superior) tion (Inferior)
1 | ...gia dinh lai ép, lai | ...cau tam hiu sor, | ...cau tam hiu | ...hiu bonha do's woll,
mau thuan... tam loh tai... sor, tam loh tai... | dos wol... xCOMET:
xCOMET: 0.314 0.291
2 | khoang 88-98%... pogap 88% tus | pogap 88% tus 98%... | pogap boh 88 tus
98%... xCOMET: 0.529 98%... xCOMET:
0.454
3 | ...nhing rdiro trong | ...ald bota rés ar & | ..ald bota rés ar & | ..ald bota & niam
qua trinh sinh né... niam tam tt deh duh... | niam tam ti deh duh... | tam t0 deh duh...
xCOMET: 0.327 xCOMET: 0.428
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Table 9: Examples demonstrating the model’s strength in translating K’ho medical terminology into
Vietnamese. The bold text highlights the core medical terms that the model translated accurately.

Source K’'Ho

| Reference Vi

|

Machine Translation

bl lah brod Ioh sonom pa neh
geh ua cbng nha tam brod som
boi kon se deh & tol nhai in,
moya kha do ngai solo goguh
neh loh gotip kal ke m& bota long
tus gah Ioh sonom bal md cau
tam hiu kon se dé

mé&c du y té hién dai da cd nhidu
thanh tuu trong viéc ct¥u séng
tré sinh non, tuy vay ty 1& nay
ngay cang tang dat ra ganh nang
va thach thiic cho c& nganh y té
va gia dinh cla tré

mé&c du y té hién dai da cé nhidu
thanh tuu trong viéc ctru séng
tré sinh non, nhung ty 1é nay
ngay cang tang da gay khé khan
va thach thiic cho c& nganh y té
va gia dinh clia tré

téng bon dra bu6én ma thuét,
tam gul tong poh kanhai 7 neh
ddp geh cau kop chot boh kop
mprom lik mham lah oh h.o.g.n

tai phudng bubén ma thuét, vao
trung tuan thang 7 da ghi nhan
trwdng hgp tir vong do sot
xuét huyét 1a em h.o.q.n

tai thi tran buén ma thudt, vao
gitta tuan thang 7 da ghi nhan
trwdng hop tl vong vi sét xuat
huyét |2 bé h.o.q.n.

kdp suh sur chau philah kdp Ign
gotdp chai sabang baoh birus Ioh
golik, ti do & hét geh bAc-xin
rgcang krian kop

dich ta lgn chau phi 1a bénh
truyén nhiém nguy hiém do
virus gay ra, hién chua cé vac-
xin phong bénh

dich ta lgn chau phi la cén
bénh truyén nhi&m nguy hiém
do virus géy ra, hién nay chua
c6 vac-xin phong bénh

ala cau gotip kop rang joh ala
ndrdm & hét cit baccine racang
kop

phan I6n nhitng ngwdi mac
bénh sdi déu chua tiém vac-
cine phong bénh

nhiing ngu®i mac bénh sdi
hadu hét chua tiém vac-xin
phong bénh

Table 10: Examples demonstrating the model’s strength in translating Viethamese medical terminology
into K’Ho. The bold text highlights the core medical terms that the model translated accurately.

Source Vi

| Reference K’'Ho

|

Machine Translation

khi tré mac sot xuat huyét, phu
huynh can theo déi chat ché cac
dau hiéu cla tré

tl konom dét botop kop mprom
golik mh‘am,‘ cau me bep pal jat
sén nén ala tél so'fio kon dét dé

tl konom dét botop kop mprom
golik mham, me bép pal jat sén
nén ali tél sofio kon dét dé

bénh nhan bj dau mat dé dén
khoa mat, bénh vién da khoa
vling tay nguyén dé kham va
diéu tri

cau kop gotip jé mat kldng tus
gah mat, hiu sonom ua gah tiah
tay nguyén nang kham mé som

cau kop jé mat klong tus gah
mat, hiu sonom ui gah tiah tay
nguyén nang kham md som

dau hiéu nhan biét sém tang
dudng huyét

tél sofnio dal git gon goguh
sodang mham

tél sofio dal git goin goguh
sodang mham

tiéu chdy I1a can bénh thuong
gap & tré em nhung cing dé du
phong

kop jé ndul go jroh la kop
méng goban tam kondom dét
moya kung buon ngan sol ro-
cang lai pleh

kop jé ndul go jroh [a kop
méng goban tam kondom dét
moya kung buon ngan soll ro-
cang sondra lai
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Table 11: Examples of common error types in the K’ho-to-Vietnamese translation direction.

Error Type Source K’Ho | Reference Vi | Machine Analysis
Translation
Lexical Error | ..pahdbanré | ..cd mdi lan | ..cd mdi 1an [ The model provides a literal
den cau tam | t6i xuat vién | t6i vé thi gia | translation of ré as “v&” (to return).
hiu sor... thi gia dinh lai | dinh lai ép... While not entirely incorrect, it
ép... misses the specific medical con-
text, where the more appropriate
term is “xuét vién” (discharged
from the hospital). This shows a
weakness in selecting contextu-
ally nuanced terminology.
Critical Se- | ...cau kop geh | ...oénh nhan | ...bénh nhé&n | This is a critical mistranslation.
mantic Error ald bota tam | c6 phan &*ng | c6 cac co | The model incorrectly translates
joh sa jan bé | toanthannhu | quan  toan | bota tam joh sa jan (“things in
kop duh sa... sot... than nhu | the whole body,” i.e., a systemic
sot... reaction) as “cac co quan toan
than” (all body organs). This
error completely changes the
medical meaning from a descrip-
tion of symptoms to an incorrect
anatomical statement.
Hallucination ...mo pal put | ...va phai | ...va phai deo | The model fails to translate the
chéo di pal | dung bang | khau trang | source phrase pal put chéo
md tol n& cau | cudn phu hgp | phi hgp V&i | (must use a wrapping band/cuff).
kop... V@i tng ngudi | tiing  trudng | Instead, it hallucinates a com-
bénh... hop bénh | pletely unrelated instruction:
nhan... “ohai deo khau trang” (must

wear a face mask). This type of
fabrication is a significant failure,
as it introduces incorrect medical
advice.

Entity Error

...kOp joh geh
1 rbé 11 na
cau kop...

...tdng sb tich
lay c6 1.011
bénh nhan...

..tdng sb tich
oy c6 1.1
bénh nhan...

The model incorrectly translates
the number 1 rbd 11 (one thou-
sand and eleven) as “1.11”. Mis-
translating numerical data is a
critical error, especially in a
medical context where statis-
tics, dosages, and patient counts
must be precise.

8739




	Introduction
	Related Works
	Datasets
	The ViKhoMT Parallel Corpus
	Monolingual Corpora for Back-Translation
	Data Preprocessing

	Methodology
	Data Augmentation
	Synthetic Data Filtering
	Training Model

	Experimental
	Experiment Setup
	Baselines
	Experimental Scenarios
	Results
	Optimizing Back-Translation Data Size
	Error and strength analysis

	Conclusion
	Bibliographical References
	Appendix
	Effect of Round-Trip Filtering Threshold
	Synthetic Data Filtering Examples
	Qualitative Analysis for the Ablation Study on Monolingual Data Size
	Error and Strength Analysis


