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Abstract: In this paper, we present a comprehensive overview of the VLSP 2025 Medical Machine
Translation Shared Task, which focuses on English-Vietnamese translation in the medical domain
using small language models (SLMs). The shared task provides a large-scale, high quality parallel
corpus and encourages participants to develop efficient, domain-adapted translation systems under
resource constraints. We summarize the dataset construction, evaluation protocols, and model con-
straints, and review the diverse strategies adopted by participating teams-including parameter effi-
cient fine-tuning, bidirectional training, retrieval augmented generation, and reinforcement learning
with reward optimization. Our analysis highlights the strengths and limitations of SLM-based ap-
proaches for medical translation, discusses key findings from the competition, and outlines future
research directions for building scalable, accurate, and practical machine translation systems in spe-
cialized domains.

1. Introduction

Machine Translation (MT) plays a vital role
in overcoming language barriers and facilitating
the global exchange of information [1]. Its
importance is particularly evident in the medical
domain, where accurate and timely access
to information can directly influence clinical
decision-making, medical research, and patient
safety. The ability to rapidly translate medical
documents, clinical reports, and scientific
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literature enables healthcare professionals to
stay informed of the latest developments and
improves the accessibility of medical knowledge
across linguistic communities. However, medical
translation remains one of the most challenging
tasks for MT systems [2], especially for English-
Vietnamese language pairs [3], due to strict
accuracy requirements, complex domain-specific
terminology [4], and the limited availability of
high-quality parallel medical data [5].

Recent advances in large language models
(LLMs) [6] have significantly improved general-
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domain translation performance, yet their
deployment in specialized and resource-
constrained settings remains challenging. In
response, small language models (SLMs) have
emerged as a promising alternative [7], offering
reduced computational costs, lower memory
footprints, and faster inference while still
achieving strong performance when effectively
adapted to a target domain [8, 9]. These
advantages make SLMs particularly attractive for
medical translation scenarios, where efficiency,
privacy preservation, and on-premise deployment
are often required.

To foster research in this area, the Medical
Translation Task organized under the Vietnam
Language and Speech Processing (VLSP)
evaluation campaign [10, 11] provides a
standardized benchmark for English-Vietnamese
medical MT. The task releases a large-scale,
carefully curated medical parallel corpus
collected from reliable sources such as hospitals
and medical centers, resulting in approximately
500,000 high-quality sentence pairs [12].
Moreover, the task explicitly encourages the use
of pretrained small language models, enabling
a systematic investigation of their capabilities
and limitations in domain-specific machine
translation.

This article presents a comprehensive review
of systems developed for the VLSP Medical
Translation Task, with particular emphasis
on SLM-based approaches. We analyze
dataset characteristics, modeling strategies, and
evaluation protocols, and discuss key findings
and challenges observed across participating
systems, especially those related to model size,
domain adaptation [13], and translation quality.
Through this review, we aim to highlight current
progress and outline future research directions
for efficient, scalable, and reliable English-
Vietnamese medical machine translation using
small language models.

2. Related Work

2.1. Medical Machine Translation

Medical machine translation (MT) is
a specialized subfield of neural machine
translation (NMT) that demands exceptional
accuracy, terminology consistency, and semantic
faithfulness due to the high stakes involved
in clinical and research contexts [14, 15].
Mistranslations in medical documents can lead
to significant risks, including misdiagnosis,
inappropriate treatment, and compromised
patient safety [16].

The challenges in medical MT are
multifaceted. Domain-specific terminology and
abbreviations are prevalent, often lacking direct
equivalents in the target language [14]. Medical
texts also feature long and complex sentence
structures, further complicating translation.
Moreover, the scarcity and imbalance of high-
quality, domain-specific parallel data present
additional hurdles compared to general-domain
MT [15].

For English-Vietnamese medical MT, the
situation is particularly acute. There are limited
publicly available, high-quality parallel corpora,
which constrains the development and evaluation
of robust systems. Previous efforts, such as the
MedEV dataset and initiatives under the VLSP
framework, have begun to address these gaps, but
resources remain limited [17, 18].

Shared-task evaluations play a crucial role
in advancing the field by providing standardized
datasets and evaluation protocols. They foster
reproducibility and fair comparison, which are
especially important in low-resource and domain-
specific MT settings [19, 20]. This context
motivates the necessity of the VLSP Medical MT
Shared Task, as described in Section 3.

2.2. Small Language Models for Machine
Translation

Transformer-based architectures have
become the foundation of modern MT [21].
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However, recent focus has shifted toward small
language models (SLMs), which are defined by
their parameter scale relative to large language
models (LLMs) and are typically deployed in
resource-constrained environments [22, 23].

SLMs offer several advantages in medical
MT, including lower inference costs, faster
decoding, and the feasibility of on-premise
deployment, which is critical for privacy
preservation in healthcare settings [22, 24].
These benefits make SLMs attractive for real-
world medical applications, where computational
resources and data privacy are significant
concerns.

Nevertheless, SLMs entail trade-offs, such
as reduced model capacity and the need for
effective domain adaptation strategies to maintain
translation quality [24]. The VLSP Medical
MT Shared Task explicitly encourages the
use of SLMs and evaluates systems under
limited-resource inference settings, aligning with
practical deployment scenarios and motivating
research into efficient, high-quality MT solutions.

2.3. Parameter-Efficient Fine-Tuning Methods
Parameter-efficient fine-tuning (PEFT)

methods have gained prominence for adapting
large pre-trained models to specific domains
without incurring prohibitive computational
costs. Among these, Low-Rank Adaptation
(LoRA) has emerged as a widely adopted
approach [25].

W = W0 + ∆W, ∆W = AB

where W0 ∈ Rd×k is the pre-trained weight
matrix, and A ∈ Rd×r, B ∈ Rr×k are trainable
matrices with r ≪ min(d, k).

LoRA introduces low-rank updates to the
attention and feed-forward layers of transformer
models, enabling memory-efficient and faster
training while preserving the benefits of pre-
trained representations. This modularity allows
for rapid experimentation and deployment across
diverse tasks, making LoRA particularly suitable

for the constraints of the VLSP Medical MT
Shared Task.

2.4. Reinforcement Learning and Optimization
for MT

Reinforcement learning (RL) has been
increasingly explored in MT to directly optimize
non-differentiable evaluation metrics such as
BLEU [26, 27]. Unlike traditional maximum
likelihood training, policy optimization
approaches in MT enable models to align
more closely with task-specific objectives.

Group Relative Policy Optimization (GRPO)
is a recent advancement in this area, offering
a high-level framework for stabilizing training
and improving generation quality by leveraging
flexible reward functions [28].

For GRPO, the objective generalizes standard
policy optimization by allowing a flexible,
possibly non-linear reward transformation G

JGRPO(θ) = Ey ∼ pθ(·|x)
[
G(R(y))

]
where :

• G is a general reward shaping or
transformation function.

• R(y) is the base reward (e.g., BLEU or other
metric).

In the context of the VLSP Medical MT
Shared Task, several participating teams have
adopted GRPO to better align system outputs
with both human and automatic evaluation
metrics. However, practical considerations
remain, including increased training complexity
and sensitivity to reward design, which can
impact the effectiveness and generalizability of
RL-based approaches.

Based on the above discussion, we next
describe the VLSP Medical Machine Translation
Shared Task, including its dataset construction,
evaluation protocol, and model constraints.
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3. Task Definition and Constraint

The task focuses on developing a bilingual
English-Vietnamese translation model in the
medical domain that satisfies both limited-
resource inference and high-quality translation.

Formally, given a source sentence

x = (x1, x2, . . . , xTx) ∈ V
Tx
src,

where Vsrc is the source vocabulary and Tx is
the sentence length, the model aims to generate
a target sentence

y = (y1, y2, . . . , yTy) ∈ V
Ty
tgt,

such that y is a faithful and fluent translation of x.
The translation model is parameterized by θ

and defines a conditional probability distribution:

Pθ(y | x) =
Ty∏
t=1

Pθ(yt | y<t, x).

At inference time, the model outputs

ŷ = arg max
y

Pθ(y | x),

where ŷ is the predicted translation of x.
Consistent with the discussion in Section 2,

which highlights the practicality of small
language models (SLMs) for domain-specific
translation, this task emphasizes solutions that
balance compactness and inference efficiency
with translation fidelity. Participants are
encouraged to pursue SLM-centered strategies,
such as compact transformer variants and
parameter-efficient fine-tuning, that support
on-premise, low-latency deployment while
preserving clinical terminology and semantic
accuracy.

3.1. Building Corpus

The primary parallel training data are derived
from the MedEV corpus [17], which contains
approximately 360,000 English-Vietnamese

sentence pairs collected from clinical institutions
and professionally curated medical sources.
Starting from this corpus, we performed an
adaptation step using ICD-10 as a reference
standard to enhance coverage of clinical
terminology.

In particular, we incorporated an ICD-10
augmented version of MedEV 1 and integrated it
with the original dataset. The combined data were
then processed through a unified pre-processing
pipeline, including length-based filtering, strict
de-duplication, and text normalization. Sentence
pairs containing fewer than five tokens on either
the source or target side were removed.

After preprocessing, the final corpus consists
of approximately 500,000 sentence pairs for
training, along with a validation set of 3,000
examples and test sets of 1,000 examples per
translation direction.

Table 1. Token counts for English-Vietnamese
datasets. Train and Public Test sets are parallel, while

Private Test is non-parallel

Dataset En Tokens Vi Tokens
Parallel Data

Train 16,706,107 21,781,846
Public Test 101,803 132,320

Non-parallel Data
Private Test 33,524 19,793

3.2. Evaluation Strategy
Automatic evaluation uses SacreBLEU

following [29]. Teams may use the validation
set for tuning and hyperparameter selection.
Final submissions are additionally evaluated
by practicing physicians with expertise in the
medical domain, who assess each translation
for clinical adequacy, correctness, and fluency,
and assign a quality score according to the
scale shown below. Each translation also

1https://huggingface.co/datasets/phuong123/adaption_
med_ev

https://huggingface.co/datasets/phuong123/adaption_med_ev
https://huggingface.co/datasets/phuong123/adaption_med_ev
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receives a SacreBLEU score, which quantifies
a brevity-penalized geometric mean of n-gram
precisions:

Table 2. Human evaluation score scale for translations

Score Range Interpretation
90-100 Perfect
75-89 Good
56-74 Comprehensible
31-55 Partially understandable
0-30 Unable to understand

SacreBLEU is computed as a brevity-penalized
geometric mean of n-gram precisions. The
formula is given by:

BLEU = BP · exp

 N∑
n=1

wn log pn

 ,
where pn is the modified n-gram precision,

wn are uniform weights (wn =
1
N ), and BP is the

brevity penalty:

BP =

1 if c > r,
exp
(
1 − r

c

)
if c ≤ r,

with c the candidate length and r the reference
length.

3.3. Model Constraint

The competition encourages teams to
use small language models (SLMs) from the
Qwen family [30] for the task. Teams are
permitted to experiment with a variety of training
and decoding strategies to improve model
performance.

4. Approach Descriptions and Performance

The competition was hosted on
Codabench [31], an online platform for
organizing AI benchmarks and challenges.
We did not limit the submission for evaluation

to create more chances for participants. The
leader board is public during the competition,
allowing teams to refine their methods based
on the results obtained on the public test set.
The private test set is provided to participants
seven days before the submission deadline along
with final submission guideline. After teams
submitted the source code and a brief system
description, the organizers would verify that the
submissions are reproducible. If the submissions
on the platform is valid, they would be move to
the final judgment phase involving doctors.

4.1. Baseline Model

To establish a common point of reference
for the shared task, we evaluate Qwen3-
0.6B [30] in a zero-shot setting prior to any
domain-specific fine-tuning. The choice of a
compact model is intentional, reflecting the task’s
emphasis on achieving strong medical translation
performance under parameter-efficient and
resource-constrained conditions.

In this baseline configuration, the model
relies solely on its intrinsic multilingual
capabilities without exposure to any task-
specific training data. As such, this evaluation is
not intended to represent a competitive domain-
adapted system, but rather to provide a clear
lower-bound reference that captures the model’s
inherent translation ability.

The resulting SacreBLEU scores on both
public and private test sets are released to
all participating teams through the evaluation
platform, ensuring a consistent starting point
for comparison across different fine-tuning and
adaptation strategies.

Table 3. Translation performance (SacreBLEU
scores) of the zero-shot baseline on public and private

test sets

Direction Public Test Private Test
EN→ VI 18.74 23.00
VI→ EN 18.30 16.00
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Building on this baseline, we next summarize
the approaches of the four teams that submitted
system papers. The analysis focuses on
how different fine-tuning strategies, inference-
time controls, and external resources enable
substantial gains over the zero-shot reference
while adhering to the task’s efficiency-oriented
design goals.

4.2. Bosch@AI

The Bosch@AI team proposed and
implemented a bidirectional training strategy
to fine tune small language models [32] for the
bilingual machine translation task. The core
idea of this approach is inspired by how humans
naturally learn foreign languages: instead of
being exposed to only one translation direction,
learners frequently practice translating both from
the source language to the target language and
vice versa (e.g., from English to Vietnamese and
from Vietnamese to English). This bidirectional
approach reinforces bilingual associations,
enhances the semantic mapping between the two
languages, and improves the consistency of the
model’s language representations.

Within the scope of this study, the team
employed two parallel model adaptation
strategies: (i) full parameter fine tuning and
(ii) Low-Rank Adaptation [33] (LoRA), to
adapt the Qwen-3 1.7B model for the English-
Vietnamese and Vietnamese-English bilingual
machine translation tasks. In the supervised fine-
tuning setup, the training process is formalized
by minimizing the negative log-likelihood loss,
where the model learns to predict each target
token based on the entire source context and the
previously generated tokens:

LSFT(θ) = −
Ty∑
t=1

log Pθ(yt | y<t, x)

In parallel, LoRA is employed as a cost efficient
adaptation mechanism, where the original model
weights are frozen, and learning occurs solely

through the insertion of additional low-rank
matrices. Specifically, each original weight
matrix W0 is updated as the sum of itself and a
low-rank corrective component:

W = W0 + BA, rank(A), rank(B) ≪ d

This approach allows the model to acquire
new knowledge with a very small number
of additional trainable parameters, thereby
significantly reducing computational and
memory costs compared to full parameter
fine-tuning.

The training data was constructed from
parallel English-Vietnamese (en-vi) and
Vietnamese-English (vi-en) corpora, ensuring
symmetry in the bidirectional training process.
In addition, the team conducted benchmarking
against strong models such as GPT-4o and
GPT-4.1 on the validation set, providing a
clear reference point for the performance of the
proposed model. Experimental results show that
the best performing model was trained using
full parameter fine tuning, achieving substantial
improvements in both translation directions and
outperforming GPT-4.1, reaching 7.13 BLEU
for English-Vietnamese and 8.21 BLEU for
Vietnamese-English.

From a methodological perspective, LoRA
proves particularly effective for general purpose
tasks, where the main objective is to adapt
the model to a new task while retaining most
of its pre-learned reasoning and background
knowledge. By updating only a very small
subset of parameters, LoRA reduces training
costs, mitigates catastrophic forgetting, and is
especially suitable for multi-domain settings or
data that is not highly specialized.

However, in the biomedical domain
characterized by complex domain specific
terminology, specialized linguistic structures,
and strict semantic accuracy requirements full
parameter fine tuning often yields superior
performance. This is because domain specific
data enables the model to adjust the entire
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Figure 1. Bidirectional training steps..

parameter space, thereby learning semantic
representations and translation patterns that
are closely aligned with medical knowledge
something that low-rank updates via LoRA
struggle to achieve. In such contexts, accepting
a trade off in generality in exchange for higher
domain specific fidelity is a reasonable and
effective choice.

Finally, the experimental results also indicate
that combining full parameter fine tuning with
effective prompt design can further enhance
translation quality. This approach allows the
model to fully leverage the internalized domain
knowledge acquired during training, while better
utilizing residual reasoning capabilities through
well structured prompts. As a result, the
model achieves superior performance compared
to approaches relying solely on LoRA for
biomedical machine translation.

4.3. BenignRhythms

BenignRhythms employs supervised fine
tuning (SFT) combined with QLoRA to fine-tune
the Qwen3-1.7B [30] model for both English-
Vietnamese and Vietnamese-English translation
directions. The team’s innovation lies in
integrating the fine tuned model with a Retrieval
Augmented Generation (RAG) approach during
inference. As a result, the model not only relies
on its intrinsic knowledge but can also leverage
external information particularly from a bilingual
glossary to enhance the accuracy and consistency
of translations, especially for domain specific
terminology.

The process of retrieving glossary terms is
carried out through a comprehensive pipeline.
Each input sentence is first encoded using a
sentence embedding model, after which the
similarity between the sentence embedding and
the embeddings of terms in the glossary is
calculated. Terms with the highest similarity
scores (top-k) that exceed a predefined threshold
are selected to form a sentence-specific focused
glossary. These terms are then inserted into the
translation prompt, guiding the model to produce
contextually accurate translations. For retrieval,
MiniLM-L6-v2 [34] is used for English, while a
Vietnamese SBERT [35] model handles retrieval
for Vietnamese. Only documents or terms with
cosine similarity above the predefined threshold
are included, ensuring that the information
provided to the model is of high quality and
highly relevant.

Algorithm 1 Glossary Term Retrieval
1: procedure RETRIEVEGLOSSARY(x,D, k, τ)
2: u← f (x) ▷ f : SBERT encoder
3: for i← 1 to |D| do
4: si ← cos

(
u, e(ti)

)
▷ e(ti): embedding of

glossary term ti
5: end for
6: T ← TopK({si}

|D|
i=1, k) ▷ indices of top-k scores

7: T (x)← {ti | i ∈ T ∧ si ≥ τ}
8: G(x)← {(ti,D(ti)) | ti ∈ T (x)}
9: return G(x)

10: end procedure

This approach offers several notable
advantages. The innovative application of
glossary driven prompting enhances translation
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accuracy, particularly for domain specific
terminology. The comprehensive data
processing pipeline, ranging from sentence
encoding to relevant term filtering, ensures
stable system performance and scalability.
Additionally, combining SFT with LoRA enables
effective model fine tuning without updating all
parameters, significantly reducing computational
resource requirements.

However, the method also has certain
limitations. The model primarily relies on
SFT with LoRA applied to a moderately sized
model, which may restrict its capacity to
capture complex linguistic features. SBERT-
based retrieval does not guarantee consistently
high-quality results, and some critical terms may
be overlooked. Furthermore, the absence of
data augmentation techniques limits the model’s
generalization ability. Overall, the approach
achieves a reasonable balance between translation
quality and computational efficiency, yet it
remains dependent on the quality of the glossary
data and the SBERT model used for retrieval.

4.4. Team ZERO

Team ZERO developed a comprehensive
system centered on a novel two stage fine tuning
pipeline, aiming to maximize the performance of
a constrained size language model while adapting
it to a specialized bilingual translation task. Their
approach demonstrates that with careful data
curation, targeted supervised fine tuning, and
reinforcement learning, it is possible to achieve
significant improvements even on moderately
sized models. This provides a practical
blueprint for low resource adaptation and
domain specific translation tasks, highlighting
the effectiveness of staged training in extracting
maximal performance from pre-trained language
models.

Data Curation and Partitioning: The
preprocessing phase was a critical component of
the pipeline. The team applied a deduplication
process based on MinHash [36] and Locality-

Sensitive Hashing (LSH) [37] to identify and
remove near-duplicate sentence pairs from the
original 500,000-pair corpus. MinHash allows
efficient estimation of Jaccard similarity between
sets, which, when combined with LSH, enables
the detection of highly similar or duplicate
pairs without performing costly exhaustive
comparisons. This step was particularly
important in avoiding overfitting, improving
data diversity, and reducing noise introduced
by repeated examples. After this filtering, the
corpus was reduced by 30.8%, yielding 346,000
high-quality, unique sentence pairs.

The curated data was then strategically
partitioned:

• 331,000 pairs for the initial Supervised
Fine-Tuning (SFT) stage

• 15,000 pairs for the subsequent
reinforcement learning stage

• 3,000 pairs for model evaluation

This partitioning strategy reflects a deliberate
trade-off: the large SFT subset ensures the
model learns robust general translation mappings,
while the smaller GRPO subset enables targeted
reward optimization for higher translation quality.
The evaluation subset ensures the reported
metrics reflect genuine generalization rather than
overfitting to training data.

Two-Stage Training Methodology: At the
heart of Team ZERO’s pipeline is a sequential
training methodology built upon the Qwen2.5-
3B-Instruct base model.

The first stage follows a supervised fine-
tuning approach on bidirectional translation pairs
(English ↔ Vietnamese), analogous to strategies
previously explored by Bosch@AI. This phase
allows the model to establish strong foundational
mappings between source and target languages,
capturing lexical correspondences, syntactic
structures, and domain-specific terminology.
Supervised learning provides a stable initial
point for subsequent reward-based optimization
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and ensures that the model generates coherent
translations with minimal divergence from
reference sentences.

The second stage introduces GRPO [38]
(Group Relative Policy Optimization), a
reinforcement learning approach designed to fine
tune model outputs by directly optimizing task
specific rewards. Here, the policy parameters
θ are updated to maximize expected rewards
based on a weighted combination of BLEU and
ChrF++ [39] scores:

ChrF++ = (1 + β2) ·
P · R
β2P + R

The model’s outputs are contrasted against
ground-truth references and refined through a
composite reward function balancing lexical
accuracy and morphological fluency, specifically:

• BLEU Score (70% weight): Rewarded the
model for correctly translating key terms and
phrases found in the reference.

• chrF++ Score (30% weight): Evaluated
character-level fluency and grammatical
correctness.

By applying GRPO, the system can adjust
translations toward higher scoring outputs even
when such improvements are subtle or context
specific, effectively bridging the gap between
purely supervised learning and human-like
translation quality refinement.

Evaluation and Observations: The two stage
SFT + GRPO pipeline achieved measurable
improvements over the SFT only baseline.
BLEU gains were +1.59 for English-Vietnamese
and +1.48 for Vietnamese-English translations.
Qualitative observations indicated that outputs
were not only more fluent but also more accurate
in terminology usage, reflecting the influence
of reward driven fine tuning. The method
demonstrates that reinforcement learning can
effectively complement supervised fine tuning,
especially in cases where lexical accuracy and
fluency are not perfectly aligned.

Strengths and Contributions: Team ZERO
leveraged the pre-trained Qwen2.5-3B-Instruct
model, enabling high quality fine tuning
with moderate computational resources. This
demonstrates that small to mid sized models
can achieve competitive translation performance
when properly optimized. The proposed two
stage pipeline effectively separates general
language learning through supervised fine tuning
(SFT) from reward driven optimization via
GRPO, allowing precise control over model
behavior and enabling targeted improvements
in translation quality. Careful data curation and
deduplication enhance the diversity and quality
of training samples, which reduces overfitting
and promotes better generalization. Furthermore,
the combination of BLEU and ChrF++ in the
reward system balances lexical fidelity with
fluency, providing a principled framework for
reinforcement learning in translation.

Limitations and Areas for Future Work:
Despite these strengths, some limitations
remain. The isolated effect of the deduplication
pipeline was not explicitly evaluated, leaving
open questions about its exact contribution to
performance. The 70-30 weighting between
BLEU and ChrF++ was chosen heuristically;
exploring alternative weightings or integrating
semantic oriented reward metrics, such as
BERTScore or COMET, may further improve
translation quality. Comparisons were limited to
SFT only baselines, and additional ablation studie
such as GRPO only experiments, varied reward
functions, or different training schedules could
provide deeper insights into the effectiveness
of each component. Moreover, reliance on
BLEU and ChrF++ may insufficiently penalize
semantic errors, suggesting the need for semantic
aware evaluation metrics. Finally, the pipeline’s
efficiency and scalability for larger datasets or
larger models remain areas for future exploration.



xx T. H. Viet et al. / VNU Journal of Science: Comp. Science & Com. Eng., Vol. 42, No. xx (2026) xx–xx

Figure 2. Using two training steps.

4.5. JustGraduate

The JustGraduate Team implemented a
multi-stage training strategy, starting with data
preprocessing, followed by SFT and finally
Group Relative Policy Optimization (GRPO),
similar to the approach adopted by the ZERO
team. A key distinction in their method is the
use of a length penalty combined with the BLEU
score as a reward signal in GRPO. This design
helps prevent outputs that are excessively long
or short while guiding the model toward greater
fluency, adherence to sentence structure, and
improved stability in medical translation tasks.

Figure 3. Back-translation for training.

During the data preparation phase for GRPO,
the JustGraduate Team filtered sentence pairs
based on semantic similarity. They reused the
SFT dataset and applied a semantic embedding
model to select only the most semantically
relevant pairs. This ensured that the GRPO
stage focused on high quality, domain specific
examples, resulting in a carefully curated
and balanced subset of approximately 50,000

sentence pairs, evenly divided between 25,000
Vi-En and 25,000 En-Vi pairs. Additionally,
the team performed semantic and BLEU-based
deduplication to remove duplicate or nearly
identical sentence pairs, further enhancing the
quality of the training data.

The final system combining SFT and GRPO
demonstrated notable effectiveness. The model
achieved BLEU scores of 43.38 for English to
Vietnamese and 31.49 for Vietnamese to English,
representing substantial improvements over the
SFT only baseline, with gains of +2.46 (EN→VI)
and +4.17 (VI→EN). Moreover, the integration
of multiple techniques, including SFT, back-
translation, and GRPO, helped optimize both
BLEU scores and sentence structure, yielding
stronger performance in specialized translation
tasks.

However, the study has several limitations.
The authors did not provide a clear justification
for using QLoRA instead of traditional LoRA.
Given that the experiments were conducted on a
single 48GB GPU, which is generally sufficient
to fine tune a 3B-parameter model using standard
LoRA, the decision to employ 4-bit quantization
via QLoRA warrants further explanation.

Another limitation related to GRPO is the
model’s heavy reliance on BLEU-based reward
signals. While BLEU is a widely used metric in
machine translation evaluation, it does not always
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accurately reflect the naturalness and semantic
correctness of medical translations. Additionally,
the use of back-translation carries the risk of the
model reinforcing its own translation errors if
appropriate control mechanisms are not applied.

5. Result and Discussion

This section summarizes the competition
outcomes under multiple evaluation protocols
and discusses common patterns observed across
submissions. Overall, participating teams
achieved substantial gains over the baseline
(Table 3), confirming that domain adaptation
through data curation, supervised fine-tuning, and
inference-time controls is critical for medical
translation.

Table 4. SacreBLEU Leaderboard

Team AVG EN-VI VI-EN
ZERO 42.6 59.8 25.4
Bosch@AI 37.8 50.6 25.1
JustGraduate 31.9 43.3 20.6
BenignRhythms 27.1 39.9 14.3

Table 5. Human preference Leaderboard

Team AVG EN-VI VI-EN
Bosch@AI 85.7 88.2 83.8
ZERO 84.0 87.7 80.4
BenignRhythms 81.0 84.1 78.0
JustGraduate 77.1 74.4 79.9

Table 4 reports SacreBLEU on the shared-
task benchmark. While the absolute SacreBLEU
values remain moderate in the medical setting,
all submitted systems outperform the zero-shot
baseline by a wide margin. A consistent
directionality gap is also observed across metrics:
English→Vietnamese tends to score higher than
Vietnamese→English. This pattern is compatible
with the asymmetry of domain terminology,
stylistic conventions, and available training
signals.

Human evaluation (Table 5) serves as the
primary indicator of practical translation quality
in this task, as it better captures adequacy, clinical
correctness, and fluency than n-gram overlap
alone. Under human preference, Bosch@AI
achieves the highest overall score, while ZERO
is very close; the difference between these two
systems is small, suggesting comparable quality
at the top of the leaderboard.

Table 6. GPT-4o Leaderboard

Team AVG EN-VI VI-EN
Bosch@AI 83.54 88.41 78.66
ZERO 80.02 88.87 71.17
BenignRhythms 74.40 84.19 64.6
JustGraduate 70.22 68.91 71.52

To provide an additional reference signal,
we also report scores from GPT-4o (Table 6).
Model-based evaluation can be useful for large-
scale comparisons and may correlate with human
judgments in many cases; however, it remains a
supplementary measure rather than a replacement
for expert human assessment, particularly in
safety-critical medical contexts.

Discussion. Two broader observations emerge
when comparing automatic and human-centered
evaluations. First, the gap between SacreBLEU
and human preference indicates that surface-
form overlap may underestimate translation
quality when multiple valid renderings exist
(e.g., paraphrasing, reordering, and alternative
acceptable terminology). This effect is amplified
in medical translation, where correct meaning and
terminology are essential but can be expressed
with legitimate lexical variation.

Second, most successful systems rely
on supervised fine-tuning (SFT) paired with
carefully designed prompts, highlighting the
importance of instruction formatting and
consistent input-output structure. Differences
in computational resources and training budgets
make it difficult to attribute performance to a
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single best practice; nonetheless, the results
suggest that full-parameter fine-tuning can be
advantageous for biomedical domain adaptation,
as seen in the strong human preference scores of
Bosch@AI.

We also observe that inference-time
augmentation can improve perceived translation
quality even when SacreBLEU gains are limited.
For example, BenignRhythms integrates a
glossary-driven retrieval mechanism, which can
enhance terminology consistency and reduce
critical term errors. Finally, reinforcement
learning methods such as GRPO (used by ZERO
and JustGraduate) show potential to refine
outputs, but their effectiveness depends strongly
on the reward design. Optimizing primarily
for n-gram-based rewards (e.g., BLEU) may
not fully capture medical adequacy and can
diverge from human preference; incorporating
semantic or preference-aligned signals remains
an important direction for future work.

6. Conclusion and Future Work

The VLSP Medical Machine Translation
Shared Task demonstrates the practicality of
small language models (SLMs) for specialized
English-Vietnamese translation. Across
submissions, effective domain adaptation-
including supervised fine-tuning, prompt
engineering, and (in some cases) reinforcement
learning-yields clear gains over the baseline and
produces translations that are broadly usable
under human evaluation.

Nevertheless, a persistent performance gap
remains between the two translation directions,
indicating that medical MT for English-
Vietnamese is not yet a solved problem. Future
work should focus on improving terminology
fidelity and semantic adequacy, broadening
coverage to additional medical subdomains and
text types, and incorporating context-aware
modeling beyond sentence-level translation.

7. Limitations

While the corpus provides a valuable resource
for both training and evaluation of machine
translation models, several limitations should be
acknowledged.

First, despite the overall translation quality,
the dataset is largely sentence-aligned and does
not provide document-level context. In real
clinical settings, multiple translations can be
acceptable depending on audience, register,
and surrounding discourse, and such contextual
variation is not represented.

Second, the corpus focuses on written
medical documents. While this scope supports
strong domain specificity, it limits diversity in
genre and interaction patterns. In particular,
conversational and semi-structured sources-
such as clinical dialogues, patient-doctor
communication, and electronic health records-are
not covered, which may reduce the robustness of
models trained exclusively on this dataset.
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Appendix A. Evaluation System Prompt

system_prompt = """You are an expert
evaluator for Medical Machine
Translation (MT) systems.

Your task is to assess translations
between English and Vietnamese in
the medical domain.

### Evaluation Goals
You must provide a numerical score

(0-100) reflecting the overall
translation quality.

Your judgment should consider both
linguistic and domain-specific
criteria.

### Evaluation Criteria
1. Accuracy (40 points max)
- Correctly conveys the meaning of the

source text.
- No critical omissions, additions, or

distortions of meaning.
- Special focus on the correctness of

medical content, such as symptoms,
diagnoses, procedures, drug names,
and acronyms.

- Penalize mistranslations that could
cause misunderstanding in a medical
context.

2. Terminology & Domain Appropriateness
(25 points max)

- Correct use of medical terminology in
the target language.

- Proper handling of abbreviations,
Latin-based medical terms, and drug
names.

- Consistent terminology usage across
the text.

- Strong penalties if the translation
invents, mistranslates, or confuses
medical terms.

3. Fluency & Grammar (20 points max)
- The translation reads naturally and

is grammatically correct in the
target language.

- Proper syntax, word order, tense, and
agreement.

- No major grammar or style errors that
hinder comprehension.

4. Style & Register (10 points max)

- Maintains a professional, precise,
and objective tone suitable for
medical texts.

- Avoids colloquial or ambiguous
phrasing inappropriate for medical
documents.

5. Completeness & Formatting (5 points
max)

- All information from the source text
is preserved.

- Proper formatting of numbers, units,
and special symbols (e.g., dosage
units, percentages).

### Scoring Guide
Use the following levels when assigning

scores:

- Perfect (90-100): Excellent, highly
accurate and fluent medical
translation with no major errors.

- Good (75-89): Good quality, minor
errors present but meaning is
preserved and terminology is mostly
correct.

- Understandable (56-74): Fair,
noticeable errors in meaning or
terminology, but translation is
still understandable overall.

- Partially understandable (31-55):
Poor, multiple serious errors, some
medical terms mistranslated, only
partially understandable.

- Not understandable (0-30):
Unacceptable, meaning is distorted,
critical terminology mistranslated,
or text is incomprehensible.

### Output Format
You must only output in the following

JSON format:
{
"score": <integer between 0 and 100>,
"level": "<one of: Perfect / Good /

Understandable / Partially
understandable / Not understandable>
"

}
"""

Listing 1. System prompt for medical translation
evaluation


	Introduction
	Related Work
	Medical Machine Translation
	Small Language Models for Machine Translation
	Parameter-Efficient Fine-Tuning Methods
	Reinforcement Learning and Optimization for MT

	Task Definition and Constraint
	Building Corpus
	Evaluation Strategy
	Model Constraint

	Approach Descriptions and Performance
	Baseline Model
	Bosch@AI
	BenignRhythms
	Team ZERO
	JustGraduate

	Result and Discussion
	Conclusion and Future Work
	Limitations
	Evaluation System Prompt

