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Siamese Contrastive Network Based
Multilingual Parallel Sentence Pair Extraction
between Chinese and Southeast Asian Languages

ZHOU Yuanzhuo'?, MAO Cunli'*, SHEN Zheng'*, ZHANG Siqi'*, YU Zhengtao'>, WANG Zhenhan'"

ABSTRACT The poor performance of parallel sentence pair extraction application on Southeast Asian
languages with scarce resources is primarily due to the weak representation capabilities of the sentence
pair extraction models caused by the lack of training corpora. Therefore, a siamese contrastive network
based multilingual parallel sentence pair extraction between Chinese and Southeast Asian languages is
proposed to optimize model structure, training strategy and data. Firstly, a siamese contrastive network
framework is employed, integrating contrastive learning concept into the siamese network to enhance the
representation capability for parallel sentence pairs. Next, a strategy of joint training with similar
languages is introduced to share knowledge effectively and improve the learning ability of the model.
Finally, Chinese —mixed Southeast Asian parallel sentence pairs are constructed by multilingual word

replacement, providing abundant sample information for training. Experiments on Chinese-Thai and Chinese-
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Lao datasets demonstrate that the proposed method effectively enhances the performance of parallel sen-

tence pair extraction.
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Fig. 1  Overall structure of the proposed method
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Table 3 Results of ablation experiment on Chinese-Thai test
set
%
2R 4y WGEER B ARER FIE
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Table 4 Results of ablation experiment on Chinese-Lao test set
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Table 5 Performance comparison of different word embedding
methods on Chinese-Thai test set
%

WIRATTE KR HBRPR FLE

WEbLIIRfE  52.36 53.68 53.01

Word2vec 66. 46 73.48 69.79

mBert 81.52 85.28 83.35

XLM-R 94. 68 89.10 91.80
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Table 6  Performance comparison of different word embedding

methods on Chinese-Lao test set

%
WA ERE O HEE F1 {4
FEALBT IR 1L 56. 65 59.72 58. 14
Word2vec 62.93 68.51 65.01
mBert 86.27 88.32 87.28
XLM-R 95.52 97.05 96.27
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Example analysis of Chinese-Thai parallel sentence

Table 7

pair extraction
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Table 8 Example analysis of Chinese-Lao parallel sentence
pair extraction
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