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Abstract

In this paper, we present two systems devel-
oped for participation in the translation shared
task of the 10th International Workshop on
Vietnamese Language and Speech Processing
2023 (VLSP23). These systems are designed
for the two translation directions: Vietnamese
to Lao and Lao to Vietnamese. Both sys-
tems are based on the Encoder-Decoder Trans-
former model for translation tasks and are im-
plemented using OpenNMT_py without pre-
trained weights. To enhance the performance
of the systems and leverage the vast monolin-
gual dataset, we attempted to employ backtrans-
lation. However, this approach did not yield
significant improvements for either system. We
also performed model averaging, which re-
sulted in a slight improvement in BLEU score,
a widely used metric for evaluating translation
quality. Our final submission systems attained
BLEU scores of 19.3 and 19.1 for the Viet-
namese to Lao and Lao to Vietnamese direc-
tions, respectively. The codebase for the sys-
tems can be found at https://github.com/
FUVHasagi/VLSP23_FUV_gr2

1 Introduction

The translation shared task for VLSP23 focuses on
the language pair Vietnamese and Lao, encompass-
ing two separate tasks for both translation direc-
tions: Vietnamese to Lao and Lao to Vietnamese.
This year’s task presents a unique challenge due
to the scarcity of training resources for these two
languages and the restriction on using pre-trained
weights. The limited availability of bilingual data
classifies Vietnamese and Lao as low-resource lan-
guages. Moreover, advancements in low-resource
machine translation are still nascent, and Lao is
often overlooked in available datasets and models.

Our report delves into our approach to tackling
both tasks, primarily focusing on the details of
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the provided dataset and the translation models
we experimented with. We examine the bilingual
data, conduct exploratory data analysis (EDA),
and perform basic data cleaning/preprocessing.
We replicate this process for monolingual data.
Once the data is cleaned, we evaluate and experi-
ment with various models to establish a baseline.
Subsequently, we employ techniques like back-
translation to leverage monolingual data to enhance
model performance. This is followed by model av-
eraging, also known as model ensembling. We
also briefly overview our dockerization process for
deploying the systems.

Our contribution is twofold. First, we examined
and preprocessed bilingual and monolingual data
to build a clean dataset which is shared for public
use. Second, we established a multi-staged ap-
proach implementing back-translation and ensem-
bling techniques to improve model representations
and combine predictions for more accurate results.

The structure of this paper is as follows. Section
2 delves into a comprehensive overview of rele-
vant literature. Subsequently, Section 3 examines
the data utilized in our study, shedding light on its
characteristics, composition, and the challenges as-
sociated with working with low-resource languages.
Section 4 unveils the details of our methodology
and outlines the training and validation processes.
In Section 5, the outcomes are presented. Finally,
Section 7 draws the paper to a close by encapsulat-
ing the key findings gleaned from our research.

2 Related works

Neural Machine Translation (NMT) witnessed a
transformative phase with the emergence of early
models, prominently characterized by the sequence-
to-sequence (seq2seq) architecture. Differentiate
themselves from the traditional methods, which are
rule-based or statistical without the capability of
learning directly from data for a more flexible and
data-driven approach, these early implementations
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with RNNs for facilitating the handling of sequen-
tial input and output setting up the basics for mod-
els are characterized with the architecture based on
Encoder-Decoder models as the encoder processes
input sequences, transforming them into fixed-size
context vectors. At the same time, the decoder
generates corresponding output sequences based
on these context vectors, thus effectively applica-
ble for variable-length input and output sequences
(Sutskever et al., 2014). While these models laid
the groundwork for neural approaches to machine
translation, they also highlighted challenges such as
information bottleneck impacting translation coher-
ence for longer sentences and high computational
and time consumption due to sequential processing.
This prompted further advancements in architec-
ture and training methodologies.

The introduction of attention mechanisms and
transformer architectures addressed some of the
limitations observed in these early models by al-
lowing the model to selectively focus on differ-
ent parts of the input sequence during decoding,
addressing the limitation of capturing long-range
dependencies. Moreover, transformer architecture
further reduces the computational and time cost
by enabling parallelization with positional encod-
ing.(Vaswani et al., 2023) This golden age of trans-
formers was marked by the appearance of transla-
tion models with superior performance compared
to the previous ones, such as TS5 (Raffel et al.,
2023), BART (Lewis et al., 2019). By further de-
velopment through leveraging a shared represen-
tation across language with additional tokens for
language, the multilingual translation models such
as mTS5 (Xue et al., 2021), mBART (Liu et al.,
2020), M2M100 (Fan et al., 2020) allow transfer
learning, improve generalization to low-resource
languages and contribute to the development of ver-
satile models capable of handling diverse linguistic
contexts.

Through the widespread use of platforms for
pretraining, the training of new downstream trans-
lation tasks’ performance benefits from good ini-
tialization, which facilitates transfer learning across
tasks and further enhances the model’s ability to
capture rich contextual information. However, tra-
ditional transformer’s architecture and approaches
face multifaceted challenges that impact their ef-
fectiveness and robustness across diverse linguistic
scenarios; for example, the incompleteness of the
current evaluation system may not fully capture the

nuances of linguistic diversity and context, leading
to potential disparities between automated assess-
ments and human judgments; the difficulty in do-
main adaptation and robustness in which the model
get problems in the transition between domains or
specialized vocabulary in which the model has not
been explicitly trained, and nevertheless, the avail-
ability of high-quality data due to low resources
languages lack sufficient parallel corpora causing
lack of multilingual generalization.

Addressing these challenges has been a focal
point in recent research. Techniques for mitigating
data scarcity include leveraging transfer learning
from resource languages. In contrast, pre-trained
models can be fine-tuned on limited parallel cor-
pora for low-resource languages or data augmen-
tation with self-training, back-translation, or itera-
tively application of both to take advantage of the
rich supply of monolingual data from both source
and target language. Domain adaptation strategies
have also emerged as crucial solutions to enhance
the adaptability of NMT systems to specific con-
texts. Methods such as unsupervised domain adap-
tation, where models are trained on out-of-domain
data and adapted to the target domain using domain
adversarial training, have demonstrated effective-
ness in improving translation quality in varied sce-
narios. Furthermore, developing appropriate evalu-
ation metrics and benchmarks is vital to accurately
assess the performance of NMT models, especially
in low-resource settings. Recent studies emphasize
the need for context-aware metrics that go beyond
the traditional BLEU scores and consider factors
including fluency, adequacy, and sensitivity to lin-
guistic nuances in diverse languages. However,
domain adaptation and evaluation systems methods
are outside the scope of work in this situation.

In the context of the research challenge and
the broader real-world scenario, Lao emerges as a
language with inherent low-resource characteris-
tics. Specifically, similar challenges and limitations
are encountered within the Viet-Lao and Lao-Viet
translation task domain. The need for more corpora
in volume and quality across various subjects fur-
ther compounds the difficulties associated with this
linguistic task. Moreover, the specific exploration
of this translation task in isolation from broader
multilingual contexts has been limited, impeding
the generation of high-quality datasets essential
for future developmental endeavors. In light of
these observations and recognizing the imperative



articulated within the competition framework, a
critical need arises for acquiring a robust corpus
and advancing more efficient and effective Neural
Machine Translation (NMT) solutions dedicated to
the Viet-Lao translation tasks.

3 Data discussion

3.1 Bilingual data

The bilingual dataset contains 100k sentence pairs.
As we observed, the first 40k sentences have the
topic of religion and news websites, and the next
60k sentences are ‘common data’ crawled web. In
the first 40k pairs, exactly 10k pairs are duplicated.
So we removed those, and there are 30k pairs left.
Those 30k pairs are quite clean, so we move on
with the last 60k pairs.

For the rest 60k pairs, we see that the data con-
tains noises and even wrong translations (checked
with the help of Google Translate). Those data
samples might be crawled online, mostly from e-
commerce and online advertisement websites. The
word ‘raw’ means that sentences contain other un-
related languages, font errors, and even HTML
format.

Hence, we decided to perform EDA on the bilin-
gual dataset and then preprocess the data before
feeding them into the model. We do not want too
much noise in the data that might cause translation
models to malfunction.

3.2 Monolingual data

Aside from the bilingual dataset, we are also
equipped with two monolingual datasets. The Lao
monolingual dataset comprises approximately 3
million sentences, while the Vietnamese monolin-
gual dataset contains approximately 10 million sen-
tences. This monolingual data, when harnessed
effectively, can significantly enhance the perfor-
mance of the translation system.

Later in this report, we will elaborate on our
experiments with the monolingual datasets using
backtranslation. To ensure data quality, we man-
ually examined the Vietnamese monolingual data
and observed that the topic aligns with daily news,
similar to the bilingual data. This alleviates con-
cerns regarding domain mismatch, allowing us
to focus on data cleaning and adjustment. We
also conducted a separate exploratory data analysis
(EDA) session to trim the data to align with our
training resources. For the Lao monolingual data,
lacking expertise in this language, we performed a

basic EDA session to trim the data similarly to the
Vietnamese monolingual data.

3.3 Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is essential in
natural language processing (NLP) tasks, particu-
larly when dealing with parallel datasets like the
Vietnamese-Lao parallel dataset. EDA involves ex-
amining the data to understand its characteristics
and identifying potential issues.

A thorough EDA of the Vietnamese-Lao parallel
dataset revealed several issues, including duplicate
sentence pairs, inconsistent spacings, font errors,
emojis, and quoting discrepancies. Additionally,
some sentence pairs exhibited extreme length dis-
parities. We have eliminated redundant sentence
pairs, standardized spacings, rectified font errors,
expunged emojis, adjusted quoting conventions,
and filtered out sentence pairs with extreme length
ratios. Table 1 demonstrates some issues found in
the original dataset.

By employing EDA and rigorous data clean-
ing procedures, the quality and consistency of the
Vietnamese-Lao parallel dataset were significantly
improved, laying the groundwork for more accurate
and reliable NLP applications.

4 Methodology

4.1 Data preprocessing

As an initial step, we removed all duplicate pairs
from the dataset. In instances where duplicates oc-
curred within a single language (two identical Viet-
namese sentences with two different corresponding
Lao translations), we opted to retain these pairs as
a single sentence, recognizing that one sentence
can be translated into another language in mul-
tiple ways. Subsequently, we addressed special
spacings, font errors, and emojis using for-loops
and predefined dictionary rules, akin to iterating
over all possible characters and employing tem-
plate matching. However, for special spacings, we
simply eliminated them from the sentences, while
for font errors, we removed sentences containing
font errors.

On the other hand, the removal of emojis is per-
formed with the help of ‘emoji’ package (Wurster),
we utilize the ‘EMOJI_DATA’ dictionary of the
package. Furthermore, the rule for removing emo-
jis is as follow: if a pair contains same emojis, then
simply remove the emojis, else if only one sentence
contains emojis, remove that pair. The next step is



No. | Problems Example (Vi) Example (Lo)
1 | Emojis f’ Thumbs up & Theo dGi | as ¢ SUBSCRIBE + ...
, | Special spacing I[\é\o/\/tg%at?glcnggr;ang kien au3u0olnuly SharePoint
(NBSP, ZWSP) SharePoint Server 2013. Server 2013
3 | Font errors DIEN @€AN WIFID90
Trang chdi / m& rong 16ng | m3911980 / nrvermeeSy
4 | Irrelevant lanauages mi / Misslamode long ¢ / Misslamode Classic
guag individual eyelashes Eyelash Extensions
Eyelash Extensions D Curl | 0.20mm C Curl
Mot van dé danh lac SumIduNoVENSL 9
hwang khac chinh 13" ccv T vieytiv & laquo; o}
5 | Quoting format locavore " vira dwoc Tw SUNIVOENSDYINTL
g dién New Oxford American| 0w New Oxford
Dictionary ton vinh Ia " Tt | American ¢c0v & quot; wse
cia Nam". e 2090 " .
1.ID# __ (nhapcuaban |[1.ID# _(nz:gu‘)?;igag
6 | Punctuations ID ComPro # day) v ComPro ID # 6i)_
2. 123456Tiép theo> >> | 2. 1234560lu> >> Page
Trang 1/166 1/166
HTML entities and Ma nay: <em> Chir . = =
7 . 20OV <em> ¢y </em>
tags nghiéng </ em>
Irrelevant numbers | Hé néng mé réng (10 -6 / aazau:af)saveagr:m
8 | and phone numbers °C) 16,12 [16L11 20060 (10 -6 /°C)
andp 16112 16111
9 |URL Trang web duoc tai tro bdi| cdulagzmbugznynlios
iPadCasinoApp.com iPadCasinoApp.com
10 | Content repetition 1. co bac‘csgo L 1. QEMOCIV CS?ORacmg
2. csgo c& bac trong tat ca| 2. csgo, 23zcmv<

Table 1: List of issues found in the origial dataset via exploratory data analysis. These issues are handled in a data
cleaning process consisting of removing duplicates, special spacings, font errors, emojis, and adjusting quoting. We
also filter out sentence pairs with extreme length ratios.



adjust quoting by using regular expression (regex),
we simply replace the two single quotes (*) and two
backtick symbols (‘) by double quotes ("). Lastly,
we perform sentence length ratio thresholding to
keep only pair with length ratio (character level),
0.5 < leny;/leny, < 1.5 as these thresholds covers
approximately 90% of the dataset.

4.2 Tokenizer

We implemented Yasmin Moslem’s (Moslem,
2023) workflow to create a Sentenpiece Unigram
tokenizer model which was trained on 80K pair sen-
tences, of which 68K pairs were from the filtered
training set and 12K pairs were from the filtered
validation set. The vocab size was set to have a
limit of 50K.

Language | Vocab limit | True vocab size
Vietnamese 50K 33K
Lao 50K 50K

Table 2: Vocab size for Unigram model. The tokenizer
model is trained only on the parallel dataset and was not
trained on the monolingual dataset with 13M sentences
due to limitted training resources.

We utilized the tokenizer model on the training
and validation sets, which segmented the words
within each sentence into subwords, separated by
underscores in accordance with its vocabulary. Dur-
ing the inference stage, we employed the same
tokenizer model to perform desubwording of the
translated sentences, effectively removing the un-
derscores separating the subwords and reconstruct-
ing them into complete sentences.

Initially, we intended to train the tokenizer on
the entire monolingual dataset, encompassing 3
million Lao sentences and 10 million Vietnamese
sentences. However, due to resource constraints,
we were unable to train the tokenizer on 13 million
sentences and opted to train it solely on 80,000
training and validation sentences.

4.3 Modelling

Both the Viet-Lao (VILO) and Lao-Viet (LOVI)
models were built based on the Encoder - Decoder
Transformer model for translation with OpenNMT-
py implementation (Klein et al., 2017). The En-
coder - Decoder Transformer model had 80M pa-
rameters, which was suitable for the amount of data
available for training.

We trained the baseline model and all other vari-
ants using the Tesla P100 GPU 16GB on Kaggle,

which allowed us to train models for extended peri-
ods of time without disconnecting. The two models
were optimized using the Adam optimizer (Kingma
and Ba, 2017) and a learning rate of 2 with Noam
decay scheduler (Vaswani et al., 2023). We saved
the model checkpoints every 5,000 steps. Detailed
hyperparameters can be found in Table 3.

Model performance was evaluated using the
BLEU score. For the last session, since we used the
test set for training, we had to find another source
of test data to compute BLEU score. We opted to
using the Flores200 dataset (Team et al., 2022) to
evaluate the last model.

Hyperparameters Values
Batch type Tokens
Batch size 4096
Optimizer Adam
Learning rate 2
Warmup steps 1000
Decay method Noam
Dropout 0.1
Attention dropout 0.1
Checkpoint save interval | 5000

Table 3: Model hyperparameters and training setup

4.4 Training

We trained the models for a total of three major
sequential sessions using different training steps
and data. Most of the other parameters remained
similar across all training sessions. Except for the
baseline model (i.e., session 1), the remaining two
sessions continued training the baseline model on
the new dataset. The summary for the 3 sessions
can be found in Table 4.

Sess. | Training data | #Sents. #Steps
| T 63K VILO 85K
LOVI 32K
2 | (BB)+(DBM) | 196K 30K
3 1 (M+V)+(Te)| 82K 30K

Table 4: Details of three training sessions. Each ses-
sion is characterized by a collection of training datasets
containing a number of sentence pairs, and the num-
ber of training steps. Some notations: (T) is Train
set; (BB) is Backtranslated Bilingual; (DBM) is Dual-
Backtranslated Monolingual; (V) is Validation set; and
(Te) is Test set.



Parallel Data
Subword
1 . ) Backtranslate
Baseline
. J
Output 1 (BB) + (DBM) (T) + (V) + (Te)
Desubword Subword Subword
' 7 ' N
Baseline Baseline
Output 2 Output 3
Desubword Desubword
Inference Inference

Figure 1: The entire workflow of creating and testing 3 models for each of the translation task. After using the
trained baseline model to create backtranslated bilingual data (BB) and dual-backtranslated monolingual data
(DBM), we feed the augmented data with the original parallel data into the baseline model to continue training.
Lastly, the train set, validation set and test set are merged ((T) + (V) + (Te)) and fed to the baseline model for

optimal performance (see Table 4).

For each task, the first session was to train the

baseline model on the filtered training (T) dataset.

We trained the VILO model for 85K steps and the
LOVI model for only 32K steps. The imbalance
between the two tasks was due to a lack of training
resource and time.

The second session used a combination of the
original training data, backtranslated bilingual (BB)
data and dual-backtranslated monolingual (DBM)
data for each language. This adds up to a total of
196K sentence pairs, of which 60K were translated
monolingual sentences. Both models were trained
for 30K steps.

The last session was to continue training the
baseline model on the training set merged with the
validation set (V) and test set (Te) for maximized
accuracy. We also trained the two models for 30K
steps each.

4.5 Backtranslation

We applied backtranslation twice in order to boost
the performance of the system. The bilingual
dataset was translated using our baseline models
and the translated sentences were merged with the
original training set. The source language was con-
catenated with the translated version, i.e., 68K orig-
inal Lao sentences with 68K Lao sentences trans-
lated from Vietnamese using the VILO model, and
the target language was kept the same, i.e., 68K
Vietnamese sentences was only duplicated to create
the parallel dataset for training the LOVI model.
After using backtranslation on the bilingual dataset,
we have the first augmented dataset with 136K
pairs of sentences.

In addition, we also applied dual-level back-
translation. A sample of 30K sentences from the
monolingual dataset was chosen and translated for
two times using both the LOVI and VILO model.



For LOVI, the source data contained 136K aug-
mented bilingual Lao sentences, 30K original Lao
sentences and 30K Lao sentences that went through
2 translations (Lao = Viet = Lao) which summed
up to 196K Lao sentences. The target data is dupli-
cated using the 30K Lao sentences translated from
Viet using the VILO baseline model.

4.6 Averaging Models

Using the averaged weights of different check-
points is a strategy to improve model performance
(Gao et al., 2022). Models checkpoints were aver-
aged during inference using OpenNMT-py built-in
average models script.

5 Results and discussion

For the Vietnamese - Lao translation task, the base-
line model, which was the average from the 80K
and 85K steps checkpoints, had the best perfor-
mance with a BLEU score of 19.3. Implementing
backtranslation and merging train, validation and
test set for training yielded significantly worse re-
sults. The results can be found in Table 5.

Upon further inspection, we observed that the
DBM data had not been desubworded correctly as
there were still many underscores and <unk> to-
kens. We believe that this was due to the tokenizer
being trained on such a small dataset which was
not generalized enough.

As for the third model, we suspected that the
Flores200 dataset had a completely different distri-
bution compared to the given dataset. This might
have led to the low BLEU scores.

The models in the Lao - Vietnamese translation
tasks also observed similar behaviour to the Viet-
namese - Lao models, with the baseline model hav-
ing the best performance based on BLEU scores.
However, the last LOVI model performed much
better than that of the VILO task. The details of
the models’ performances can be found in Table 6

A thorough investigation into the vocabulary of
both languages revealed that words in Lao were
often divided into phrases of multiple characters
instead of single characters. This could have led to
a flawed tokenizer for Lao, leading to the models’
poor performance.

6 Deployment

This section is about how we deploy the docker
images for submission. Because our submission
uses an Open-NMT structure and this module uses

Model Description BLEU
1 Baseline 19.3
2 (BB) + (DBM) 11.97
3 (M + (V) +(Te) 0.29

Table 5: BLEU scores for VILO models.

Model Description BLEU
1 Baseline 19.1
2 (BB) + (DBM) 11.19
3 (M + (V) +(Te) 5.35

Table 6: BLEU scores for LOVI models.

bash script to run the training to test the model, our
docker image is basically built from a bash script
file.

Therfore, we approach the problem of trans-
ferring the input test file into the docker im-
age by using the Python’s library os to load
and test the model by setting an initial in-
put file and output file in the container. For
the input file (/app/input.file), we were
able to write that file with the test input file,
and for the output file (/app/UN.<target
language>.translated.desubword) we
did the same process and later on, write that file
with the translated text from our model.

As for the requirements of the docker im-
ages, we make use of Open-NMT.py version 3.4
and Python’s sentencepiece library and (https://
github.com/ymoslem/MT-Preparation.git) for
input text pre-processing and output text post-
processing.

7 Conclusion and future work

To sum up, for the Machine Translation task in
VLSP23, we utilized OpenNMT-py’s implementa-
tion for the Encoder - Decoder Transformer model
as well as Sentencepiece’s Unigram tokenizer to
train three translation model versions for Vietamese
- Lao and Lao - Vietnamese. We applied backtrans-
lation and model weight averaging to optimize per-
formance.

For future work, we plan to investigate the im-
pact of different backtranslation strategies, experi-
ment with alternative tokenizer models, fine-tune
the Encoder-Decoder Transformer model, and inte-
grate pre-trained language models, such as BERT
and BART, into our machine translation framework
could potentially improve the semantic understand-
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ing of the source language and produce more fluent
translations.
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