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Cross-lingual sentence embedding’s goal is mapping sentences with similar semantics but in different lan-

guages close together and dissimilar sentences farther apart in the representation space. It is the basis of

many downstream tasks such as cross-lingual document matching and cross-lingual summary extraction. At

present, the works of cross-lingual sentence embedding tasks mainly focus on languages with large-scale cor-

pus. But low-resource languages such as Chinese-Vietnamese are short of sentence-level parallel corpora and

clear cross-lingual monitoring signals, and these works on low-resource languages have poor performances.

Therefore, we propose a cross-lingual sentence embedding method based on contrastive learning and effec-

tively fine-tune powerful pretraining mode by constructing sentence-level positive and negative samples to

avoid the catastrophic forgetting problem of the traditional fine-tuning pre-trained model based only on

small-scale aligned positive samples. First, we construct positive and negative examples by taking parallel

Chinese Vietnamese sentences as positive examples and non-parallel sentences as negative examples. Sec-

ond, we construct a siamese network to get contrastive loss by inputting positive and negative samples and

fine-tuning our model. The experimental results show that our method can effectively improve the semantic

alignment accuracy of cross-lingual sentence embedding in Chinese and Vietnamese contexts.
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1 INTRODUCTION

The purpose of the cross-lingual sentence embedding task is to encode the sentence semantic in-
formation of different languages and map it to a language-independent shared embedding space
for alignment, so sentences with similar semantics in different languages have similar vector repre-
sentation [1], to realize the transmission of semantic information between different languages. As
the mainstream method to obtain cross-lingual sentence embedding, the multilingual pre-training
model can well capture the syntactic and semantic features in different language sequences [2].
Therefore, it is often used to solve some more complex cross-lingual tasks, such as cross-lingual
document matching [3], cross-lingual summary extraction [4].
However, most of the existing sentence embeddingwork focuses on languages with rich corpora

and a large number of co-occurringwords (such as English, French [5]), which can help to fine-tune
the model. But in languages with scarce parallel sentences corpus such as Chinese-Vietnamese,
due to the large syntax differences between languages and the lack of co-occurring words, the pre-
training model lacks sufficient anchors, resulting in poor results of previous work [6]. As shown
in Figure 1, the semantic correspondence of words in Chinese-Vietnamese sentences A(S,T ) does
not follow word order correspondence, which leads to a large semantic alignment error in the
contextual cross-lingual sentence embeddings learned by the encoder only trained in Chinese and
Vietnamese monolingual corpus. And due to the catastrophic forgetting problem, the pre-training
model can only focus on one task. It means that when learning the current task B, the knowledge
of the previous task A will be lost suddenly.
As shown in Figure 2, Libovický et al. [7] experimentally found that in the mBERTmodel [8] and

XLM, the learned multilingual embeddings are fused in the same semantic space in a seemingly
chaotic state, but the embedding spaces corresponding to different languages are offset to varying
degrees according to the similarity difference between languages. In language pairs with great
differences such as Chinese and Vietnamese, the offset between embedding distributions will affect
the semantic similarity calculation of contextual cross-lingual sentence embeddings and reduce
the accuracy of the multilingual pre-training model in Chinese Vietnamese sentence semantic
alignment task [9].
To solve the above problems, this article proposes a method for fine-tuning Chinese-Vietnamese

contextual cross-lingual sentence embeddings by constructing a positive and negative sample
and fusing siamese network to alleviate the problem of poor semantic alignment of Chinese-
Vietnamese contextual cross-lingual sentence embeddings in multilingual pre-training models due
to the scarcity of Chinese-Vietnamese sentence-level parallel corpus and high linguistic variability.
We conducted experiments based on mBERT and XLM models, respectively, and the experimental
results show that our method can effectively improve the semantic alignment accuracy of cross-
lingual sentence embedding in Chinese and Vietnamese contexts.
To summarize, our contributions are as follows:

• Based on the mBERT model and combined with contrastive learning, a cross-lingual sen-
tence embedding fine-tuning model mBERT-SF for Chinese-Vietnamese low-resource bilin-
gual tasks is designed and implemented.
• The effectiveness of themethod in improving the semantic alignment of Chinese-Vietnamese
contextual cross-lingual sentence embeddings was verified in conjunction with a Chinese-
Vietnamese cross-sentence semantic matching task.

2 RELATEDWORK

2.1 Multilingual Pre-training Model

Each contextual embedding in a multilingual pre-training model is related to the whole sequence
of its input by using the deep learning framework, which can better capture syntactic and
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Fig. 1. Differences in grammar and word building between Chinese and Vietnamese.

Fig. 2. Deviation between embedding subspaces of Chinese and Vietnamese in mBERT model.

semantic features in input sentences of different languages. Furthermore, the multilingual pre-
training model is the mainstream approach to obtaining cross-lingual sentence-level embeddings
today.
The multilingual pre-training approach originated from Artetxe et al. [10], who proposed an

encoder-decoder framework consisting of a bidirectional LSTM, where the model is pre-trained
using a shared BPE word list of 93 languages and a parallel corpus (containing both European
and Tanzir languages) to obtain multilingual contextual embeddings. Later, the Rosita model pro-
posed by Mulcaire et al. [11] demonstrated the benefits of multilingual pre-training models on
low-resource languages. Papadimitriou et al. [8] proposedmulti-lingual BERT (mBERT) based
on the BERT model [12], which enables the BERT model to be better used for solving cross-
lingual tasks by pre-training BERT using Wikipedia data with more than 100 languages. Subse-
quently, Lample et al. [13] proposed the XLMmodel to learn multilingual language model by using
three pre-training approaches: Causal language modeling (CLM), Masked language model-

ing (MLM), and Translation language modeling (TLM), which refreshed the best results on
many tasks. The XLM-R model [14] further extends the corpus from Wikipedia data to web-wide
data on top of XLM, allowing the model to be more rich-resource and validating the significant
performance improvement of the large-scale multilingual pre-trained model in cross-lingual mi-
gration tasks. And in Liu et al.’s work [15], a plug-and-play embedding generator is introduced to
produce the representation of any input token, according to pre-trained embeddings of its mor-
phologically similar ones. Thus, embeddings of mismatch tokens in downstream tasks can also be
efficiently initialized. And they get more efficient and better performed downstream NLG models.

2.2 Contrastive Learning

The concept of contrastive learning originates from unsupervised learning. Compared with a su-
pervised learning algorithm, unsupervised learning has no label guidance, and it is more difficult
to learn the characteristics of samples in the training process [16, 17]. Contrastive learning is a
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data enhancement method. It is mainly to build positive and negative cases and use the contrast
loss training model proposed by Hadshell et al. (dimensional reduction by learning an invariant
map) to make the distance between positive cases as close as possible and the distance between
negative cases as far as possible after mapping to the common semantic space. This method can
only use a small amount of data to get better experimental results.
In machine translation, many scholars have applied comparative learning to machine transla-

tion. For example, in Gao’s work [18], different sentence representation vectors are obtained by
masking different words of the same sentence, so only dropout is used as data enhancement to
predict the sentence itself for comparative learning. And Yung et al. [19] try to replace the masked
part and predict the replaced part by combining the representation vector of the original sentence
to obtain an encoder that can fully express the view of the sentence. To make the translated sen-
tences show the characteristics of the author, the article “Towards User-Driven Neural Machine
Translation” [20] also introduces the user behavior characteristics in the cache to make the trans-
lated text conform to the user’s local language habits. They provide a cache-based module, and a
user-driven contrastive learning method is proposed to offer NMT the ability to capture potential
user traits from their historical inputs under a zero-shot learning fashion based on contrastive
learning. And the experimental results confirm that the proposed user-driven NMT can generate
user-specific translations.
Based on contrastive learning, Bromley et al. [21] proposed a twin neural network (SNN) for

verifying signatures on handwritten input boards, which is a coupling network constructed by
two artificial neural networks with the same architecture.
The siamese neural network proposes to input two data into two sub-neural networks as a group

and output the corresponding high-dimensional embedding as a representation. It compares the
similarity between the two data by calculating the Euclidean distance between the two representa-
tion vectors. Therefore, it is often used in image recognition and matching tasks. To better match
the input data, the parameters are usually shared between two sub-neural networks. The model is
trained by comparing the similarity of two sentence representation vectors calculated by two neu-
ral computing networks with the same parameters. This method can effectively reduce the time
complexity and greatly shorten the calculation time. It has been proved that this method has an
excellent performance in classification tasks, regression tasks, and tasks in the form of Triplet.
Twin neural networks have excellent performance in natural language processing tasks. Nils

et al. [5] used twin networks to encode English sentences and fine-tune BERT and RoBERTa mod-
els in combination with various tasks. Wang et al. [22] also used twin networks to calculate the
similarity of Chinese sentences.

3 CONTEXT-BASED CHINESE-VIETNAMESE CROSS-LINGUAL SENTENCE

EMBEDDING MODEL

To sum up, based on the multilingual pre-training model mBERT, this article proposes a Chinese-
Vietnamese contextual cross-lingual sentence embedding fine-tuning method integrating the
siamese network (mBERT-SF). By building a fine-tuning layer with the idea of a siamese network
in the image processing field, the contextual cross-lingual sentence embeddings obtained in the
mBERTmodel are reconstructed to achieve higher semantic similarity, better alignment, and more
reasonable distribution among the Chinese-Vietnamese sentence embeddings, thus alleviating the
semantic alignment bias problem of the mBERT model on language pairs with large linguistic
differences like Chinese-Vietnamese. The overall architecture of the model is shown in Figure 3.
The context-based Chinese-Vietnamese cross-lingual sentence embedding model mainly

consists of a Chinese-Vietnamese contextual cross-lingual sentence embedding acquisition layer
based on the mBERT model and a fine-tuning layer constructed by a siamese network. The model
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Fig. 3. Context-based Chinese-Vietnamese cross-lingual sentence embedding model.

first inputs the constructed Chinese-Vietnamese parallel sentence pairs and randomly selected
Vietnamese sentences into the mBERT model to obtain the corresponding contextual sentence
embeddings, where V .avд−S represents the average value of the vectors corresponding to the
Chinese word segmentation result in mBERT,V .avд−T represents the average value of the vectors
corresponding to the Vietnamese word segmentation result in mBERT in the positive sample
composed of parallel sentence pairs, and V .avдS−T represents the average value of the vectors
corresponding to the Vietnamese word segmentation result in the contextual embedding of
randomly selected Vietnamese sentences in the negative sample. After the linear reconstruction
layers fusing the siamese network structure, the fine-tuned contextual cross-lingual sentence
embeddings V .avд−S ∗, V .avд−T ∗, and V .avдT−N ∗ are, respectively, obtained. Then, fed them to
the matcher for loss calculation to reverse optimize the linear reconstruction layers.

3.1 Chinese-Vietnamese Contextual Cross-lingual Sentence Embedding based on

mBERT Model

In the cross-lingual sentence embedding learning process, the mBERT model takes monolingual
sentences as input and adds [CLS] and [SEP] tags at the beginning and end of the sentences, re-
spectively, to delimit the sentence extent. Unlike the word-splittingmechanism in traditional static
embedding methods [23], the mBERT model uses a sub-word list with language unit granularity
between characters and words to segment the input sentences. And Chinese is divided by word as
the smallest unit, while Vietnamese is divided by word or syllable as the smallest unit, as shown
in Table 1. Where “##” means that the syncopated character or word needs to be connected to the
preceding character.
Take the processing of Chinese input sentences as an example: The mBERT model divides “我

爱吃苹果” into five individual characters by finding the sub-word word list and generates a corre-
sponding one-dimensional word vector for each character. In addition, a text vector for portraying
the global semantic information of the input sequence is automatically learned based on the [CLS]
and [SEP] labels added to the model and fused with other word vectors for distinguishing the
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Table 1. Example of Chinese Vietnamese Sentence Pair Segmentation in mBERT Model

content information represented by different sentences. Finally, because of the difference in se-
mantic information carried by characters or words appearing at different positions in the text (e.g.,
“我爱你” and “你爱我”), the mBERT model also appends a position vector to the word vectors
at different positions to differentiate them. In the final output layer, the model generates a corre-
sponding 768-dimensional vector as a representation for each of the sliced word vectors and labels.
For the acquisition of Chinese-Vietnamese contextual cross-lingual sentence embedding, this ar-

ticle tests twomethods, respectively: Onemethod is to directly use the output vector corresponding
to the [CLS] layer in the mBERT output as the representation of the entire sentence. The [CLS]
tag can further capture contextual information in the input sequence through the Self-Attention
mechanism [24] and is therefore commonly used as a sentence-level semantic representation. The
other is the average vector method, that is, the average vector of the word vector in the seventh
hidden layer of the mBERT model is used as the representation of the input sentence. The average
vector method can capture the representation of each word in the sentence, so it is also a common
method for sentence representation [5].

3.2 Linear Fine-tuning Layer based on Siamese Networks

Although the Chinese-Vietnamese contextual cross-lingual sentence embedding obtained based
on the mBERT model can extract semantic information from each word in the text, the lack of
parallel corpus as a supervisory signal in the model training process leads to a certain alignment
bias in the distribution of the learned contextual sentence embeddings with language variability.
Therefore, a cross-lingual sentence embedding fine-tuning layer integrating the siamese network
structure is proposed to reconstruct the contextual cross-lingual sentence embedding of Chinese
and Vietnamese to maximize the similarity between the same semantic embedding and improve
the semantic alignment accuracy of the mBERT model in Chinese-Vietnamese cross-lingual tasks.
The overall structure of the fine-tuning layer is shown in Figure 4.

The fine-tuning layer consists of two subnetworks Network1/Network2 with the same structure
and a matcher. Based on the idea of the linear mapping in static cross-lingual word embedding,
the linear reconstruction layer composed of two subnetworks reconstructs the Chinese sentence
embedding V .avд−S and Vietnamese sentence embedding V .avд−T corresponding to the Chinese
and Vietnamese input sentence pairs, respectively. Each subnetwork is composed of a full connec-
tion layer and a Dropout layer [25]. Among them, the size of the full connection layer is 768 * 768
dimensions, which is responsible for the feature extraction of the original context sentence em-
bedding output by the mBERT model. To further improve the generalization ability of the model,
a Dropout layer is added after the full connection layer FC to prevent the overfitting problem of
the model by randomly eliminating the neurons in the full connection layer with a probability p.

The two sub-networks Network1 and Network2 feature extraction process is shown in Equa-
tion (1). Since the structure of the two networks is the same and the weights are shared, we use
the same formula here to show the computational process of both. x represents the contextual
cross-lingual sentence embedding V .avд−S , V .avд−T before the fine-tuning of Chinese or
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Fig. 4. Linear fine-tuning layer integrated with siamese network structure.

Vietnamese.

y = p f (Wx ) (1)

In Equation (1), y represents the output is reconstructed by subnetworks Network1 and Net-
work2, where p f (Wx ) represents the output of the dropout layer, p is the random rejection prob-
ability of neurons, andW is the weight value of fully connected layer FC. The final result y can
represent the reconstructed Chinese and Vietnamese contextual sentence embeddings Ezh and Evi .
Since the training goal of the subnetworks in the model is to make the contextual sentence em-

beddings in the positive samples as similar as possible and the sentence embeddings between the
negative samples as not similar as possible after feature extraction, this article uses contrastive loss
as the fine-tuning criterion to fine-tune the two sub-networks in reverse, as shown in Equation (2).

L(W ) =
1

2
(1 − l ) ∗ D (Ezh ,Evi )

2 +
1

2
l ∗max (0,m − D (Ezh ,Evi ))

2, (2)

D (Ezh ,Evi ) = ‖Ezh − Evi ‖2, (3)

where Ezh and Evi are Chinese and Vietnamese contextual cross-lingual sentence embeddings re-
constructed by the fine-tuning layer. D (Ezh ,Evi ) represents the Euclidean distance between the
two embeddings, as shown in Equation (3). l represents the label corresponding to the input Chi-
nese and Vietnamese sentence pair when the input is a positive sample constructed from parallel
sentence pairs, l = 0 when it is a negative sample composed of non-parallel sentence pairs, l = 1.
m is the maximummargin value of margin, and by operatingm−D (Ezh ,Evi ), a smaller loss can be
generated for the pairs of sentences in the negative samples where the Euclidean distance exceeds
the margin value to satisfy the optimization objective of the model.

4 EXPERIMENT

4.1 Dataset

Since English belongs to the Indo-European language family alongwithmany European languages
and is the largest language system in theworld, the current training set for fine-tuningmultilingual
pre-training models is mostly the English dataset. However, the grammatical structure and word
formation rules of Chinese and Vietnamese are different from those of English, so English is not
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Table 2. Examples of Chinese-Vietnamese Parallel Sentence Pairs

Table 3. Training Set Examples after Adding Chinese-Vietnamese Non-parallel Sentence Pairs

the best choice for fine-tuning the Chinese-Vietnamese cross-lingual embedding. And the model
needs to construct a small-scale Chinese-Vietnamese parallel sentence pair dataset as the training
set for the fine-tuning method in this article first.
The Chinese-Vietnamese parallel sentence pairs in the dataset aremainly fromWikipedia, which

is the current mainstream encyclopedia website with entries in over 100 languages around the
world. Although there is still a large gap between the Vietnamese corpus and resource-rich lan-
guages such as Chinese, there are still many paragraph-level comparable corpora, most of which
are derived from encyclopedic entries on the same topic, and their semantic contents are very
close. Using web crawler technology, about 20,000 sizes of Chinese-Vietnamese pseudo-parallel
sentence pairs were extracted fromWikipedia. To ensure the quality of the sentences, Chinese and
Vietnamese sentences with some words less than 5 were removed, respectively, then the wrong
sentence pairs containing special characters were eliminated using regularization technology, and
finally, the 2016 pairs with the highest semantic similarity were filtered out from the remaining
7,000 pairs as positive samples. In addition, 448 Chinese-Vietnamese parallel sentence pairs were
also manually refined and labeled as a test set to ensure the validity of the model effect evaluation,
and the data of parallel sentence pairs were constructed in the format shown in Table 2, with a
label of 0 representing the data as parallel sentence pairs.
Due to the limited scale of positive sample data construction, to further improve themodel’s abil-

ity to discriminate different semantic sentence embeddings, negative sample data of the same scale
as positive samples are also constructed as the training set. The 2016 negative sample sentence
pairs were constructed by randomly selecting Vietnamese-translated sentences for the Chinese
sentences in the positive sample that also belonged to the positive sample but did not correspond
semantically, and mixing them with the positive sample, the format of the constructed data is
shown in Table 3, and the data label used for the negative sample is 1.
The size of each dataset is shown in Table 4.

4.2 Experimental Parameter Setting

The parameters of the fine-tuning layer fusing the siamese network are set as follows: The
Chinese-Vietnamese contextual cross-lingual sentence embedding dimension as input is 768
dimensions, and the output embedding dimension after fine-tuning is constant. The random
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Table 4. The Scale

of Datasets

Dataset Scale

Training Set 4,032
Test Set 448

masking probability of the Dropout layer neurons p is 0.2 for the two sub-networks in the siamese
network. The maximum margin valuem in the matcher consisting of contrastive loss is set to 1.0.
Model optimization using the Adam optimizer with a learning rate lr of 5e-6, a batch_size of 64
for the training samples, and epochs of 70 for the iterative rounds. The normalization parameters
performed for the Chinese-Vietnamese contextual cross-lingual sentence embedding after fine-
tuning the output are [“unit”, “center”, “unit”], where “unit” stands for length normalization and
“center” stands for centering operation. The exploration experiments about the optimal parameter
settings of the model are detailed in Section 3.5.

4.3 Evaluating Indicator

In the Chinese-Vietnamese cross-lingual sentence semantic matching task, the model uses cosine
similarity to measure the semantic similarity between two contextual cross-lingual sentence em-
beddings. The model uses the accuracy of sentence alignment P@N (the semantic alignment ac-
curacy when N Vietnamese sentences are selected as candidates) as a measure of the model’s
semantic alignment effectiveness, which is calculated as shown in Equation (4).

P =

∑T
i ‖C (Ezh )‖

T
× 100%, (4)

where T represents the size of the Chinese-Vietnamese sentence pairs in the test set, and C (Ezh )
represents the list of Vietnamese sentence candidates retrieved by the model based on the cosine
similarity for the Chinese contextual cross-language sentence embedding Ezh , and takes 1 if the
set of candidate sentences C (Ezh ) contains the correct Vietnamese translation, otherwise takes 0.
The cosine similarity is calculated as shown in Equation (5), where Evi is the Vietnamese con-

textual cross-lingual sentence embedding in the test set.

cos(Ezh ,Evi ) =
EzhEvi

‖Ezh ‖2 × ‖Evi ‖2 . (5)

4.4 Baseline Model

To highlight the effectiveness of this article’s fine-tuning approach in alleviating the problem of
contextual cross-lingual sentence embedding alignment bias of mBERT models due to Chinese-
Vietnamese language variability, three current mainstream multilingual pre-training models were
selected as baselines and tested for comparison on Chinese-Vietnamese cross-lingual sentence
semantic matching task and visual embedding distribution experiment, and each baseline model
is described as follows:

• mBERT model: the Multilingual BERT (mBERT) model proposed by Devlin et al. [8],
based on the original BERT model, uses the masked language modeling (MLM) method
to pre-train on Wikipedia data composed of 104 languages.
• XLM model: a multilingual pre-training model proposed by Lample et al. [13], which intro-
duces two additional pre-training methods,Causal languagemodeling (CLM) and Trans-
lation language modeling (TLM) based on BERT. The XLM model is also trained on the
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Table 5. Effects of Different

Pre-training Models on

Chinese-Vietnamese Sentence

Semantic Matching Task

Model P@1 P@5

XLM 58.0% 76.7%
mBERT 41.2% 62.5%
mT5 37.8% 59.2%
XLM-R 47.2% 67.8%
XLM-SF 70.1% 85.7%

mBERT-SF 63.1% 81.7%
mT5-SF 45.1% 65.2%
XLM-R-SF 54.1% 73.7%

Wikipedia corpus covering more than 100 languages, but the XLM model has more parame-
ters and a larger shared word list than the mBERT model.
• mT5 model: a multilingual variant of T5 [26] proposed by Linting et al. [27]. And it was
pre-trained on a new Common Crawl-based dataset covering 101 languages. mT5 inherits
all of the benefits of T5, such as its general-purpose text-to-text format, its design based on
insights from a large-scale empirical study, and its scale.
• XLM-R model: The XLM-RoBERTa Large model proposed by Conneau et al. [28] on the
basis of the XLM model is a large-scale multilingual pre-training model that uses the entire
network data with a larger amount of data than Wikipedia as training corpus.

4.5 Analysis of Experimental Results

4.5.1 Chinese-Vietnamese Cross-lingual Sentence Semantic Matching Task Review. To verify the
effectiveness of this article’s fine-tuning method on the multilingual pre-training model mBERT, a
set of comparative experiments is designed to compare the Chinese and Vietnamese contextual
cross-lingual sentence embeddings directly outputted by mainstream multilingual pre-training
models such as mBERT and sentence embeddings outputted after linear fine-tuning on the Chinese
and Vietnamese cross-lingual sentence semantic matching task, respectively. The task first normal-
izes the contextual cross-lingual sentence embeddings corresponding to the Chinese-Vietnamese
sentence pairs in the test set and then uses cosine similarity to find semantically corresponding
N Vietnamese sentence embeddings as candidates for matching for each Chinese sentence embed-
ding in the test set, and the semantic matching accuracy P@N results of different models at N
candidate sentences are shown in Table 5.
By analyzing the experimental results in the table, it can be seen that the Chinese-Vietnamese

contextual cross-lingual sentence embeddings obtained by the fine-tuned mBERT-SF method can
improve the semantic alignment accuracy of Chinese-Vietnamese contextual cross-lingual sen-
tence embeddings compared with the original model like mBERT, XLM et al. mainstream multi-
lingual pre-training models in the Chinese-Vietnamese cross-lingual sentence semantic matching
tasks @1 and @5, which fully demonstrates that the mBERT-SF method can effectively improve
the semantic alignment accuracy of Chinese-Vietnamese contextual cross-lingual sentence embed-
dings using only small-scale Chinese-Vietnamese parallel sentence pairs and alleviate the seman-
tic bias problem caused by the scarcity of Chinese-Vietnamese sentence-level parallel corpus in
the mBERT model. Meanwhile, by comparing the alignment accuracy of different models on the
Chinese-Vietnamese cross-lingual sentence semantic matching task, it can be seen that the effect of
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Fig. 5. Alignment accuracy of models based on different sub-network structures.

the XLMmodel >mBERTmodel, and the effect decreases gradually with the increase of model data
volume and the number of parameters. It is speculated that this is due to the uneven amount of data
used in model training and the variability of different languages. Vietnamese, as a low-resource
language, has a significantly lower percentage of the training corpus than resource-rich languages
such as English, resulting in the cross-lingual knowledge learned by the model being more biased
toward Indo-European languages and poorly migrated to languages with larger linguistic differ-
ences and smaller scales such as Vietnamese. This also corroborates that the Chinese-Vietnamese
contextual cross-lingual sentence embedding reconstructed by the siamese network fine-tuning
layer eliminates the influence of language variability on the semantic similarity calculation and
preserves the semantic information as better as possible, which makes the mBERT model applica-
ble to cross-lingual tasks on low-resource language pairs with large differences such as Chinese
and Vietnamese.

4.5.2 Effect of Different Fine-tuning Layer Structures on Model Effects. In the fourth group of
experiments, to explore the optimal fine-tuning layer architecture, three different structures of
subnetwork were constructed as reconfiguration layers in the fine-tuning layer, and the three
structures are shown in Figure 5.
Among them, the (a) figure is a single-layer linear reconstruction network constructed based

on the linear idea, consisting of a fully connected layer fc1 and a Dropout layer; (b) figure is a
single-layer nonlinear network structure constructed by adding an activation function layer on
the base of the single-layer linear reconstruction network, and after comparing the model effect
on Relu function and tanh function, the tanh function is finally selected as the activation function
layer optimal setting. Figure 5(c) is a two-layer nonlinear reconstruction network composed of
a new fully connected layer fc2 on the base of Figure 5(b). The best experimental results of the
three subnetworks structure after 10 rounds of iterative training with the same optimal parameter
settings on the test sets of cross-lingual sentence semantic matching tasks @1 and @5 are shown
in Table 6.
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Table 6. Alignment Accuracy of Models Based on

Different Sub-network Structures

Model P@1 P@5

linear single-layer 63.1% 81.7%
nonlinear single-layer(tanh) 53.3% 72.3%
nonlinear single-layer(ReLU) 35.5% 57.4%
nonlinear double-layer(tanh) 52.9% 73.8%

Fig. 6. Alignment accuracy of models based on different data volume.

By analyzing the data in the table, it can be seen that the single-layer linear structure achieves
the best alignment effect compared with the nonlinear structure. Therefore, the model finally
adopts the linear structure as the architecture of the two subnetworks in the reconstruction layer.
In the comparison of nonlinear structures, the alignment accuracy of the model decreases with
the increase in model complexity. It is speculated that this is because the mapping process of
two full connection layers will lead to the loss of semantic information in the original contextual
cross-lingual sentence embedding. While the single-layer network structure can reconstruct the
Chinese-Vietnamese contextual cross-lingual sentence embedding, it can also retain the semantic
information extracted from the original embedding to a great extent. Therefore, the single-layer
linear structure is finally selected as the sub-network architecture of the reconstruction layer in
this method.

4.5.3 Effect of Different Data Volume on Model Effects. To explore whether the amount of data
has an impact on the effect of the model, the fifth group of experiments was divided into seven
groups according to the amount of data used in the training model. Different amounts of data
were input into the model with the same parameters. The best experimental results on Chinese
Vietnamese cross language sentence meaning matching tasks @1 and@5 in the test set are shown
in Figure 6.
By analyzing the data in the table, it can be seen that when the amount of experimental data is

less than 1,000, the alignment result is too low and unstable due to too little data volume. When
the amount of experimental data is greater than 1,000, the alignment accuracy of the model will
increase with the increase of experimental data. The rising rate will slow down after the amount
of experimental data reaches 3,000.

ACM Trans. Asian Low-Resour. Lang. Inf. Process., Vol. 22, No. 6, Article 176. Publication date: June 2023.



Cross-lingual Sentence Embedding for Low-resource Chinese-Vietnamese 176:13

Table 7. Alignment Accuracy of Models Based on Different

Measurement Methods

measurement methods P@1 P@5

Euclidean distance 63.1% 81.7%
Cosine distance 27.5% 40.6%
Manhattan distance 59.9% 74.3%

Table 8. Alignment Accuracy of Models Based on Different Sentence

Vector Value Methods

sentence vector value methods P@1 P@5

CLS 40.17% 58.04%
V .avд−12thlayer 54.9% 75.2%
V .avд−11thlayer 58.2% 75.0%
V .avд−10thlayer 60.3% 78.3%
V .avд−9thlayer 60.9% 79.1%
V .avд−8thlayer 62.7% 80.6%
V .avд−7thlayer 63.1% 81.7%

V .avд−6thlayer 62.7% 81.0%
V .avд−5thlayer 57.6% 77.7%
V .avд−4thlayer 51.1% 74.8%
V .avд−3rdlayer 50.8% 69.9%
V .avд−2ndlayer 48.7% 70.5%
V .avд−1stlayer 45.8% 67.2%
V .avд−alllayer 60.5% 80.1%

4.5.4 Effect of Different Measurement Methods on Model Effects. To explore the optimal
measurement method, the sixth group of experiments tested the models using Euclidean distance,
cosine distance, and Manhattan distance, respectively. The sentence meaning matching results
are shown in Table 7.
By analyzing the data in the table, it can be seen that under the optimal parameter setting, the

alignment accuracy obtained by using Euclidean distance measurement is the highest, while the
result using Manhattan distance is not as good as Euclidean distance. The use of cosine similar-
ity will lead to a worse effect on the model. This is because the cosine similarity is calculated by
calculating the angle between the two sentence vectors to calculate the difference between sen-
tence vectors. This will lead to the cosine distance being more distinguishing from the direction
difference and insensitive to the absolute value, so the sentence vectors with similar directions but
different distances in the semantic space are misjudged as similar sentence vectors, resulting in
poor sentence meaning-matching effect.

4.5.5 Effect of Different Sentence Vector Value Methods on Model Effects. To explore the optimal
method of sentence vector selection, we tested the effect of the average value of the CLS tag and
the vector at the different layers of the mBERT hidden layer on the task of Chinese Vietnamese
cross-lingual semantic matching. The experimental results are shown in Table 8.
It can be seen from the table that the experiment results in the middle layer network are the

best. The reason is that the mBERT model encodes rich linguistic-level information: The surface
information features are in the bottom layer network, the syntax information features are in the
middle layer network, and the semantic information features are in the upper layer network [29].
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Table 9. Alignment Accuracy of Models Based on

Different Inputs

inputs P@1 P@5

parallel corpus 55.1% 75.7%
parallel + non-parallel corpus 63.1% 81.7%

This means that the semantic vectors obtained from the middle layer network of the mBERTmodel
can better represent the syntactic features of sentences in different languages. Compared with
the word meaning information displayed by the underlying network and the overall semantic
features displayed by the high-level network, the syntactic information features are more effective
for sentence matching tasks.

4.5.6 Effect of Training on the Model by Using Only Parallel Sentences. To prove that non-
parallel corpora have positive help for model training, the seventh group of experiments compares
the training of models using only parallel corpora with the training of parallel corpora and non-
parallel corpora at the same time. The results are shown in Table 9.
It can be seen from the results in the table that non-parallel corpora are of positive significance

to the task of Chinese Vietnamese cross-lingual sentence meaning matching.

4.5.7 Visualization Comparison before and after Fine-tuning of Chinese-Vietnamese Contextual

Cross-lingual Sentence Embedding. To visualize the bias of embedding distribution in the multilin-
gual pre-training models due to Chinese-Vietnamese linguistic differences and the changes in the
distribution of Chinese-Vietnamese contextual cross-lingual sentence embeddings before and af-
ter fine-tuning, the contextual cross-linguistic sentence embeddings corresponding to the Chinese-
Vietnamese parallel sentence pairs in the test set in pre-training models such as mBERT and XLM
were downscaled to 2-dimensional embeddings. And using the matplotlib tool to visualize the
embedding distribution. Figure 7 shows the embedding distributions of Chinese and Vietnamese
contextual cross-language sentences after visualization with different multilingual pre-training
models and the mBERT-SF method. Among them, red and yellow represents Chinese sentence
embedding and blue represents Vietnamese sentence embedding. We use the average value of the
sentence representation embedding obtained from all layers of the model to draw the figure.
Figures 7(a) and (c) show the cross-lingual sentence embedding distributions of the XLM and

mBERT models, respectively. It can be seen that the Chinese and Vietnamese sentence embedding
distributions in the three models have obvious deviations, and the embedding subspaces of the
two do not overlap due to the Chinese and Vietnamese language differences. In Figures 7(b) and
(d), after the reconstruction of the siamese network fine-tuning layer, the overlap between Chinese
and Vietnamese sentence embedding spaces in the mBERT-SF and XLM-SF model is significantly
improved and the distribution is more uniform, whichmakes it easier to perform the semantic simi-
larity calculation between sentence embeddings and improve the accuracy of Chinese-Vietnamese
contextual cross-lingual sentence embedding in cross-lingual semantic alignment.

4.5.8 Influence of Different Languages on Model Effect. To prove that our method works in
different languages, we tested the effect of the model on Chinese-English and English-French,
respectively. Among them, Chinese and English do not belong to the same etymology; there are
no co-occurrence words and great grammatical differences. English and French belong to the same
etymology. The two languages have similar grammar and some words have similar meanings. We
used 2,000 pairs of parallel sentences and 2,000 pairs of non-parallel sentences in each language
as training sets. The experimental results are shown in Table 10.
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Fig. 7. Chinese-Vietnamese contextual cross-lingual sentence embedding distribution in different models.

Table 10. Alignment Accuracy of Models Based on Different

Input Language

Input Language
mBERT mBERT-SF

P@1 P@5 P@1 P@5

Chinese-English 71.1% 85.7% 73.0% 86.3%
English-French 76.8% 88.7% 78.5% 90.1%
Chinese-Vietnamese 41.2% 62.5% 63.1% 81.7%

From the analysis of the results in the table, it can be concluded that Chinese-English and
English-French, which contain rich expectations, use only a small amount of training corpus, and
the matching effect of both the mBERT and mBERT-SF models is better than that of Chinese-
Vietnamese. It can also be seen that the matching effect of mBERT-SF in different languages has
improved compared with mBERT. And we also tested the performance of our model on these two
pairs of languages with rich training corpus (20,000 pairs of parallel sentences and 20,000 pairs of
non-parallel sentences). The experimental results are shown in Table 11.

The experimental results can prove that when our method has a rich corpus as training data,
whether the target language belongs to the same language family or not, it has a certain improve-
ment on the baseline model.

4.5.9 Effect on Document-matching Task. To prove that our method is not only effective on
sentence-level matching tasks, we test the effect of the model on document-matching tasks. We
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Table 11. Alignment Accuracy of Models Based on Different Input Language

Input Language
mBERT mBERT-SF

P@1 P@5 P@1 P@5

Chinese-English 82.3% 87.7% 83.5% 89.1%
English-French 85.7% 90.1% 86.5% 90.9%

Table 12. Effect on

Document-matching Task

model P@1 P@5

mBERT 33.1% 45.7%
mBERT-SF 37.5% 52.3%

Table 13. Effect on Different Ways to Get

Negative Examples

negative examples P@1 P@5

random 58.6% 75.4%
worst 63.1% 81.7%

average 57.3% 76.5%

crawled 500 parallel paragraph texts from Vietnamese-Chinese news websites, each of which con-
tains 30 to 50 words. Based on these paragraphs, we have constructed 500 non-parallel Chinese-
Vietnamese paragraphs in a disordered way. We tested the effect of the document-matching task
on this dataset, and the results are shown in Table 12.

From the analysis of the results in the table, we can see that our method also has some improve-
ment compared with the baseline model in the text-matching task. This proves that our method
can also achieve good results in downstream tasks.

4.5.10 Effect on Different Ways to Get Negative Examples. There are three strategies in the selec-
tion of negative cases in contrastive learning when calculating the loss function: random negative
example, worst negative example, and average value. We tested the effect of each method in the
model, and the experimental results are shown in Table 13.
The experimental results show that the best experimental results can be obtained when the

worst calculation result is used as the negative example. The reason is that the negative example
we use is not the perfect negative example.Whenwe construct the negative example, wematch the
Chinese sentence with the random Vietnamese sentence, which will lead to the situation that the
Vietnamese sentence as the negative example is similar to the Chinese sentence. This will lead to
the fact that the positive and negative cases cannot be separated far enough in the semantic space
so the model cannot distinguish the difference between positive and negative cases. Therefore,
using the worst negative example can eliminate the negative impact of these semantically similar
negative examples.

5 CONCLUSION

Aiming at the problem of semantic alignment deviation in Chinese-Vietnamese context cross-
language sentence embedding due to language similarity difference in multilingual pre-trained
model mBERT, a fine-tuning method of Chinese Vietnamese context cross-language sentence
embedding based on a twin network is proposed. The experimental results show that the Chinese
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Vietnamese context cross-lingual sentence embedding improved by the twin tuning method
achieves the best effect in the cross-lingual sentence meaning matching task compared with other
baseline models, which fully proves that the tuning method in this article can effectively improve
the semantic alignment accuracy of Chinese-Vietnamese context cross-language sentence embed-
ding, alleviating the alignment deviation caused by Chinese Vietnamese language differences in
mBERT model. In the next step, we can consider introducing the pretraining method of prompt to
realize the accuracy of embedding cross-lingual sentences in semantic alignment in the training
stage of the multilingual pretraining model.
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