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Abstract—This paper introduces an innovative
English-Vietnamese translation system powered by
the Gemma-7B-IT language model and enhanced
by the Advanced Language Model-based Translator
(ALMA) methodology. Our system surpasses previous
state-of-the-art models like VinAI Translate and
Google Translate by over 12 BLEU points, achieving
remarkable performance in handling complex linguistic
contexts. This improvement stems from the superior
flexibility and contextual understanding of LLMs
integrated within our ALMA framework. The system
is available as a user-friendly translation tool at
https://www.doctranslate.io, demonstrating the practical
application of our research in providing high-quality
and contextually accurate translations. We present a
robust training framework, experimental validation, and
rigorous evaluation processes to solidify the effectiveness
of our approach, highlighting the potential of LLMs for
advancing the field of Vietnamese translation.

I. INTRODUCTION

Vietnam has dramatically transformed, becoming
a crucial participant in global trade and investment.
This rapid economic evolution has spurred increased
demand for adept Vietnamese-English translation ser-
vices to support text and speech communications.
Foreign investors and business partners predominantly
utilize automatic translation systems to overcome lin-
guistic barriers and maintain current with regional
developments.

Amidst the advancements in Natural Language Pro-
cessing (NLP), Large Language Models (LLMs) like
GPT-3.5 and GPT-4 OpenAI 2023 have shown re-
markable competencies across a range of NLP tasks.
These models stand as unique challengers to tradi-
tional supervised encoder-decoder models in transla-
tion tasks. To further refine the quality of English-
Vietnamese (EN-VI) and Vietnamese-English (VI-EN)
translations, we have developed an innovative system
integrating the Gemma model with the Advanced Lan-
guage Model-based Translator (ALMA) method. This
system exploits the robust contextual comprehension
and generative response capabilities of LLMs.

One of the distinctive strengths of LLMs is their
exceptional adaptability in response generation, which
enables them to produce contextually accurate trans-
lations that align closely with the original speaker’s
intent. Importantly, LLMs offer extensive customiza-
tion in prompts, allowing users to specify instructions
or desired response styles—be it scientific, literary, or

other formats. This flexibility significantly enhances
the human-like quality of the translations and aids
in providing specific outputs tailored to diverse pro-
fessional needs. Additionally, the inherent ability of
LLMs to generalize effectively across languages pro-
motes their utility in multilingual translation tasks,
setting new standards in the field and demonstrating
why LLMs are an optimal choice for our docstranslate
initiative.

II. PRELIMINARY

A. Task Definition

This research is dedicated to enhancing the quality
of translations between English and Vietnamese by
employing state-of-the-art machine translation models.
Our primary objective is to deliver translations that are
not only highly accurate but also exhibit natural flu-
ency in both English-to-Vietnamese and Vietnamese-
to-English directions.

The study further investigates the application of
Large Language Models (LLMs) augmented with ad-
vanced zero-shot learning techniques. Zero-shot learn-
ing enables these models to perform translation tasks
without having been directly trained on specific in-
stances of the English-Vietnamese language pair. This
innovative approach allows the LLMs to apply and
adapt knowledge gleaned from various languages and
contexts to the task of translating between English and
Vietnamese.

Algorithm 1 Zero-Shot Translation with LLM
Input:

• P : Prompt text.
• X: Source text sequence, X = {x1, x2, ..., xn}.

Output:
• Ŷ: Translated target text sequence, Ŷ =
{ŷ1, ŷ2, ..., ŷm}.

1: H ← LLM(P,X, θ) {Encode with LLM, taking
prompt and source as input}

2: Ŷ ← g(H) {Decode into target sequence}
3: return Ŷ

Translation is inherently a conditional and context-
dependent problem (Buden et al. 2009). Traditional
models such as encoder-decoder architectures or
sequence-to-sequence (seq2seq) models often strug-
gle to fully capture the complexities and subtleties



required for high-quality translation. These models
typically require extensive training data specific to
the language pair and can falter when dealing with
nuanced or contextually rich texts. In contrast, LLMs
excel in contextual understanding and learning, which
allows them to interpret and reflect the intended mean-
ing and stylistic nuances of the source text more effec-
tively. This capability makes LLMs particularly suited
to meet the practical demands of translation, where
understanding the context and the conditions under
which the text is generated is crucial for maintaining
accuracy and fluency.

Translate this from [source language]

in to [target language]

[source language]: <source sentences>

[target language]:

Above are the prompts used for training and evalu-
ation. [source language] and [target language] repre-
sents the full name of the language, e.g. Translate this
language from English to Vietnamese.

B. Zero-shot Learning and Instruction Prompt in
Large Language Models

In the realm of machine translation, zero-shot learn-
ing is a pivotal technique that empowers Large Lan-
guage Models (LLMs) to tackle translation tasks with-
out explicit prior training on the target language pair.
This approach leverages the extensive pre-training on
diverse datasets, enabling the models to generalize
their learned linguistic patterns to new, unseen lan-
guages and contexts.

Zero-shot learning in LLMs is particularly effective
when combined with precise instruction prompting.
By formulating clear and context-specific prompts,
researchers can guide the models to apply their gener-
alized knowledge more accurately and efficiently. For
example, prompts can be designed to specify not only
the translation task but also the desired tone, formality
level, and inclusion of cultural nuances, which are
critical for producing translations that are not only
linguistically correct but also contextually appropriate.

Instruction prompting harnesses the inherent flexi-
bility of LLMs to adapt their output to meet specific
requirements. This is crucial in translation tasks where
the context, such as legal documents or literary works,
demands a particular stylistic approach or technical
accuracy. Through instruction prompts, LLMs can be
directed to prioritize certain aspects of the translation,
like maintaining the original sentiment or adhering
to industry-specific terminology, enhancing both the
relevance and quality of the translated content.

The instruction prompt to include custom dictionary
and style specifications for enhanced translation with
Large Language Models (LLMs):

Translate this from [source language]

into [target language], ensuring to

use the provided custom dictionary

for specified terms and maintaining

the poetic style as described.

Custom Dictionary: <List of specific

terms and their translations>

Desired Style: <Specify style, e.g.,

formal, poetic, technical> Maintain a

poetic and elegant tone, enhancing

the translation with stylistic

elements that resonate with the

original’s intellectual depth.

[source language]: <source sentences>

[target language]:

This revised prompt structure enables the translation
task to be clearly defined with precise instructions on
using a custom dictionary for specific terms and main-
taining a particular style throughout the translation.
This approach ensures that the output not only remains
linguistically accurate but also stylistically consistent
with the desired tone and terminology.

Overall, the combination of zero-shot learning and
tailored instruction prompting forms a robust frame-
work within which LLMs can perform highly adaptive
and context-sensitive translations. This methodology
not only expands the utility of LLMs across various
languages and domains but also sets a new standard in
the precision and adaptability of automated translation
systems.

C. The Advanced Language Model-based Translator

The Advanced Language Model-based Translator
(ALMA) (Xu et al. 2023) method represents a signif-
icant stride in addressing the limitations of moderate-
sized generative Large Language Models (LLMs) in
translation tasks. While LLMs such as those with
7B or 13B parameters have shown remarkable ca-
pabilities in various NLP tasks, they often lag be-
hind conventional supervised encoder-decoder models
in translation accuracy. Traditional methods heavily
rely on extensive parallel data to achieve high-quality
translation. However, ALMA circumvents this need by
employing a novel fine-tuning approach that leverages
both monolingual and high-quality parallel data, thus
minimizing the dependency on large-scale bilingual
corpora.

This two-stage fine-tuning process begins with the
initial adaptation on monolingual data to grasp the
linguistic nuances of each language independently. It
is then followed by a targeted fine-tuning on a select
set of high-quality parallel data. This strategy not only
enhances the translation capabilities of LLMs but also
significantly boosts their performance



D. The backbone LLM

1) Mistral: Mistral 7B (Jiang et al. 2023), a
decoder-only transformer model, stands out for its
architectural choices aimed at revolutionizing language
comprehension and generation. Key features include:

• Sliding Window Attention: With an 8k context
length and a fixed cache size, Mistral 7B achieves
a theoretical attention span of 128K tokens, at-
tributed to a 4k sliding window size across its
32-layered architecture. This expansive attention
mechanism allows for nuanced understanding and
generation of lengthy text sequences by effec-
tively managing computational resources.

• Grouped Query Attention (GQA): This innova-
tion enables faster inference times and reduced
cache sizes by grouping queries before computing
attention, streamlining the process without com-
promising the model’s depth of understanding.

• Byte-fallback BPE tokenizer: By ensuring that
characters are never mapped to out-of-vocabulary
(OOV) tokens, this tokenizer eliminates the oc-
currence of unknown tokens, thereby preserving
the integrity of the input data.

Mistral-7B-Instruct-v0.1, the instruction-tuned
model optimized for chat and interactive purposes
through Supervised Fine-Tuning (SFT) and Direct
Preference Optimization (DPO). SFT enhances model
response to specific instructions, while DPO adjusts
model preferences based on outcome desirability. An
enhanced version, Mistral-7B-Instruct-v0.2, builds on
the instruction-tuned model’s capabilities, offering
refined interaction quality and comprehension.

2) Gemma: Trained on up to 6 trillion tokens,
Gemma (Gemma Team et al. 2024) models leverage
architecture and training strategies from the Gemini
family (Gemini Team et al. 2023) to achieve state-of-
the-art capabilities. They have been rigorously evalu-
ated across automated and human benchmarks in fields
such as question answering, commonsense reasoning,
and technical domains like mathematics and coding.

The Gemma models represent a significant advance-
ment in open language models, designed to enhance
language understanding, reasoning, and safety across
diverse applications.

E. PhoMT Dataset

PhoMT (Doan et al. 2021) is a high-quality and
large-scale Vietnamese-English parallel dataset intro-
duced to improve machine translation tasks. It con-
tains 3.02 million sentence pairs, making it signifi-
cantly larger than the previous benchmark Vietnamese-
English machine translation corpus, IWSLT1

The dataset consists of a total of 3.02 million
sentence pairs covering a diverse range of domains,
including News, Blogspot, TED-Talks, MediaWiki,
WikiHow, and OpenSub. The dataset is divided into
three subsets: the training set, which contains 2.98

million pairs; the validation set, which includes 18,719
pairs; and the test set, which comprises 19,151 pairs.

Domain Total Training Validation Test
News 41,504 40,990 257 257
Blogspot 93,956 92,545 597 814
TED-Talks 320,802 316,808 1,994 2,000
MediaWiki 496,799 490,505 3,024 3,270
WikiHow 513,837 507,379 3,212 3,246
OpenSub 1,548,971 1,529,772 9,635 9,564
Total 3,015,869 2,977,999 18,719 19,151

TABLE I: Domain Breakdown of PhoMT Dataset

III. EXPERIMENTALS

A. Training Setup

Fine-tuning is essential for the enhancement of mod-
els. By integrating additional translation data, it im-
proves the model’s ability to handle diverse linguistic
structures and contextual nuances, leading to greater
accuracy. Fine-tuning also ensures the model adheres
to specific instructions more precisely, thereby reduc-
ing errors and misunderstandings. In our approach,
we utilize a many-to-many multilingual translation
framework with gemma-7b-it as our backbone model
due to its outstanding zero-shot performance.

Gemma was chosen over Mistral as our base model
because of its superior performance. While Mistral-
7B-v1.0 achieved respectable zero-shot scores (BLEU:
23.51), Gemma-7B-IT significantly outperformed it
(BLEU: 34.41). This clear advantage in performance
made Gemma the preferred choice for our training
setup.

Our fine-tuning process, conducted on the PhoMT
training data, involves two stages, resulting in two
distinct types of models.

1) ALMA-Gemma-7B-IT: LoRA fine-tuning on
PhoMT training data for gemma-7b-it model.

2) ALMA-Gemma-7B-IT-ST: Full-weight fine-
tuning on PhoMT training data, then continue
LoRA fine-tuning on high-quality parallel syn-
thetic data.

In this study, we utilize Low-Rank Adaptation
(LoRA) with a rank of 16, updating only 0.1% of
the parameters. Specifically, the gemma-7b-it model is
fine-tuned using a batch size of 256, a warm-up ratio
of 0.01, and sequences capped at 512 tokens.

For monolingual data fine-tuning, we subject
gemma-7b-it to training on the PhoMT dataset across
two epochs, a duration found sufficient for achieving
clear model convergence. We select the iteration ex-
hibiting the lowest validation loss as the optimal model
configuration.

Furthermore, the ALMA-Gemma-7B-IT-ST model
undergoes additional training not only on the PhoMT
dataset but also on internally labeled data. This supple-
mentary training is aimed at enhancing its capability
to comprehend instructions and improving the quality
of translations.



Fig. 1: Comparison of BLEU Scores for VI-EN and EN-VI Translations

B. Results

The results clearly show that our models, par-
ticularly the ALMA-Gemma-7B-IT-ST, deliver out-
standing performance, setting a new benchmark in
the English to Vietnamese (en-vi) translation with
a BLEU (Papineni et al. 2002) score of 56.21, the
highest in our evaluations. This score significantly
surpasses those achieved by other models such as
Mistral-7B, VinAI Translate, Google Translate, Mad-
lad400 7B (Kudugunta et al. 2024), GPT-3.5-Turbo
(OpenAI 2023), and Gemini-1.0-Pro (Google 2024).
Additionally, our ALMA-Gemma-7B-IT model also
shows notable advancements with a BLEU score of
52.70, considerably higher than competitive models.

Models en-vi vi-en

Mistral-7B-v1.0, zero-shot 23.51 22.35
Gemma-7B-IT, zero-shot 34.41 32.78
Google Translate 39.86 35.76
Madlad400 7B 40.77 39.86
VinAI Translate 44.29 40.42

GPT-3.5-Turbo, zero-shot 39.3 34.1
Gemini-1.0-Pro, zero-shot 41.23 39.09

ALMA-Gemma-7B-IT (ours) 52.70 50.80
ALMA-Gemma-7B-IT-ST (ours) 56.21 57.32

TABLE II: The overall results with BLEU Score on
PhoMT Testset

These impressive results highlight the technical ex-
cellence of our models and validate the effective-
ness of our architectural and methodological enhance-
ments. These improvements include leveraging zero-
shot learning capabilities and advanced instruction-
based tuning, which together enable a more nuanced
and accurate translation of text between English and
Vietnamese.

IV. CONCLUSION

Our research presents a groundbreaking approach to
machine translation for the English-Vietnamese (EN-
VI) and Vietnamese-English (VI-EN) language pairs,
leveraging the robust capabilities of the gemma-7b-
it model and the Advanced Language Model-based
Translator (ALMA) methodology.

Through extensive experimentation, we have
demonstrated that our fine-tuned models not only
exceed the performance of traditional Transformer-
based models but also establish a new state-of-the-art
in this domain. Our models have achieved substantial
improvements in BLEU scores, significantly
surpassing the performance of leading translation
systems such as VinAI Translate and Google Translate.

The integration of zero-shot learning and advanced
instruction prompting has proven to be highly ef-
fective, enabling our models to produce translations
with superior contextual understanding and stylistic



Fig. 2: Distribution of BLEU scores on PhoMT Testset with EN-VI translation

fidelity. These advancements highlight the potential
of Large Language Models (LLMs) in transforming
machine translation tasks, offering both high accuracy
and natural fluency.

Moreover, the successful deployment of our model
into a user-centric translation product, available at
https://www.doctranslate.io, underscores the practical
applicability and excellence of our approach. The
positive reception of this tool further validates our
commitment to delivering cutting-edge translation so-
lutions that meet diverse user needs with exceptional
quality.

Our achievements pave the way for future research
and innovation in the field of language translation. We
anticipate that continued advancements in LLMs and
fine-tuning methodologies will yield even more refined
and reliable translation systems, setting new bench-
marks in multilingual communication and enhancing
global connectivity.
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