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Abstract
In this paper, we introduce a data-driven ap-
proach for Formality-Sensitive Machine Trans-
lation (FSMT) that caters to the unique linguistic
properties of four target languages. Our method-
ology centers on two core strategies: 1) language-
specific data handling, and 2) synthetic data gen-
eration using large-scale language models and em-
pirical prompt engineering. This approach demon-
strates a considerable improvement over the base-
line, highlighting the effectiveness of data-centric
techniques. Our prompt engineering strategy fur-
ther improves performance by producing superior
synthetic translation examples.

1. Introduction
Neural machine translation (NMT) models, despite their
impressive progress, often overlook the role of style and
pragmatic aspects in translation, such as formality or polite-
ness (Britz et al., 2017; Stahlberg, 2020). This has given
rise to the field of formality-sensitive machine translation
(FSMT), which aims to control the level of formality in
translated text across languages.

However, managing formality in MT is a challenging en-
deavor due to the lack of gold standard translations with
different formality levels and the diverse formality mark-
ers across languages (Nădejde et al., 2022). For example,
in many Indo-European languages, personal pronouns and
verb agreement denote formality. Meanwhile, in Korean,
formality control is complex due to the common use of mor-
phological markers to express polite, respectful, and humble
speech, making it an intriguing test case for FSMT.

In this paper, we propose a data-centric approach to FSMT
for the English-Korean (EN-KO) and English-Vietnamese

1Department of Computer Science and Engineering, Korea
University, Seoul 02841, Korea 2Upstage, Gyeonggi-do, Korea.
Correspondence to: Heuiseok Lim <limhseok@korea.ac.kr>.

Proceedings of the 40 th International Conference on Machine
Learning, Honolulu, Hawaii, USA. PMLR 202, 2023. Copyright
2023 by the author(s).

(EN-VI) language pairs. Our approach comprises two pri-
mary strategies: 1) a language-specific data-driven tech-
nique, and 2) synthetic data generation using large-scale
language models and prompt engineering.

2. Proposed Method
2.1. Language Specialized Data-Centric Approach

We employ a language-specialized, data-centric approach
that merges transfer learning techniques (Zoph et al., 2016)
with language-specific subword methods, resulting in im-
proved translation performance (Zoph et al., 2016; Bo-
janowski et al., 2017; Park et al., 2020; 2021). The pre-
trained model (PLM) is fine-tuned on the supervised train
set for each language pair.

For both EN-KO and EN-VI translations, we adopt a data-
centric approach emphasizing pre-training and fine-tuning
on high-quality, language-specific datasets. For EN-KO, we
use a Transformer model and a morpheme-aware subword
tokenization method (Park et al., 2020), enhancing perfor-
mance by addressing linguistic peculiarities of Korean. Sim-
ilarly, for EN-VI, we utilize the specialized EnViT5 (Ngo
et al., 2022) model, with training conducted on the expanded
CC100 (Wenzek et al., 2020), MTet (Ngo et al., 2022), and
PhoMT (Doan et al., 2021) datasets, improving translation
in low-resource settings and underrepresented domains.

2.2. Synthetic Data Generation and Data-Centric
Approach

To enhance translation quality, especially in low-resource
settings, we utilize a data-centric approach by generating
synthetic examples using ChatGPT with the GPT-4 en-
gine (OpenAI, 2023). Our synthetic data are created through
a conditioned translation generation task and refined using
a formality classifier (Rippeth et al., 2022), thus ensuring
accurate formality control.

Supervised Setting We leverage a prompt-based method,
incorporating n randomly selected shots from the English
training set of various language pairs for context. These
prompts guide ChatGPT to produce translations in either
informal or formal target language. The translated examples
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EN-KO EN-VI
METHOD BLEU COMET %M-ACC %C-F BLEU COMET %M-ACC %C-F

Fo
rm

al

Official Baseline 4.91 0.211 78.3 98.6 26.71 0.363 96.0 99.7
ChatGPT 5.65 0.524 83.3 100.0 27.07 0.510 100.0 98.0
Ours 26.60 0.727 87.0 100.0 47.00 0.669 99.4 100.0
Ours + Augmentation 17.09 0.667 79.4 99.5 41.57 0.653 99.4 99.7

In
fo

rm
al Official Baseline 4.85 0.170 97.6 99.5 25.28 0.345 96.0 98.2

ChatGPT 5.60 0.564 100.0 100.0 25.83 0.482 100.0 100.0
Ours 27.10 0.715 98.0 95.0 45.60 0.637 98.8 100.0
Ours + Augmentation 20.35 0.621 98.5 98.8 40.46 0.484 98.7 100.0

Table 1. Results on the test set of Formality Dataset for formal and informal supervised settings.

EN-PT EN-RU
METHOD BLEU COMET %M-ACC %C-F BLEU COMET %M-ACC %C-F

Fo
rm

al Official Baseline 27.29 0.448 96.3 97.7 21.96 0.349 96.2 92.0
ChatGPT 31.25 0.655 92.0 96.0 31.25 0.655 92.0 96.0
Ours 31.00 0.525 100.0 100.0 25.80 0.445 100.0 100.0

In
fo

rm
al Official Baseline 30.93 0.416 93.2 90.8 21.63 0.348 84.1 85.2

ChatGPT 27.38 0.512 48.4 46.0 31.25 0.655 92.0 100.0
Ours 19.90 0.249 68.0 90.0 26.30 0.418 100.0 100.0

Table 2. Results on the test set of Formality Dataset for formal and informal zero-shot settings.

are filtered using a formality classifier, and those meeting the
formality criteria are integrated into the training sets for EN-
KO and EN-VI fine-tuning. This data augmentation strategy
and its impact are further evaluated through comparative
experiments.

Zero-shot Setting In the zero-shot scenarios (EN-PT
and EN-RU), we generate synthetic examples using the
Gopalakrishnan et al. (2019). As in the supervised setting,
prompts guide the model to produce translations in either
formal or informal target language. The examples are fil-
tered for accurate formality before being used to fine-tune
the pre-trained multilingual translation model. This ap-
proach maximizes the model’s generalization ability across
languages and formality levels, demonstrating the utility of
synthetic data in expanding pre-trained language models’
capabilities.

3. Experiments
3.1. Experimental Settings

We conducted experiments using the Formality
dataset (Nădejde et al., 2022) for the language pairs
EN-{KO, VI} in the supervised setting and EN-{PT,
RU} in the zero-shot setting. Prompt engineering was
applied for EN-{KO, VI}, and synthetic examples were
generated for fine-tuning on EN-{PT, RU}. Training
details varied for each language pair, with EN-KO utilizing
morpheme-aware tokenization and pre-training with a
Transformer model. EN-{VI, PT, RU} pairs were fine-tuned
using mBART-50 (Liu et al., 2020) model.

3.2. Experimental Results

Our data-centric approach yielded promising results, as evi-
denced in Table 1 and Table 2 for supervised and zero-shot
settings, respectively. Our model, trained on the Formality
Dataset, demonstrated near-perfect formality control, with
high translation accuracy for most tasks, especially in the
EN-KO and EN-VI language pairs. However, data augmen-
tation with ChatGPT sometimes led to subpar performance,
hinting at the requirement for more elaborate prompts con-
sidering formality control. Notably, the zero-shot EN-PT
task results were significantly low, suggesting a need for
specialized techniques for formality control per language
pair and revealing a potential training data bias in ChatGPT.

4. Conclusion
We propose a data-centric approach for FSMT, incorporating
language-specific techniques and synthetic data generation.
Our approach achieves superior performance in EN-KO and
EN-VI translations, delivering high-quality formality trans-
lations. While EN-PT informal exhibits lower performance,
other pairs surpass the baseline, showcasing the translation
capabilities of ChatGPT. For future work, we suggest ex-
ploring larger translation models, analyzing shot examples
in more depth, employing linguistic-based data augmenta-
tion, and further investigating zero-shot transfer to enhance
FSMT performance.
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