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translation performance by leveraging the linguistic difference between the two languages.We first define the

formalized representation of modifier symmetry, which is one of themost representative linguistic differences

between Chinese and Vietnamese. We then propose and test two data augmentation strategies for leveraging

the linguistic difference, which can be integrated naturally with different translation models. Results indicate
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1 INTRODUCTION

Neural machine translation (NMT) has achieved high-quality performance in high-resource data
conditions [1–3]. However, in low-resource conditions, the performance of NMT drops starkly,
frequently underperforming traditional statistical machine translation (SMT) and requiring large
amounts of training data to achieve competitive results [4–6]. To address the data sparsity prob-
lem in low-resource conditions, a number of data augmentation approaches have been proposed.
Although these significant works enhanced the scale and quality of the available parallel corpus
[7–10], linguistic rules are difficult to handle and integrate into NMT at runtime.
Chinese-Vietnamese is a typical low-resource language pair. Limited by the scale of a paral-

lel corpus and the supply of Vietnamese language processing tools, dominant low-resource NMT
approaches show suboptimal performances on Chinese-Vietnamese language pairs [11, 12]. How-
ever, Chinese and Vietnamese have considerable linguistic differences, the most significant one
being the reverse order of modifiers. For example, for the Chinese phrase “ (the most)

(beautiful) (girl),” its corresponding Vietnamese phrase is “cô gái(girl) đe. p(beautiful) nhất(the
most).” The inverse modifier order is an important linguistic rule for Chinese-Vietnamese trans-
lation, but there is still a lack of enough approaches to apply it to NMT. Intuitively, for using this
linguistic difference, the following preconditions need to be met: (1) formalized representation—
the linguistic difference should be recognized easily and represented as modifier sequences and
is easier to feed into dominant NMT frameworks; and (2) flexible integration approach—an effi-
cient and flexible approach should be used to integrate the modifier sequences into NMT input. To
tackle these problems, we recognize and represent the linguistic difference as a modifier sequence
and propose a novel data augmentation approach to generate a new corpus based on it. Our main
contributions are as follows:

• We investigate the characteristics of the inverse modifier order between Chinese and Viet-
namese from the perspective of linguistic differences and discuss the feasibility of extracting
the character into the linguistic rule sequence. For formalized representation, we release an
open-source Chinese-Vietnamese linguistic difference tagging toolkit with flexible modular
implementation.

• For utilizing formalized linguistic differences, we propose a novel data augmentation ap-
proach that allows linguistic differences to be integrated into the input sentences and gener-
ate a new corpus. We propose and test two simple but efficient strategies for the integration
process.

The rest of the article is arranged as follows. We introduce the background of linguistic differ-
ences between Chinese and Vietnamese in Section 2. In Section 3, we present the details of our
proposed approach in two phases: language difference recognition and data augmentation. We re-
port the experimental process and results for our approach in Section 4. In Section 5, we conclude
the article with an overview and potential future work.

2 LINGUISTIC DIFFERENCES

Chinese and Vietnamese are languages that belong to different language families. Unlike homol-
ogous language pairs, such as English-French and Thai-Lao, their pronunciation and writing are
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Fig. 1. Modifier symmetry in Chinese-Vietnamese. The words connected by solid lines are corresponding.

Table 1. Main Modifier Sequences of Modifier Symmetries

Modifier sequence Modifier order
Chinese Vietnamese

Noun [adverb]-adjective-noun ([d]-a-n) noun-adjective-[adverb] (N-A-[R])
Verb adverb-verb (d-v) verb-adverb (V-R)

Adjective adverb-adjective (d-a) adjective-adverb (A-R)

Note: [] indicates optional; contents in parentheses are the corresponding part of speech (POS) tag sequence.

completely different,2 and spoken Chinese and Vietnamese are not mutually intelligible [13–15].
There are obvious linguistic differences in terms of language features. In the example in Figure 1,
for the modification of the center word candy, the attributive that modifies the center word in
Chinese is always prepositive, while the attributive in Vietnamese is usually postpositive. In
Chinese, the basic descriptive attributives are (1) predicate phrase, (2) verb (phrase)/preposition
phrase, (3) adjective phrases and other descriptive phrases, and (4) adjectives and descriptive nouns
without “ .” In the conventional condition, the order of descriptive attributive structures in Chi-
nese is 1-2-3-4-center word, while for Vietnamese, the order is center word-4-3-2-1. The order of
descriptive attributive structures in Vietnamese and Chinese is mirror-symmetric. This is a very
important factor in translating Chinese to Vietnamese and vice versa.
In contrast to the postposition of the attributive in English, the postposition of the modifier is

more obvious in Vietnamese [16]. In particular, the position of the modifier is symmetrical with
that of Chinese, which forms a widely found linguistic difference in the Chinese-Vietnamese lan-
guage pair. Based on specific linguistic analysis, we can describe a universal linguistic rule as fol-
lows: once there are modifiers in sequence for modifying, restricting or describing a center word
in Chinese, the modifiers with the same semantics will almost certainly appear in Vietnamese.
The difference is that modifiers are situated before the center word in Chinese, while in Viet-
namese, it is inverse. We denote the linguistic difference rule as modifier symmetry. Table 1
illustrates the three kinds of main modifier sequences that represent modifier symmetry: noun,
verb, and adjective. Take the noun modifier sequence as an example: the modifier order in Chinese
is [adverb]-adjective-noun, while in Vietnamese, the order of modifiers is noun-adjective-[adverb].

3 OUR APPROACH

We present the details of our proposed approach in this section. Section 3.1 discusses language
difference recognition; Section 3.2 presents the data augmentation approach in terms of realization.

2About 65% of Vietnamese words originate from Chinese and are often called Sino-Vietnamese words. However, with the

transition of language, scripts in Vietnamese no longer use ones in Chinese.
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Table 2. Main Part of Speech (POS) Tags in Chinese and Vietnamese

POS ICTCLAS VLSP
Noun n (n, ng, nr, nrfg, nrt, ns, nt, nz) N (N, Np, Nc, Nu, Ny, Nb)

Verb v(v, vd, vg, vi, vn, vq) V(V, Vb)

Adjective a A

Adverb d R

Pronoun r P

Conjunction c C(C, Cc)
Preposition p E

Numeral m(m, mg, mq) M

Note: We chose the most representative POS tags (noun, verb, adjective, and adverb) for modifier

symmetry recognition.

ALGORITHM 1: Chinese Modifier Sequence Retrieval. [] means optional.

Input: Segmented Chinese sentence x = (x1...m ),m is the sequence length

tx ← POS(x ), get tag sequence by POS tagging

tx ← preprocess the tag sequence (e.g., convert tag ∈ {nд, nr , nr f д, nrt , ns, nt , nz, r } to n,
convert (a,uj ) tag to a, clean irrelevant tags, etc.)

for i ← 1 tom do

if txi = n
for k ← 1 to i − 1 do

if txi−k = a ∨ (txi−k = d ∧ txi−k+1 = a)
pass

else if txi−k � {a,d } ∨ (txi−k = a ∧ txi−k+1 = d )
clean tags tx<i−k and tx>i , determine whether tx matches pattern [d]-[a]-a-n

return tx

3.1 Linguistic Difference Recognition

We summarized one of the most significant language differences between Chinese and Vietnamese
as modifier symmetry. For integrating it into the NMTmodel, we need to describe it in a formalized
representation. To this end, we describe modifier symmetry by POS tags. Specifically, standard
POS tagging sets, ICTCLAS3 and VLSP,4 are chosen to represent Chinese and Vietnamese tagging,
respectively. Table 2 lists the main POS tags in the two languages. To recognize modifier symmetry
efficiently, we selectively use themost representative POS tags—noun, verb, adjective, and adverb—
for modifier symmetry recognition.
Modifier symmetry recognition consists of two stages: (1) modifier sequence retrieval and

(2) symmetry recognition. As the basis of symmetry recognition, modifier sequence retrieval first
retrieves specific noun, verb, and adjective modifier sequences by linguistic rule matching. Take
the Chinese noun modifier sequence retrieval shown in Algorithm 1 as an example. Given the in-
put sentence x = (x1...m ) with lengthm, POS tagging and preprocessing operations are conducted
on it, generating the POS tag sequence tx . Subsequently, tx is fed into the noun-regularized match-
ing block. When the POS tag of tx at time i is n, we judge whether n is preceded by ([d], [a], a).
Any sequence that does not conform to the linguistic rules will not be recorded. Chinese verb and
adjective modifier sequence retrievals are done in the same manner as in Algorithm 1. The im-
plementation details, such as how to distinguish a noun modifier sequence comprising an adverb

3http://ictclas.nlpir.org/.
4http://vlsp.vietlp.org.
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Fig. 2. A running example of executing Algorithm 1 and Algorithm 2.

ALGORITHM 2: Modifier Symmetry Recognition

Input: Chinese-Vietnamese training data corpus Dx,y

while x ,y � EOF do

x ,y ← traverse Dx,y , get parallel sentence pairs

x , y ← segment x and y
tx ← get Chinese modifier sequence (e.g., (. . . d, a, n. . . )) by x , where . . . is the empty tag

ty ← get Vietnamese modifier sequence by y (e.g., (. . .N, A, R. . . ))

tyzh ← Chinese format copy of ty (e.g., (. . .N, A, R. . . ) to (. . . d, a, n. . . ))

if tx = tyzh
record tx and ty

return Dtx,ty

(d, a, n) and adjective modifier sequence (d, a) through linguistic rules, can be found in the supple-
mentary source codes. Vietnamese modifier retrieval is analogous to Chinese modifier retrieval.
The slight differences are the specific linguistic rules and the representation of returned tags. We
omit the redundant algorithm descriptions for the sake of simplicity.
The modifier symmetry recognition algorithm is presented in Algorithm 2. Given the input

Chinese-Vietnamese corpusDx,y , a simple iterator first traverses it and gets the parallel segmented
Chinese sentence x and Vietnamese sentence y. Then, the modifier tag sequences tx and ty are
generated by the respective retriever based on x and y. After a simple equality judgment, we
record the qualified tx and ty into Dtx,ty and return it. Dtx,ty and original corpus Dx,y are the
input of the downstream data augmentation approach described in Section 3.2. Figure 2 illustrates
a running example of executing Algorithm 1 and Algorithm 2 for the Chinese-Vietnamese input

sentence pair < (She is the most beautiful girl), Cô là cô gái đe. p nhất (She
is girl beautiful the most)> ∈ Dx,y . We ultimately get its corresponding modifier sequence pair
〈(d, a, n), (N ,A,R)〉 ∈ Dtx,ty .

3.2 Data Augmentation

We propose a data augmentation approach in which the NMT model learns how to use the
original corpus Dx,y and modifier symmetry representation Dtx,ty obtained from Section 3.1.
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Fig. 3. The two alternative strategies used to generate source sentences of training data. For unified tagging,

o, s, t denote source words, sourcemodifier block, and target modifier block, respectively. For specific tagging,

o denotes source words; others are the original POS tags copied from the source and target sentences.

Inspired by efficient works [17, 18] that implement data augmentation by integrating additional
information into traditional NMT input, we opt here for integrating the modifier symmetry as in-
line annotations in the source sentence. Take the parallel sentence pair < ,

Cô là cô gái đe. p nhất> ∈ Dx,y . For example, we first integrate its corresponding modifier
sequence pair 〈(d, a, n), (N ,A,R)〉 ∈ Dtx,ty into it and generate the tagged sentence pair

< , Cô là cô gáiN đe. pA nhấtR> illustrated in Figure 3. Then, we add
tags to signal the origin of the word and generate a new source sentence. There are two tagging
strategies: (1) unified tagging, in which tags o, s, and t denote source words, source modifier block,
and target modifier block, respectively; and (2) specific tagging, in which tag o denotes source
words and others are the original POS tags copied from source and target sentences. As shown in
Figure 3, the POS tags are added as an additional parallel stream to signal the origin of each word
in the source sentence. We record the augmented corpus as Dx ′,y′ , which serves as the input for
NMT model training together with Dx,y .
As we do not change the original sequence-to-sequence NMT framework, the network can learn

the utilization of language difference from the augmentation of the training data. However, the
word alignment information that we use implicitly is from the original corpus. To investigate
whether our approach based on implicit word alignment can achieve the desired performance, we
apply strict word alignment verification by lexicographic matching to the recognized result and
conduct contrast experiments in Section 4.

4 EXPERIMENTS

In this section, we present empirical studies for the proposed approach to the Chinese-Vietnamese
NMT task. We also conduct multiple studies to thoroughly analyze the effect of the proposed
approach, including fluency, copy behavior, and case study.

4.1 Data

Parallel data: We evaluate our approach to the Chinese-Vietnamese translation task by training
models on the ALT dataset and our inhouse dataset.

• ALT Chinese-Vietnamese. The ALT dataset is a small-sized multilingual parallel dataset
supplied by the Asian Language Treebank Project.5 According to our need, we select the
Chinese-Vietnamese subset and bin it by the auxiliary splitting tool ALT-Standard-Split.

5http://www2.nict.go.jp/astrec-att/member/mutiyama/ALT/.
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The preprocessed dataset comprises 18,088, 1,000, and 1,018 sentence pairs as training,
development, and test sets respectively.

• Inhouse. The inhouse Chinese-Vietnamese dataset is built artificially, which comprises
100K parallel sentence pairs. We follow the partition ratio of IWSLT15 and cut 1,500 and
1,000 sentence pairs from the inhouse dataset as development and test sets, respectively.
The rest are used for training.

Lexicon data: To fulfill the data requirement of data augmentation baseline systems, we build
the Chinese-Vietnamese bilingual parallel lexicon. The lexicon comprises 51K word pairs; 70% of
the word pairs are collected manually and the rest are obtained from dict.land.6 Note that our
approach does not rely on the external lexicon, whereas for the sake of fair comparison, we use
the lexicon for the strict word alignment verification (see Section 4.5).

4.2 Baseline

We compare our approach with the strong SMT and NMT basic model and the homogeneous
previous works:

• Moses: The dominant phrase-based SMT system with the default configuration and a 4-
gram language model. We train the model on the entire training data. In low-resource set-
tings, SMT tends to achieve better performance than NMT [19].

• Transformer [20]: The dominant approach that obtained significant performance on ma-
chine translation and predicts target sentence from left to right, relying on self-attention.
We run Transformer as well as Moses on the default corpus without data augmentation.

• Code-switching [17]: A data augmentation approach that uses replace strategy for term lex-
icon introducing. For each source-target word, randomly sampling k1 matching sentences
to replace a source-side word with its target-side word. For each combination of two source-
target word pairs, the sampling hyper-parameter is set to k2 and both source-side matching
words are replaced with their target translations.

• Term-constraint [18]: A data augmentation approach that utilizes an external lexicon on
the generic NMT architecture. The approach provides two strategies: append and replace

for data augmentation. For append, the target words in the lexicon are appended to the
corresponding source words. For replace, the words in source sentences are replaced by
the corresponding words in the lexicon. We compare our approach to the append strategy,
which performs better according to the conclusion of the work.

4.3 Preprocessing and Training Details

We tokenize the datasets using our inhouse toolkit, which is high performance, and the source
codes are included in the supplementary documents. For POS tagging, we use the POS module in
the inhouse toolkit that is implemented based on jieba tools7 and VnMarMoT.8 To avoid confusion
between English letters and POS tags, we do not use the BPE approach on the experimental parallel
corpus. In addition, to prevent the Code-switching and Term-constraint model from degenerating
into greedy replacement, we follow the instructions in [17, 18] and annotate only the word pairs
that present in both source and reference.
We follow the guidelines of Sennrich and Zhang [19] on optimizing low-resource NMT and

adopt prudent parameter settings. The vanilla Transformer model for running baseline and our

6https://www.dict.land/.
7https://github.com/fxsjy/jieba.
8https://github.com/datquocnguyen/VnMarMoT.
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Table 3. Recognition Results of ALT and Inhouse Datasets

Noun Verb Adjective After sv
ALT 4.4% 5.6% 4.1% 94%

Inhouse 6.2% 6.9% 4.7% 93%

Note: “sv” denotes strict word alignment verification.

approach comprise 2-layer encoders and decoders, a shared source, and target embeddings. More-
over, the batch size is set to 128 and the dimensions of word embeddings, hidden states, and the
filter sizes are set to 256, 256, and 512, respectively. We use the dropout of 0.1 and set label smooth-
ing to 0.1 for regularization. For model optimization, we use the Adam [21] optimizer and set the
learning rate to 10−3. We stop training early when there is no improvement of the BLEU for 10
consecutive checkpoints. During inference, we use beam search with the beam size of 4 and length
penalty of 1 for all datasets. The models are trained on one P100 GPU and are evaluated every 1,000
steps.

4.4 Evaluation

We choose the case-insensitive 4-gram BLEU score as the main evaluation metrics [22] and adopt
the script multi-bleu.perl in the Mose toolkit.9 Significance tests are conducted based on the best
BLEU results by using bootstrap resampling [23]. For all datasets, we use the checkpoint, which
has the best performance on the validation set. Checkpoint averaging is not adopted except for
specific notification.

4.5 Experimental Results

Recognition rates. Table 3 shows the recognition results. The “noun,” “verb,” and “adjective”
columns denote the recognition rates of the three kinds of modifier sequences, respectively, com-
puted as the percentage of times the modifier sequence was recognized out of the original sentence
pairs. “After sv” columns denote the rates of modifier sequences that meet strict word alignment
verification, computed as the percentage of times the qualified modifier sequences out of the total
modifier sequences.
The first observation we make is that the overall retrieval rate on the inhouse dataset is higher

than the ALT dataset. A possible reason is that the inhouse corpus comprises a certain number
of parallel sentences that cover the literary domain. Compared with ALT datasets, which mainly
contain journalistic domains, sentences that belong to the literary domain are more likely to con-
tain descriptive pieces. Moreover, we use the lexicon for the strict word alignment verification of
data augmentation described in Section 3.2. Each modifier symmetry pair should not only meet
the word alignment constraints but also pass the semantic checks to ensure that they are matched
in the lexicon. Note that when checking for matches of the words inside a modifier symmetry pair,
synonyms are also considered as successful matching.We also observe that at least 93% of modifier
sequences passed strict verification. The results show that our approach can accurately recognize
linguistic differences even without lexicon verification.
Translation Quality. Table 4 shows the experimental results evaluated by BLUE score. For

the ALT dataset, our approach scores between 10.57 and 11.08 BLEU points higher than the best
baseline system on the zh→vi translation task. There is a similar increasing trend on the vi→zh
task. For the inhouse dataset, our approach outperforms the best baseline system on the zh→vi
task and vice versa. In addition, we note that in our approach, using specific tagging (st) performs
better than using unified tagging (ut).

9http://www.statmt.org/moses.
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Table 4. TranslationQuality Evaluation of ALT and Inhouse Datasets

Models ALT Inhouse
zh→vi vi→zh zh→vi vi→zh

Moses 8.84 8.72 17.16 17.94
Transformer 8.51 8.44 17.88 18.36

Code-switching 9.23 9.09 18.90 18.77
Term-constraint 9.50 9.27 18.85 18.64
Our approach(ut) 10.57 9.81 19.73 19.10
Our approach(st) 10.76 10.08 19.90 19.17

Our approach(ut+sv) 10.84 10.25 19.95 19.21
Our approach(st+sv) 11.08 10.43 20.19 19.42

Note: “ut,” “st,” and “sv” denote unified tagging, specific tagging, and strict word

alignment verification respectively.

Table 5. Fluency Evaluation on ALT Dataset

Evaluation Models
Moses Transformer Code-switching Term-constraint Our approach (st)

RIBES 70.44 70.72 71.63 71.85 73.34
Fluency 3.38 3.41 3.49 3.52 3.81

As the baseline models, Code-switching and Term-constraint are lexicon based; we run them on
the artificially built lexicon. For a fair comparison, we also use the lexicon to make a strict word
alignment verification (sv) in our approach. As shown in Table 3, due to the strict verification
on the modifier symmetry annotation, suboptimal matches (about 7%) are not utilized for new
corpus building (see rows 8 and 9). We observe that using strict word alignment verification brings
performance improvement compared with not using it. The results are also consistent with the
conclusion in [19] that noise avoidance is very important in low-resource NMT. Although the
strict word alignment verification causes about 7% loss of the modifier sequence, it still results in
a performance boost. A possible reason is that our approach retains more than 93% of the modifier
sequences, which are accurate and can be used for providing guidance information in the model
training. The results demonstrate that our approach is robust and works well without external
resources, such as lexicons.
Fluency. To investigate the effect of our approach on translation fluency, we evaluate our

model by automatic evaluation (RIBES [24]) and manual evaluation (Fluency [25]), respectively.
According to Table 5, for RIBES evaluation, our approach outperforms Transformer by 2.62
points, Code-switching by 1.71 points, and the Term-constraint model by 1.49 points. For manual
evaluation, we randomly sample 300 source language sentences from the test set and ask three
evaluators with knowledge of Chinese and Vietnamese linguistics to evaluate the translations
without being told which system the translations are from. As shown in Table 5, our approach
outperforms the best baseline system Term-constraint by 0.29 Fluency points. We observe that
compared with the BLEU improvement reported in Table 4, our method shows a more significant
improvement in fluency evaluation, which demonstrates that our approach can not only guide
the generation of the target words but also makes the modifier sequence in the translation more
accurate by rule-level constraints.
Copy behavior. The data augmentation baseline models based on lexicon integration en-

courage the integrated word in the source to be copied in the generated translation, while our
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Table 6. Copy Behavior Evaluation on ALT and Inhouse Datasets

Dataset Total Compliance with Modifier Symmetry
baseline ut st baseline ut st

ALT 61.3% 59.9% 54.2% — 84% 88%
Inhouse 64.9% 63.7% 59.4% — 81% 87%

Note: “ut” and “st” denote unified tagging and specific tagging, respectively. “Compliance with modifier

symmetry” denotes the rates of word sequences that comply with modifier symmetry out of all output

words.

Table 7. Example of Chinese-Vietnamese Translation Task

Note: We use the underline fonts to indicate the different translations of the modifier sequence in baseline and our

approach.

approach encourages the copy behavior explicitly by integrating modifier sequences. We conduct
relevant analysis on the zh→vi translation task to investigate the difference in copy behavior.
Specifically, we record the words added in the input sentence and compute how often they appear
in the translated sentence. As seen in the columns under “Total” in Table 6, the number of words
output by our approach (ut or st) is lower than those output by the baseline. However, the rates of
word sequences in the output that comply with modifier symmetry after translation are over 81%.
Considering that the output of translation in the NMT procedure is probability based, the rates are
satisfactory. Considering the result of BLEU and fluency evaluation, we observed that the model
can achieve better performance and fluency with a lower copy rate compared with baseline. A
possible reason is that the integration of modifier sequences enforces the model to focus on the
translation of modifier pieces, which is well suited for Chinese-Vietnamese translation task.
Case Study. Apart from the quantitative analysis, we provide a translation example of our pro-

posed approach. In the first example in Table 7, the Chinese word “ ” (war) is translated more
accurately in our approach compared with the baseline model Transformer. Moreover, the Trans-
former baseline model translates the Chinese modifier sequence “ (very) (tough)” to

“rất (very) khó khan (hard),” while our model outputs “khó khan (hard) rất (very).” Compared with
the former, the latter sentence is a more human-acceptable translation that is consistent with the
linguistic rules of Vietnamese. The main possible reason for this phenomenon is that our approach
provided clear guidance for the generation of modifier sequences. As the length of the sample

sentence is short, there are only slight differences—cuộc chiến (fight) and trận chiến (war)—between
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the two translations. The improvement of BLEU will not be very significant, whereas the trans-
lation generated by the latter is undoubtedly more consistent with the real expression. Similar
translation behaviors can also be observed in the second example.

5 CONCLUSIONS

This article explores a data augmentation approach for boosting low-resource NMT performance
by using linguistic differences. We choose modifier symmetry, one of the most significant features
of language differences between Chinese and Vietnamese, for the representation. Based on the
recognition algorithm that we proposed, we recognize the modifier symmetry efficiently and in-
tegrate it into the data augmentation procedure. In addition, two different tagging strategies are
proposed to integrate modifier sequences into the original corpus. We perform data augmenta-
tion before training with negligible calculation overhead and release an open-source toolkit with
an efficient and modularized implementation. Experimental results show that our approach can
achieve significant improvement in the Chinese-Vietnamese translation task comparedwith strong
transformer baseline systems and previous homogeneous works.
In our future work, we plan to optimize the linguistic rules used in the recognition algorithm

in order to represent language differences more accurately. Formalized expression of other rep-
resentative linguistic differences between the two languages is also our concern. In addition, we
would like to investigate better techniques to integrate information of language differences, such
as NMT structural modification techniques.
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