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Abstract. In this paper, we study the use of deep Transformer trans-
lation model for the CCMT 2022 Chinese«Thai low-resource machine
translation task. We first explore the experiment settings (including the
number of BPE merge operations, dropout probability, embedding size,
etc.) for the low-resource scenario with the 6-layer Transformer. Con-
sidering that increasing the number of layers also increases the regu-
larization on new model parameters (dropout modules are also intro-
duced when using more layers), we adopt the highest performance set-
ting but increase the depth of the Transformer to 24 layers to obtain
improved translation quality. Our work obtains the SOTA performance
in the Chinese-to-Thai translation in the constrained evaluation.
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1 Introduction

Neural machine translation (NMT) has achieved impressive performance with
the support of large amounts of parallel data [1,27]. However, in low-resource
scenario, its performance is far from expectation [10,12].

To improve the translation performance, previous work either study data
augmentation approaches to leverage pseudo data [5,6,16,22,29] or benefit from
models pre-trained on large-scale monolingual corpus [18,21].

Instead of introducing more data, in this paper, we explore the effects of
different data processing and model settings for the CCMT 2022 Chinese« Thai
low-resource machine translation task inspired by Sennrich and Zhang [24].

Specifically, we adopt the Chinese—Thai (Zh<Th) machine translation data
from CCMT 2022 of 200k training sentence pairs. We first apply strict rules for
data cleaning, and employ the cutting-edge Transformer model [27]. We explore
the influence of BPE merge operations on performance, and the effects of dif-
ferent model settings (embedding size, dropout probability). As previous work
[2,8,13-15,17,28,30,31,33,36-38] shows that deep Transformers can bring about
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improved translation performance, we adopt the setting of highest performance
in ablation experiments for the Chinese<»Thai translation task but increase the
number of layers to 24. We explore experiment settings with the 6-layer setting
but adopt the best one to deeper models, because: 1) exploring the effects of
these hyper-parameters with shallow models is more computation-friendly than
with deep models, and 2) increasing the number of layers also introduces regu-
larization, as adding new layers also brings dropout modules.

2 Background

2.1 Transformer

Vaswani et al. [27] propose the self-attention based Transformer model, evad-
ing the parallelization issue of RNN. Transformer has become the most popular
model in NMT field. Transformer consists of one encoder and one decoder mod-
ule, each of them is formed by several layers, and the multi-layer structure allows
it to model complicated functions. The Transformer model also employs residual
connection and layer normalization techniques for the purpose of ease optimiza-
tion.

2.2 Low-Resource NMT

Despite that NMT has achieved impressive performance in high-resource cases
[27], its performance drops heavily in low-resource scenarios, even under-
performing phrase-based statistical machine translation (PBSMT) [10,12]. NMT
normally requires large amounts of auxiliary data to achieve competitive results.
Sennrich and Zhang [24] show that this is due to the lack of system adaptation for
low-resource settings. They suggest that large vocabularies lead to low-frequency
(sub)words, and the amount of data is not sufficient to learn high-quality high-
dimensional representations for these low-frequency tokens. Reducing the vocab-
ulary size (14k—2k symbols) can bring significant improvements (7.20—12.10
BLEU). In addition, they show that aggressive (word) dropout (0.1—0.3) can
bring impressive performance (13.03—15.84 BLEU), and reducing batch size
(4k—1k tokens) may also benefit. Optimized NMT systems can indeed outper-
form PBSMT.

2.3 Parameter Initialization for Deep Transformers

Xu et al. [36] suggest that the training issue of deep Transformers is because
that the layer normalization may shrink the residual connections, leading to the
gradient vanishing issue. They propose to address this by applying the Lipschitz
constraint to parameter initialization. Experiments on WMT14 English-German
and WMT15 Czech-English translation tasks show the effectiveness of their sim-
ple approach.
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2.4 Deep Transformers for Low-Resource Tasks

Previous work shows that deep Transformers generally perform well with suf-
ficient training data [13], and few attempts have been made on training deep
Transformers from scratch on small datasets. Xu et al. [37] propose Data-
dependent Transformer Fixed-update initialization scheme, called DT-Fixup,
and experiment on the Text-to-SQL semantic parsing and the logical reading
comprehension tasks. They show that deep Transformers can work better than
their shallow counterparts on small datasets through proper initialization and
optimization procedure. Their work inspires us to explore the use of deep Trans-
formers for low-resource machine translation.

3 Our Work

3.1 Data Processing

The quality of the dataset affects the performance of NMT. Therefore, We first
standardize the texts with the following pipeline:

removing sentences with encoding errors;

converting Traditional Chinese to Simplified Chinese through OpenCC;!
replacing full width characters with their corresponding half width characters;
converting all named and numeric character HTML references (e.g., &gt;,
&#62;, &#x3e) to the corresponding Unicode characters.

Ll

For the training of NMT models, we segment Chinese sentences into words
using jieba.?

We perform independent Byte Pair Encoding (BPE) [23] for Thai and Chi-
nese corpus to address the unknown word issue with the SentencePiece toolkit
[11).2

As the evaluation does not release the test set, we hold out the last 1000
sentence pairs of the training set for validation.

3.2 Exploration of Training Settings

We explore the influence of different training settings on the low-resource trans-
lation task in two aspects:

1. Vocabulary sizes;
2. Model hyper-parameters (embedding size and dropout probabilities).

For our experiment, we employ the Transformer translation model [27] for
NMT, as it has achieved the state-of-the-art performance in MT evaluations [1]
and conduct our experiment based on the Neutron toolkit [35] system. Neutron
is an open source Transformer [27] implementation of the Transformer and its
variants based on PyTorch.

! https://github.com/BY Void/OpenCC.
2 https://github.com/fxsjy/jieba.
3 https://github.com/google /sentencepiece.
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Table 1. Results (BLEU) on CCMT 2022 Th—Zh translation task with different
vocabulary sizes.

Merge operations 6k 8k 16k 24k

Thai vocabulary size 5,996 | 7,997 | 16,000 | 23,999
Chinese vocabulary size | 5,989 | 7,984 | 15,943 | 23,881
BLEU 27.07 | 25.70 | 29.90 | 28.87

Exploration of Vocabulary Sizes. Previous work shows that the effect of
vocabulary size on translation quality is relatively small for high-resource set-
tings [7]. While for low-resource settings, reduced vocabulary size (14k—2k) may
benefit translation quality [24]. BPE [23] is a popular choice for open-vocabulary
translation, which has one hyper-parameter, the number of merge operations,
that determines the final vocabulary size. Following Sennrich and Zhang [24], we
explore the influence of different vocabulary sizes for the Thai—Chinese trans-
lation task.

We train 4 NMT models in Thai—Chinese translation direction with different
number of BPE merge operations, and the statistics of resulted vocabularies are
shown in Table 1. Specifically, we perform independent BPE [23] for Thai and
Chinese corpus with 4k/8k/16k/24k merge operations by SentencePiece [11].

For model settings, we adopted the Transformer with 6 encoder and decoder
layers, 256 as the embedding dimension and 4 times of embedding dimension as
the number of hidden units of the feed-forward layer, a dropout probability of
0.1. We used relative position [25] with a clipping distance k of 16. The number
of warm-up steps was set to 8k. We used a batch size of around 25k target tokens
achieved by gradient accumulation, and trained the models for 128 epochs.

For evaluation, we decode with a beam size of 4 with average of the last 5
checkpoints saved in an interval of 1,500 training steps. We evaluate the trans-
lation quality by character BLEU with the SacreBLEU toolkit [20]. Results are
shown in Table 1.

Table 1 shows that: 1) in general, the use of more merge operations (16k/24k)
is better than fewer ones (6k/8k), and 2) the setting of 16k merge operations
leads to the best performance for the Thai—Chinese translation task, achieving
29.90 BLEU points.

Exploration of Hyper-parameter Settings of Model. Hyper-parameters
are often re-used across experiments. However, best practices may differ between
high-resource and low-resource settings. While the trend in high-resource settings
is using large and deep models, Nguyen and Chiang [19] use small models with
fewer layers for small datasets, and Sennrich and Zhang [24] show that aggressive
dropout is better for low-resource translation. In this paper, we also explore the
effects of model sizes (embedding dimension and hidden dimension) and dropout
probabilities on the performance.
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Table 2. Results (BLEU) on CCMT 2022 Zh—Th translation task with different model
settings.

Settings A B C D E
Embbeding size | 256 | 1/

384 v v

512 v |V
Dropout 01|v |V vV

0.3 Vv Vv
BLEU 6.35]15.02|5.30 | 24.42 | 7.73

We train 5 NMT models in Chinese—Thai translation direction with dif-
ferent training settings as shown in Table2. We set the number of BPE merge
operations to 16k based on Table 1.

We experimented the Transformers with 6 encoder and decoder layers,
256/384/512 as the embedding dimension and 4 times of embedding dimension
as the number of hidden units of the feed-forward layer, dropout probabilities
of 0.1 or 0.3. We used relative position [25] with a clipping distance k was 16
and GeLU as the activation function. The number of warm-up steps was set
to 8k. We used a batch size of around 25k target tokens achieved by gradient
accumulation, and trained the models for 128 epochs.

For evaluation, we decode with a beam size of 4, and evaluate the translation
quality with the SacreBLEU toolkit [20] with the average of the last 5 checkpoints
saved in an interval of 1,500 training steps. Results are shown in Table 2.

Table 2 shows that: 1) large embedding dimension is beneficial to transla-
tion performance, 2) aggressive dropout (0.3 in this paper) does not benefit the
task, and 3) Setting D with 512 as the embedding dimension and 0.1 as the
dropout probability is the best option, achieving a BLEU score of 24.42 in the
Chinese—Thai translation task.

3.3 Deep Transformers for Low-Resource Machine Translation

To obtain good translation quality, we adopt the setting D, but use 24 encoder
and decoder layers for better performance [2,8,13-15,17,28,30,31,33,36-38].
Parameters were initialized under the Lipschitz constraint [36] to ensure the con-
vergence. We used the dynamical batch size strategy which dynamically deter-
mines proper and efficient batch sizes during training [34].

We use the best experiment setting explored with the 6-layer models for
deeper models, because: 1) training shallow models are much faster than deep
models, and 2) adding new layers also introduces regularization, as dropout
modules are also introduced with these layers.

We train two models on the whole training set, which takes about 75h to
train one model on a nvidia RTX3090 GPU. We averaged the last 20 checkpoints
saved with an interval of 1,500 training steps.
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Table 3. Results on the CCMT 2022 Zh«Th test set. The computation of BLEU
scores for the test set are different from that for Tables 1 and 2.

Th—Zh | Zh—Th
BLEU4 | / 9.06
BLEUS5 | 4.85 /

We decode the CCMT 2022 Zh+Th test set consisting of 10k sentences for
each direction with a beam size of 4. Results are shown in Table 3.

Table 3 shows that the CCMT 2022 Chinese-Thai low-resource translation
task is still a quite challenging task and there is a quite large space for improve-
ments. But to date, our study establishes the SOTA performance in the Chinese-
to-Thai translation in the constrained evaluation.

4 Related Work

As data scarcity is the main problem of low-resource machine translation, making
most of the existing data is a popular research direction to address this issue in
previous work. There are two specific types: 1) data augmentation, and 2) using
pre-trained language models.

Data augmentation is to add training data, normally through modifications
of existing data or the generation of new pseudo data. In machine translation,
typical data enhancement methods include back-translating external monolin-
gual data [5,22], obtaining pseudo bilingual data by modifying original bilingual
data, such as adding noise to training data [6,29] or by paraphrasing which takes
into the diversity of natural language expression into account [16], and mining
of bilingual sentence pairs from comparable corpus [32] (comparable corpus is a
text that is not fully translated from the source language to the target language
but contains with rich knowledge of bilingual contrast).

For the use of pre-trained language models in NMT, leveraging the target-side
language model is the most straightforward way to use monolingual data [26].
Other work [18,21] directly uses word embeddings pre-trained on monolingual
data to initialize the word embedding matrix of NMT models. More recently,
some studies leverage pre-trained models to initialize the model parameters of
the encoder of NMT [3,4,9].

Fore-mentioned studies require large amounts of auxiliary data. Low-resource
NMT without auxiliary data has received comparably less attention [19,24]. In
this work, we revisit this point with deep Transformers, and focus on techniques
to adapt deep Transformers to make most of low-resource parallel training data,
exploring the vocabulary sizes and model settings for NMT.

5 Conclusion

In this paper, we explore the influence of different settings for the use of deep
Transformers on the CCMT 2022 Zh<—Th low-resource translation task.
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We first test the effects of the number of BPE merge operations, embedding
dimension and dropout probabilities with 6-layer models, then adapt the best
setting to the 24-layer model, under the motivation that: 1) shallow models are
fast to train, and 2) increasing the number of layers also introduces regularization
for these added layers.
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