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Fig. 1 Schematic diagram of encoder-decoder framework

of natural language processing domain
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Fig. 2 Schematic diagram of encoder-decoder

framework with attention mechanism
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Fig. 3 Simulation of dual learning in machine translation
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Fig. 4 Semi-supervised neural machine translation model
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Fig. 5 Five training processes of semi-supervised model
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Fig. 6 Schematic diagram of mapping process using numeral alignment (modified from reference[ 11])
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Fig. 7 Perplexity-iteration relationship of different training sets
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Machine translation algorithm of low-resource

languages based on semi-supervised learning

LU Wenjie' , TAN Ruxin', LIU Gongshen'?* ,SUN Huanrong®

(1. Shanghai Jiao Tong University,School of Electronic Information and Electrical Engineering, Shanghai 200240, China;
2. Shanghai Jiao Tong University-Shanghai Songheng Information Content Analysis Joint Lab.Shanghai 200240, China)

Abstract : Recent years,neural machine translation has achieved great development. However,its requirement for large-scale parallel

corpora, translating low-resource languages fluently becomes a big challenge. This paper first briefly introduces the encoder-decoder

framework and attention mechanism. Next, we propose a semi-supervised neural network model based on dual-learning, which can

translate low-resource languages using some monolingual corpora and small parallel corpora. Finally, results show that semi-

supervised neural machine translation can achieve reasonable results with parallel corpora which are insufficient to train a common

neural model. However, the semi-supervised model requires a large number of monolingual corpora to achieve great performance.

Keywords : semi-supervised learning ; low-resource language; machine translation



