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Figure 1 Schematic diagram of unsupervised

machine translation
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Figure 2 Diagram of the siamese network structure
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Figure 3 Overall architecture of the model
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Unsupervised Learning Multilingual Neural Machine Translation Based on

Pseudo-siamese Network

DU Liming', QU Dan'?, ZHANG Chuancai’, XI Yangli'

(1. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China; 2. Laboratory for Advanced Computing

and Intelligence Engineering, Information Engineering University ,Zhengzhou 450001, China)

Abstract; When unsupervised neural machine translation was trained with monolingual data, it inevitably brought a
lot of noise information. The errors of the machine translation model accumulated continuously during the training
iteration process, affecting the translation effect. To solve this problem, in this study an unsupervised neural ma-
chine translation method was proposed based on pseudo-siamese network on the basis of cross-lingual pre-training
model (XLM). The model encoder was divided into two modules, in which the pseudo-Siamese network part intro-
duced a noise filtering gate mechanism to filter the noise features in the encoding process, so that the model could
better learn the mapping relationship between the source language and the target language. The experimental results
showed that in the interactive translation task between English, German, French, and Romanian, the proposed
method had an average improvement of 3. 5 percentage points compared with the baseline system, which proved its
superiority in translation effect. Ablation experiments were used to verify the effectiveness of each component of the
model. At the same time, the performance test of the method with different noise conditions was simulated in the
German-English translation task, and it also showed good noise resistance.

Keywords: unsupervised machine translation; pseudo-siamese network; monolingual data; noise filtering gate

mechanism ; cross-language pretraining model





