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Abstract

Underserved and extremely low-resource languages challenge
current language technologies, especially when lexical bor-
rowing and synonymy undermine exact-match assumptions.
We study Bahnaric-Vietnamese lexical mapping as a step to-
ward meaning-preserving sentence translation. Unlike prior
work based on static embeddings and Mean Squared Error
(MSE) alignment, we learn sentence-aware word represen-
tations with a small multilingual transformer pretrained on
Vietnamese, adapt it with Low-rank adaptation (LoRA) for
parameter efficiency, and align Bahnaric-Vietnamese pairs
using a two-layer projection trained with InfoNCE contrastive
loss. We exploit a new community-sourced lexicon of approx-
imately 10,000 Bahnaric-Vietnamese pairs collected with lo-
cal partners, capturing one-to-one, one-to-many, and many-
to-one anchor relations as well as extensive lexical borrowing.
Experiments evaluate retrieval-style alignment with Precision
at K (P@K) and Mean Reciprocal Rank (MRR), as well as
sentence translation using top-1 accuracy, Bilingual Evalua-
tion Understudy (BLEU), Character n-gram F-score (ChrF),
and embedding-based BERTScore. We also qualitatively an-
alyze cases where n-gram metrics under-credit semantically
adequate outputs in synonym-rich settings, and our ablation
analysis shows that InfoNCE contrastive training dramati-
cally outperforms MSE regression. On the ~1k lexicon, our
best model attains P@1 ~ 0.53 and MRR ~ 0.62, substan-
tially improving over a static-embedding MSE baseline, while
on the richer ~10k community lexicon it reaches compara-
ble sentence-level top-1 accuracy and BERTScore F1 despite
slightly lower BLEU and chrF, highlighting both the bene-
fits of the expanded resource and the remaining challenges of
synonym-rich, low-frequency vocabulary.

1 Introduction

Language technologies continue to underserve communities
whose languages lack large corpora, standardized orthogra-
phies, or widely available benchmarks. Bahnaric, which is
an Austroasiatic language spoken by ethnic minority com-
munities in Vietnam, is emblematic of this gap: avail-
able lexical resources are scarce, borrowing from Viet-
namese is extensive, and many-to-one or one-to-many syn-
onym relations are common. These properties break exact-
match assumptions in conventional word mapping and sen-
tence translation pipelines, and they complicate evaluation
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regimes that reward surface overlap over meaning preserva-
tion (Vo et al. 2024).

Prior work on Bahnaric-Vietnamese lexical mapping has
primarily used static word embeddings aligned with regres-
sion losses (e.g., MSE) (La et al. 2023), which (i) ignore the
role of sentential context in disambiguating polysemy and
borrowings, and (ii) underperform when multiple target syn-
onyms are equally acceptable. In contrast, our end goal is
meaning-preserving sentence translation, where each token
should be represented in its sentence context rather than as a
single static vector.

This paper makes two practical advances toward that
goal. First, on the modeling side, we learn senfence-aware
word representations with a compact multilingual trans-
former pretrained on Vietnamese, and align Bahnaric-
Vietnamese pairs via a two-layer projection trained with
an InfoNCE contrastive objective. We adopt LoRA for
parameter-efficient adaptation, enabling experimentation on
modest computation while retaining competitive quality.
Second, on the data side, we leverage a new community-
sourced lexicon of 10,000 Bahnaric-Vietnamese pairs (col-
lected with local partners), which captures one-to-one, one-
to-many, and many-to-one anchor relations alongside sys-
tematic borrowing and close Subject-Verb-Object (SVO)
syntactic parallels. This lexicon supports both supervised
alignment and more realistic evaluation settings where mul-
tiple reference translations are valid.

We evaluate our approach through a three-stage pipeline:
(i) sentence-level contrastive fine-tuning (reporting train and
test loss across 10, 20, and 50 epochs and comparing In-
foNCE against an MSE objective), (ii) retrieval-style bilin-
gual word alignment (reporting P@1, P@5, and MRR on
both the ~1k and ~10k lexicons), and (iii) sentence transla-
tion suitability via embedding-based retrieval (reporting top-
1 accuracy, BLEU, chrF, and BERTScore F1 (Zhang et al.
2020), which provides a more meaning-aware assessment
of adequacy). While human evaluation would be valuable
for assessing adequacy in this synonym-rich, low-resource
setting, we do not conduct a formal human study in this
work due to the limited availability of native Bahnaric-
Vietnamese bilingual speakers and resource constraints. We
therefore rely on automatic metrics and qualitative anal-
ysis, and explicitly acknowledge the absence of human
evaluation as a limitation. Our current analysis shows that



InfoNCE-based sentence representations consistently out-
perform static MSE-style regressors: MSE collapses to near-
zero loss yet yields almost no usable retrieval, whereas In-
foNCE improves monotonically with more epochs and sup-
ports robust word- and sentence-level alignment even on the
noisier 10k lexicon. At the same time, n-gram metrics often
under-credit valid synonym substitutions, orthographic vari-
ants, and paraphrases in this low-resource setting, whereas
BERTScore more faithfully tracks semantic adequacy.

Contributions. This work makes three contributions to-
ward meaning-preserving Bahnaric-Vietnamese translation
for an underserved language.

* On the modeling side, we propose a sentence-
aware alignment pipeline that combines a Vietnamese-
pretrained multilingual encoder, LoRA-based contrastive
fine-tuning with InfoNCE, and supervised Kabsch align-
ment over anchor lexicons, and we use it to perform
cosine-based sentence retrieval.

* On the data and analysis side, we leverage and character-
ize a new 10k community-sourced Bahnaric-Vietnamese
lexicon, showing how its one-to-many and many-to-one
mappings, expressive vocabulary, and noisy orthography
make alignment more realistic but also more challenging
than the earlier 1k seed lexicon, while still supporting ef-
fective supervision when paired with contrastive learn-
ing.

* On the evaluation side, we establish a three-stage proto-
col: sentence-level contrastive learning (with an ablation
over InfoNCE vs. MSE and over training epochs), bilin-
gual word retrieval (P@1, P@5, MRR on both 1k and
10k lexicons), and sentence-level translation via retrieval
(top-1 accuracy, BLEU, chrF, and BERTScore), supple-
mented with qualitative case studies and an ablation over
anchor lexicon size and quality. We also detail our train-
ing hyperparameters to support reproducibility.

2 Related Works

Lexical Mapping with Static Embeddings. Early cross-
lingual lexical mapping aligns monolingual word spaces
learned with Skip-gram or CBOW (Mikolov et al. 2013)
using linear maps and Procrustes-style objectives, some-
times with orthogonality constraints (Grossi, Lanzarotti, and
Lin 2017; Joulin et al. 2018; Grave, Joulin, and Berthet
2019; Patra et al. 2019). This classical formulation under-
lies much of Bilingual Lexicon Induction (BLI), where a
small seed dictionary is used to estimate a linear transfor-
mation that brings source and target embeddings into align-
ment (Artemova and Plank 2023). For low-resource lan-
guages, anchor-based training further improves robustness:
instead of training monolingual embeddings from scratch,
the target space is initialized with high-resource source
vectors serving as anchors, yielding better bilingual con-
sistency and stronger monolingual quality (Eder, Hangya,
and Fraser 2021). In Bahnaric-Vietnamese, prior work fol-
lows this static paradigm, using MSE-based alignment (La
et al. 2023), but such methods struggle with polysemy, bor-
rowings, and synonym-rich mappings where multiple Viet-

namese targets may be equally valid for a single Bahnaric
form.

Contextual Representations for Bilingual Lexicon Induc-
tion. Multilingual Transformers generate context-sensitive
token representations that better disambiguate senses and
capture fine-grained semantic correspondences (Aldarmaki
and Diab 2019). Massive multilingual models such as
mBERT and XLM-R naturally induce partially aligned
cross-lingual spaces through shared subword vocabularies
and joint training on 100+ languages (Zhong et al. 2024), en-
abling BLI without explicit mapping functions and support-
ing unsupervised bitext mining for closely related dialects
(Artemova and Plank 2023). Dictionary-driven approaches
further exploit bilingual lexicons to iteratively transfer sub-
word embeddings across languages, improving performance
for typologically distant low resource languages such as
Uyghur and Khmer (Sakajo et al. 2025). Building on this line
of work, recent studies compare alignment and joint training
strategies (Wang et al. 2020), while ProMap (El Mekki et al.
2023) leverages prompting for improved contextual map-
ping. Our work employs a compact Vietnamese-pretrained
encoder to obtain sentence-aware representations tailored to
Bahnaric-Vietnamese translation.

Contrastive Objectives & Regression Losses. Regres-
sion objectives (e.g., MSE) penalize absolute distance to
a single target, which can be brittle when multiple targets
are valid. In contrast, InfoNCE-style contrastive learning
optimizes relative similarity: positives are pulled together
while negatives are pushed apart (Oord, Li, and Vinyals
2018). This naturally accommodates one-to-many synonym
sets by not forcing collapse onto a single point and by re-
warding correct ranking among candidates (Liu et al. 2021).
We therefore replace MSE with InfoNCE for alignment of
contextual pairs and evaluate with retrieval metrics (P@K,
MRR) that reflect ranked acceptability.

Parameter-Efficient  Adaptation. Parameter-efficient
fine-tuning techniques such as LoRA inject low-rank
adapters into Transformer layers to adapt models with
limited compute and without full weight updates (Hu
et al. 2022). This is particularly pertinent for underserved
languages where compute and data are scarce. We adopt
LoRA to adapt a small multilingual encoder toward
Bahnaric-Vietnamese alignment while keeping training
efficient.

Low-Resource MT and Specialized LLMs. Broader
work on low-resource natural language processing has ex-
plored complementary strategies for mitigating data scarcity.
Machine translation (MT) is often used to synthesize mono-
lingual or parallel data for underserved languages (Wei
et al. 2022; Costa-Jussa et al. 2022; Artetxe et al. 2023;
Nguyen et al. 2025), though such automatically generated
text may fail to capture local linguistic nuances and can
introduce hallucinations. A parallel trend develops special-
ized instruction-tuned LLMs for regional languages-such as
SEA-LION for Southeast Asia (Ng et al. 2025), Atlas-Chat
for Moroccan Arabic (Shang et al. 2025), and FarsInstruct



for Persian (Mokhtarabadi et al. 2025)-which improve down-
stream usability but still require substantial curated corpora
and risk perpetuating biases from high-resource pretraining
(Lai et al. 2023; Tao et al. 2024). Our work addresses a com-
plementary dimension: fine-grained lexical and sentence-
level alignment for Bahnaric-Vietnamese, where reliable
community-sourced resources are particularly scarce.

Evaluation Under Synonymy and Borrowing. Standard
exact-match or n-gram metrics (accuracy, BLEU, ChrF) can
under-credit semantically adequate outputs when multiple
synonyms or borrowed forms exist (Callison-Burch, Os-
borne, and Koehn 2006). Recent metrics that compare mean-
ing in embedding space (e.g., BERTScore, COMET) offer
better correlation with adequacy (Jauregi Unanue, Parnell,
and Piccardi 2021), but require careful use under extreme
low-resource regimes. Our study reports retrieval metrics
(P@K, MRR) for alignment and standard translation metrics
for comparability, and motivates synonym- and meaning-
sensitive evaluation tailored to Bahnaric-Vietnamese where
one-to-many and many-to-one anchors and systematic bor-
rowing are common.

Regional and Community-Driven Resources. A core
challenge for low-resource and Austroasiatic languages is
the severe scarcity of digital resources (e.g., limited par-
allel corpora, sparse monolingual text, and the absence of
comprehensive dictionaries), which constrains cross-lingual
alignment and transfer learning efforts (Nguyen et al. 2025).
Recent work on Southeast Asian languages also highlights
issues of orthographic variation and community-sensitive
data practices that affect benchmarking and fairness (Vo
et al. 2024). The new 10,000-pair community-sourced
Bahnaric-Vietnamese lexicon directly addresses these gaps
by providing richer coverage and capturing one-to-one,
one-to-many, and many-to-one anchors, including borrowed
forms, enabling supervision and evaluation that more closely
reflect real usage.

3 Dataset and Linguistic Characteristics
3.1 Lexicon Overview
Our study leverages two Bahnaric-Vietnamese lexicons:

* an earlier 1,000-pair seed lexicon used in prior work (La
et al. 2023),

* a newly released 10,000-pair Bahnaric-Vietnamese lexi-
con, community-sourced from Bahnaric speakers in Viet-
nam’s Central Highlands.

Each entry consists of a Bahnaric word and one or more
Vietnamese equivalents, forming one-to-one, one-to-many,
or many-to-one anchor mappings. This expanded lexicon
enables both supervised alignment and more linguistically
realistic evaluation, where multiple translations may be
equally valid. Table 1 shows the comparison of the 1K and
10K Bahnaric-Vietnamese lexicons.

The 10K lexicon’s larger size and finer-grained senses re-
duce out-of-vocabulary issues and support more precise lex-
ical choices by adding ideophonic and descriptive items ab-
sent from the 1K lexicon. For instance, the 1K lexicon con-
tains mostly basic, literal terms such as 'mi “mua” (rain). In

contrast, the 10K lexicon includes far richer and more ex-
pressive forms, often ideophonic verbs that encode motion,
texture, or sound with high granularity. Examples include:
* ’brék 'brék - “tiéng cay sap riy kéu ring ric” (describing
the sharp cracking sound of trees about to break);

* ’blit ’blat - “anh sang 16n 16e 1én” (referring to a sudden,
intense flash of light);
s to mdn to 'doh - “bang phang ménh mong” (depicting a
vast, perfectly flat open space).
At the same time, the presence of long, paraphrastic Viet-
namese glosses and highly expressive or affective Bahnaric
forms introduces additional challenges. For example:
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s ’buah - “tiéc r&” (to feel deep regret);
* ’broh - “ham hai” (to harm or sabotage someone);
* ho kar dum - “da hong hao” (describing a rosy skin tone).

reflect fine-grained semantic distinctions for which multiple
Vietnamese interpretations may be equally valid. These nu-
ances complicate token-level alignment and sentence-level
lexical selection. Further difficulty arises from noisy orthog-
raphy and compound Bahnaric entries (e.g., "bloch ’blach,
’bo’blut) paired with long descriptive Vietnamese glosses,
which hinder subword segmentation and parameter sharing
and can destabilize alignment and reduce the robustness of
downstream MT models trained on this lexicon.

3.2 Linguistic Observations

Our new lexicon explicitly encodes synonym-rich corre-
spondences: one Bahnaric word may map to several near-
synonymous Vietnamese terms, as in mi (“rain”) — “mua,”
“mua rao,” or “mua phun,” while multiple Bahnaric forms
can also map to the same Vietnamese word due to dialectal
or morphological variation. This many-to-one and one-to-
many structure favors retrieval-based, ranking-aware eval-
uation (e.g., Precision@K, MRR) over strict exact-match
metrics. In addition, Bahnaric shows high lexical borrow-
ing from Vietnamese (e.g.,“So Nong nghiép pang Phat trién
nong thon” vs. “Sé Nong nghiép va Phat trién nong thon™),
and the two languages share similar syntax (SVO order, ad-
verb placement), as in “Adroi ndm me td t&” vs. “Truéc khi
di, me dan:”. These characteristics (synonymy, borrowing,
and shared syntax-further) support the use of sentence-aware
contextual encoders over static embeddings.

4 Methodology

We cast Bahnaric-Vietnamese mapping as supervised bilin-
gual alignment rather than full sentence generation. A mul-
tilingual encoder with a two-layer projection head pro-
duces contextualized token representations, which are mean-
pooled (optionally with IDF weighting) into sentence em-
beddings. On the Bahnaric side, these projected embeddings
are mapped into the Vietnamese space using a rigid Kab-
sch transform (Glavas and Vuli¢ 2020) learned from anchor
pairs (La et al. 2023). At evaluation time, we embed all Bah-
naric and Vietnamese sentences in the test set and perform
nearest-neighbor search in this shared space; for each Bah-
naric sentence, we select the most semantically similar Viet-
namese sentence using cosine similarity. Thus, our model



Table 1: Comparison of the 1K and 10K Bahnaric-Vietnamese lexicons.

Aspect 1K lexicon

10K lexicon

Size & coverage

Compact; core high-frequency nouns, verbs Much larger; adds many rare, descriptive and ex-

across many domains (nature, time, body, kin-  pressive items.

ship, everyday actions).
Sense granularity

Mostly “dictionary-like” senses; one Bahnaric Many fine-grained, nuanced senses and near-

form — one Vietnamese word or short phrase.  synonyms (e.g., different kinds of brightness, mo-

tion, texture).

Vietnamese (VN) translation VN side often single words or short noun VN side includes many longer phrase-like glosses

(gloss) length & structure

phrases (e.g. mua, trdng tron, thdang tw).

and paraphrases (e.g. dnh sdng lon lde lén, tiéng
cdy sdp rdy kéu rdng rdac, lam viéc qua loa).

Register, style & expressivity ~More neutral, referential vocabulary (physical Many expressive, colloquial and ideophonic forms

world, kinship, simple predicates).

Domain balance

Orthography & consistency

(sound-symbolic verbs, manner adverbs, affective
words).

Broad but relatively balanced semantic fields Skewed toward fine-grained descriptive and affec-
(environment, agriculture, body, daily life).

tive domains visible in the sample (motion, sound,
texture, evaluation).

More standardized VN forms; fewer highly id- More spelling variants, complex punctuation and
iosyncratic spellings or punctuation patterns.

multiword units (quotes, commas, internal spaces).

Table 2: Data sizes used in each experiment (numbers denote
Bahnaric-Vietnamese pairs).

Task Train Test
Sentence-level alignment (fine-tuning) 51,930 -
1K lexicon alignment 832 214
10K Iexicon alignment 8,285 2,073
Sentence-level retrieval evaluation - 2,001

yields a retrieved Vietnamese sentence from a fixed index-
not a generated translation-which makes the method suit-
able for tasks such as bilingual lexicon induction and seman-
tic alignment, but not for open-ended machine translation in
real-world settings.

4.1 Data and Task Setup

Table 2 summarizes all datasets used in our pipeline. We
first fine-tune the multilingual encoder on 51,930 Bahnaric-
Vietnamese sentence pairs to obtain sentence-aware repre-
sentations. For supervised anchor-word alignment, we eval-
uate two lexicon settings:

¢ 1K lexicon: 832 train pairs, 214 test pairs.
* 10K lexicon: 8,285 train pairs, 2,073 test pairs.

For sentence-level retrieval (our translation prediction
task), we evaluate on 2,001 held-out Bahnaric-Vietnamese
sentence pairs using cosine nearest-neighbor search in the
shared embedding space.

4.2 Training Setup and Hyperparameters

Unless otherwise noted, all experiments use the same en-
coder configuration and optimization setup summarized in
Table 3. Both the Bahnaric (source) and Vietnamese (target)
encoders are initialized from the same multilingual model
and equipped with a two-layer projection head. We optimize

a symmetric InfoNCE loss with in-batch negatives, train
only the projection heads and LoRA adapters while freez-
ing the remaining base encoder parameters, and keep the hy-
perparameters fixed across runs, varying only the number of
training epochs (10, 20, 50) for our reported results.

4.3 Baseline

As a baseline, we reproduce a static-word setting similar
to La et al. (2023). Bahnaric and Vietnamese Skip-gram
embeddings are trained independently, then aligned using a
three-layer feed-forward network optimized with MSE loss
over paired word vectors. This approach (i) ignores sentence-
level context and (ii) assumes a single target vector per Bah-
naric word, making it brittle under synonymy, polysemy, and
Vietnamese borrowings.

4.4 Proposed Pipeline

Our proposed pipeline consists of three components: (1)
contextual fine-tuning to obtain sentence-aware represen-
tations, (2) anchor-word alignment via the Kabsch algo-
rithm, and (3) cross-lingual sentence retrieval via cosine-
based matching (Figure 1).

Contextual fine-tuning. For fine-tuning on Bahnaric-
Vietnamese sentence data, our model replaces static word
embeddings with a compact multilingual Transformer en-
coder pretrained on Vietnamese (not Bahnaric) (Reimers
and Gurevych 2019). Bahnaric and Vietnamese sentences
are tokenized using a shared subword vocabulary and en-
coded with the same encoder. A two-layer projection net-
work then maps the hidden states from both languages into
a shared embedding space. We optimize the model using the
InfoNCE contrastive loss (Oord, Li, and Vinyals 2018; Liu
et al. 2021), which prevents different sentences from col-
lapsing into identical embeddings and encourages aligned
sentence pairs to be close in the shared space. Let f; denote
the Bahnaric sentence embedding and g; the corresponding
Vietnamese embedding. The InfoNCE objective is
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Figure 1: Overview of our methodology: (1) contextual fine-
tuning for sentence-aware representations, (2) anchor word
alignment via Kabsch, and (3) sentence translation via co-
sine retrieval.

exp(sim(f;, gi))
>, exp(sim(fi, g5))

which forces the global structure of the space by ensuring
that each f; is closer to its true counterpart g; than to all other

ey

Linfonce = — log

Table 3: Key hyperparameters for sentence-level contrastive

fine-tuning.

Hyperparameter Value

Source & Target en- paraphrase-

coders multilingual-MiniLM-
L12-v2

Projection head

2-layer MLP (GELU,
dropout 0.1)

Projection dimension 256

Batch size 64

Max sequence length 256

(src & tgt)

Loss type InfoNCE  (symmetric,
in-batch negatives)

Temperature 7 0.07

Optimizer AdamW

Learning rate 2x 1074

Epochs (reported runs) 10, 20, 50

Gradient clipping max grad norm = 1.0

Random seed 42

Base encoders frozen Yes (LoRA + projection
only)

LoRA rank r 8

LoRA « 16

LoRA dropout 0.05

LoRA target modules

query, key, value, dense

Table 4: Evaluation metrics used across training stages.

Stage

Metrics

Sentence fine-tuning
Word alignment
Sentence translation

Train loss, Test loss
P@1, P@5, MRR
Top-1 accuracy, BLEU, chrF,

BERTScore

negatives in the batch. To make the contrastive objective ef-
fective, we use a batch size of 64 to increase the number
of negative samples. During fine-tuning, we apply LoRA,
freezing all base model parameters and updating only the
LoRA adapter weights and projection heads. This reduces
training time while maintaining competitive performance.

Anchor Word Alignment. For anchor word alignment,
we extract contextualized embeddings for each word pair us-
ing the fine-tuned model, then apply the unsupervised Kab-
sch algorithm to estimate a rigid transformation (R, t) that
maps Bahnaric embeddings to Vietnamese. This follows the
same alignment strategy as La et al. (2023).

Inference & Evaluation. For inference and evaluation,
each test sentence is encoded and pooled into a sentence em-
bedding. Translation is then performed via cosine-similarity
retrieval over all candidate Vietnamese sentences, allowing
us to evaluate the entire pipeline end-to-end. Table 4 sum-
marizes evaluation metrics across the three stages.



Table 5: Training and test losses for different fine-tuning ob-
jectives and epoch settings.

Setting Train Loss (avg) Test Loss
10 epochs, MSE 0.000000 0.000000
10 epochs, InfoNCE 0.416097 1.157470
20 epochs, InfoNCE 0.203574 1.198847
50 epochs, InfoNCE 0.074888 1.055076

Table 6: Lexicon retrieval performance on the 1K Bahnaric-
Vietnamese lexicon across epochs.

Epochs P@1 P@5 MRR

10 epochs  0.092593 0.282407 0.166049
20 epochs  0.273148 0.546296 0.369676
50 epochs  0.527778 0.763889 0.624383

5 Experiments and Results

In this section, we evaluate our approach through three
groups of experiments:

* sentence-level contrastive fine-tuning,
* bilingual word alignment using Kabsch, and
* sentence-level translation via embedding retrieval.

These correspond to the three stages of our pipeline and al-
low us to measure how improvements at the sentence level
propagate to lexical alignment and full-sentence translation
quality.

5.1 Sentence-Level Fine-Tuning

Table 5 summarizes the optimization behaviour of our
sentence-level contrastive fine-tuning. We report average
training loss and test loss under multiple epoch settings (10,
20, and 50 epochs), comparing InfoNCE against an MSE ob-
jective used in prior work (La et al. 2023).

We observe that InfoNCE loss decreases steadily with
more training (from 0.42 at 10 epochs to 0.07 at 50 epochs),
indicating better separation of positive and negative pairs.
Test loss also improves at 50 epochs (approximately 1.06),
showing more stable generalization. In contrast, the MSE
objective collapses to near-zero loss on both train and test
sets, offering no discriminative structure for retrieval, high-
lighting the importance of InfoNCE for effective sentence-
level alignment.

5.2 Word Alignment Performance

We evaluate the effect of fine-tuning epoch count on bilin-
gual lexicon induction using Precision@1, Precision@5,
and MRR. Table 6 reports results for the old ~1K lexicon,
while Table 7 presents results using the expanded 10K lexi-
con.

For 1K lexicon (Table 6), performance improves sharply
with more training: P@]1 increases from 0.09 to 0.53, P@5
from 0.28 to 0.76, and MRR from 0.17 to 0.62 when moving
from 10 to 50 epochs, showing strong gains from contextual
contrastive learning on the smaller, cleaner lexicon.

Table 7: Lexicon retrieval performance on the new 10K
Bahnaric-Vietnamese lexicon across epochs.

Epochs P@1 P@5s MRR

10 epochs  0.011100 0.042954 0.021678
20 epochs  0.027510 0.074807 0.044442
50 epochs 0.083012 0.152510 0.108631

Table 8: Sentence-level translation performance using the
1K lexicon.

Epochs Top-1 Acc  BLEU chrF BERTScore

10 epochs 0.2049 17.88  31.70 0.7385
20 epochs 0.2824 23.07 38.20 0.7666
50 epochs 0.3783 34.69 46.28 0.7995

For 10K lexicon (Table 7), improvements are smaller but
consistent: P@1 rises from 0.01 to 0.08, P@5 from 0.04 to
0.15, and MRR from 0.02 to 0.11 across 10 to 50 epochs.
The more modest gains reflect the 10K lexicon’s higher lex-
ical variability, noisy orthography, and many fine-grained or
polysemous entries.

5.3 Sentence Translation Evaluation

We evaluate end-to-end sentence-level translation using
cosine-similarity retrieval over the Vietnamese sentence in-
dex. Performance is measured with Top-1 accuracy, BLEU,
chrF, and the recently added BERTScore F1, which pro-
vides a meaning-aware evaluation signal better suited for
synonym-rich, low-resource settings. All experiments use
identical model configurations unless noted: a MiniLM en-
coder with LoRA adapters, projection dimension 256, In-
foNCE loss, temperature 0.07, batch size 64, and maximum
sequence length 256 tokens. Table 8 reports results using
the ~1K lexicon for anchor alignment, while Table 9 uses
the ~10K community lexicon.

Across both lexicons, all metrics improve steadily with
additional contrastive training. BERTScore mirrors this
trend, rising from 0.74 to 0.80, indicating stronger seman-
tic alignment even when n-gram overlap remains low. The
~10K lexicon provides slightly better early-epoch perfor-
mance, likely due to richer vocabulary coverage, but both
settings converge to comparable results at 50 epochs.

5.4 Ablation Studies

We conduct ablations to isolate the contributions of (i) the
contrastive objective, (ii) the amount of sentence-level fine-
tuning, and (iii) the size and quality of the anchor lexicon.
Unless otherwise noted, all experiments use the configura-
tion in Section 4.2: MiniLM encoder, LoRA adapters, 256-d
projection head, symmetric InfoNCE loss, batch size 64, and
maximum sequence length 256.

InfoNCE vs. MSE. Prior Bahnaric-Vietnamese alignment
relied on regression-style MSE losses (La et al. 2023). To
assess the necessity of a contrastive objective, we directly



Table 9: Sentence-level translation performance using the
10K lexicon.

Epochs Top-1 Acc BLEU chrF BERTScore

10 epochs 0.2129 21.14  33.68 0.7450
20 epochs 0.2919 27.87 39.19 0.7729
50 epochs 0.3623 3456  45.56 0.7962

Table 10: Ablation on the training objective (10 epochs). In-
foNCE produces dramatically stronger retrieval than MSE
under identical settings.

MSE InfoNCE MSE InfoNCE

Metric 1K 1K 10K 10K

P@l1 0.0014  0.0926  0.0010  0.0111
P@5 0.0019  0.2824  0.0034  0.0430
MRR 0.0016  0.1660  0.0020  0.0217
Top-1 Acc 0.0010  0.2049  0.0005  0.2129
BLEU 0.00 17.88 0.39 21.14
chrF 2.58 31.70 11.04 33.68

BERTScore 0.6085  0.7385  0.6053  0.7450

replace InfoNCE with MSE while keeping all other compo-
nents identical. Table 5 shows that MSE quickly converges
to near-zero loss but produces severely degraded retrieval.
On the 1K lexicon, MSE yields P@1 ~ 0.0014 and Top-
1 accuracy ~ 0.001, compared to 0.0926 and 0.2049 un-
der InfoNCE. On the 10K lexicon, the gap is similar: MSE
achieves negligible retrieval (P@1 ~ 0.0010; Top-1 accu-
racy =~ 0.0005), while InfoNCE attains P@1 = 0.0111 and
Top-1 accuracy = 0.2129. BLEU and chrF under MSE col-
lapse close to zero.

In contrast, InfoNCE maintains separation between pos-
itives and negatives, yielding substantial gains in P@K,
MRR, Top-1 accuracy, BLEU, chrF, and BERTScore. These
trends confirm that the contrastive objective (not the encoder
alone) is essential for effective cross-lingual alignment.

Effect of Fine-Tuning Epochs. Tables 6-9 show that in-
creasing the number of contrastive training epochs consis-
tently improves both word- and sentence-level retrieval. On
the 1K lexicon, P@1 rises from 0.09 (10 epochs) to 0.53 (50
epochs), and MRR from 0.17 to 0.62. Sentence-level Top-1
accuracy similarly increases from 0.20 to 0.38, with BLEU
improving from 17.9 to 34.7 and BERTScore F1 from 0.74
to 0.80.

Although the 10K lexicon is noisier, the same monotonic
pattern appears: P@1 increases from 0.011 to 0.083, Top-
1 accuracy from 0.213 to 0.362, and BERTScore F1 from
0.745 to 0.796. No overfitting is observed within 50 epochs,
suggesting that longer contrastive training robustly sharpens
cross-lingual semantic structure.

Anchor Lexicon Size: 1K vs. 10K. We next compare
alignment using the earlier 1K lexicon against the new 10K
community lexicon. At the word level, the 1K lexicon yields
substantially higher P@K and MRR because it is cleaner and

dominated by one-to-one dictionary-style mappings. The
10K lexicon includes many expressive forms, paraphrastic
glosses, and one-to-many or many-to-one relations, which
reduce exact-match retrieval scores.

However, at the sentence level, the 10K lexicon provides
clear early-epoch benefits. At 10 epochs, models aligned us-
ing the 10K lexicon achieve higher Top-1 accuracy (0.2129
vs. 0.2049), BLEU (21.14 vs. 17.88), and chrF (33.68 vs.
31.70). This indicates that broader anchor coverage yields
a better global mapping for sentence representations. By 50
epochs, both lexicon settings converge to similar translation
performance (Top-1 accuracy = 0.36-0.38, BLEU ~ 34-35,
chrF ~ 45-46, BERTScore F1 ~ 0.80). These results sup-
port our claim that the expanded 10K lexicon offers a more
realistic and challenging alignment scenario while still en-
abling strong sentence-level retrieval when combined with
contrastive learning.

5.5 When n-gram Metrics Under-Credit
Semantically Adequate Outputs

BLEU and chrF depend on exact n-gram matches, so they
often penalize correct predictions under synonymy, ortho-
graphic variation, or paraphrasing, which are patterns com-
mon in Bahnaric-Vietnamese. BERTScore, which measures
contextual semantic similarity (Zhang et al. 2020), is far
more robust to such surface differences, though it can still
vary with reference choice and domain (Hanna and Bojar
2021).

A clear example is synonym substitution: retrieving “mua
rao” when the reference is “mua.” BLEU drops due to token
mismatch, while BERTScore assigns high similarity, pro-
ducing the smoother improvements seen in Tables 8-9.

BLEU is also sensitive when the model predicts a stan-
dardized Vietnamese form but the reference uses non-
standard spelling, reordered constituents, or morphological
variants (e.g., “diéu chinh” vs. “chinh stia”). BERTScore re-
mains stable because it evaluates meaning, not surface form.

Paraphrastic glosses further highlight BLEU’s limitations.
Descriptive entries like

o ’brék 'brék - “tiéng cay sap riy kéu ring ric” or
* ’blit ’blat - “anh sang 16n 16e 1é€n”

share little lexical overlap with retrieved sentences even
when the meaning aligns. BLEU/chrF therefore drop, while
BERTScore stays high (e.g., BERTScore F1 ~ 0.80 at 50
epochs).

Finally, because our system performs sentence retrieval,
not generation, it often returns valid paraphrases or more
formal Vietnamese sentences. BLEU penalizes these forms,
whereas BERTScore more accurately reflects their semantic
adequacy.

5.6 Qualitative Sentence Translation Examples

Table 11 presents representative predictions after 50 epochs
of contrastive training (InfoNCE, LoRA, MiniLM encoder,
10K lexicon). These examples illustrate where the retrieval-
based system succeeds (ID 2, 4) and where it fails (ID 1, 3,
5).



Table 11: Example Bahnaric sentences and predicted Vietnamese translations from the proposed model after 50 training epochs.

ID Bahnaric input

Predicted Vietnamese

1 S6 nong nghiép pdng to iung po lei dei xd nong  Xét tang danh hiéu “Nghé nhan nhén dan”, “Nghé nhan uu td”
tdng hdp, po tang uy ban nhan dan tinh, B6 ndong  trong linh vuc di san vin hoa phi vat thé lan tht Ba - Nam 2021
nghiép pang td iung pd lei adroi nar 25 rim khei tinh Binh Pinh (sau déy goi tat 1a Hoi dong cap tinh).

(phara khei 12 po truh po tang adroi ndr 10) Ping
po tang dot xuat ah dei ho ‘nha.

2 Bok nguyén hoang sam - chi tich khul doanh nhan ~ Ong Nguyén Hoang Sam - Chi tich Hoi Doanh nhan tré tinh.

ho muh tinh .

3 wei ning rim nir; rim nir a thai ling lang ning xu  Dong thoi, huyén ciing md cac 16p day nghé ngén han, & chiic tap
to drong hoat dong dih ka vi dei to drong xu Iy ko huén nang cao kién thiic trong trot, chiin nuoi, huéng dan ngudi
td ah tinh hubng krup oei lech. Niing xu mi to pi  dan 4p dung cic tién bd khoa hoc k¥ thuét vao sin xuit, tiing
dong to drong xa truh truh to drong ho blih m6i  budc x6a ddi, thoat ngheo hiéu qua.

truong(ma loi, PH ho duh mé).

4 Hap tok ko jung truh doém linh to plenh, &m ko NG vuon cao t6i tan cac dao binh trén troi, lam cho mot phﬁn dao
minh pah linh noh padng minh pah dom xd nglong binh d6 va mot phan céc tinh ti phai nhao xuong dat, roi né dap

a thai vér truh teh, noh hap joa jang tok.

chan 1én.

5 Hap ho xoang khil pém minh ré wuh dek.

Di bén chang c6 khé khiin miy em sé& quyét vuot qua, sg gi chi.

These examples highlight three characteristics of our sys-
tem: (i) sentence-aware representations enable recovery of
fluent Vietnamese despite noisy Bahnaric orthography, (ii)
retrieval naturally handles borrowed and near-synonymous
Vietnamese forms without requiring generation, and (iii) the
model remains robust across domains with long, complex
sentences typical of real Bahnaric usage.

Evaluation limitations. Our evaluation relies on auto-
matic metrics (P@K, MRR, BLEU, chrF, and BERTScore)
and qualitative analysis. We do not conduct a formal human
evaluation of adequacy or fluency, which is an important
limitation given the synonym-rich and orthographically vari-
able nature of Bahnaric-Vietnamese. Automatic metrics may
under- or over-estimate perceived translation quality, partic-
ularly for low-frequency or highly expressive lexical items.
Addressing this limitation through controlled human evalua-
tion with native speakers remains an important direction for
future work.

6 Conclusion and Future Work

We presented a sentence-aware Bahnaric-Vietnamese align-
ment pipeline combining a Vietnamese-pretrained multilin-
gual encoder, InfoNCE contrastive learning, LoRA-based
adaptation, and supervised Kabsch alignment. The model
consistently outperforms a static-embedding MSE baseline:
on the 1K lexicon it reaches P@1 =~ 0.53, MRR =~ 0.62,
and up to 0.38 top-1 accuracy, 34.7 BLEU, 46.3 chrF, and
0.80 BERTScore F1. Despite greater orthographic noise,
paraphrastic glosses, and one-to-many mappings, the 10K
lexicon yields comparable sentence-level performance and
stable gains with more training. Methodologically, contex-
tual representations and contrastive training prove robust un-
der synonymy and borrowing, while LoRA enables efficient
adaptation with limited compute. Retrieval further accom-

modates multiple valid Vietnamese candidates without re-
quiring a generative decoder. BERTScore complements n-
gram metrics by better reflecting semantic adequacy, espe-
cially in cases where BLEU and chrF under-credit valid syn-
onym or paraphrase matches.

Several challenges remain: the 10K lexicon introduces
noise that depresses P@K and BLEU; fine-grained and low-
frequency senses limit anchor reliability; and retrieval-based
translation cannot produce unseen or compositional out-
puts, making performance dependent on the coverage and
quality of the Vietnamese index. Future work includes: en-
hanced retrieval via paraphrase-augmented indexes or cross-
encoder reranking; lexicon refinement, including normaliza-
tion, sense disambiguation, and clustering; richer evalua-
tion methodologies, including the design of human assess-
ment protocols for adequacy and fluency with Bahnaric-
Vietnamese speakers when such evaluation becomes feasi-
ble; progress toward generation through retrieval-augmented
or lightweight generative models; and expanded community
data across dialects, domains, and contextual uses.

Overall, sentence-aware contrastive alignment offers
a practical step toward meaning-preserving Bahnaric-
Vietnamese translation according to automatic evaluation
metrics, while highlighting the linguistic complexity and
resource constraints that motivate further modeling and
community-driven data development.
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