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A content word fusion method for neural machine translation
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Abstract: The Transformer—based neural machine translation model is currently the prevailing paradigm in the research field,
achieving state—of—the—art performance. However, these models fails to capture the importance of words in the semantic context of
a sentence, such as content words being more crucial than function words. This limitation can lead to translation errors or
ambiguities. To alleviate this issue, the paper proposes an approach called content—word fusion to enhance the model’s performance.
Firstly, the paper utilizes a content word identification algorithm to categorize words in a sentence into content words and function
words. Next, the paper employs various fusion strategies to incorporate the content words from the source language sentence into the
model, thereby providing guidance for the translation process. Experimental results from multiple translation tasks demonstrate that
the content—word fusion method outperforms the baseline models, significantly improving translation performance.
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Fig. 1 Method of integrating source language content words
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Table 1 Statistics of corpus size used in the experiment
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Table 2 Performance on several translation tasks with the BLEU metric
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Fig. 2 Performance of the NMT model by varying proportion of content words on En—-Vi and En-Tr translation tasks
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Table 3 Comparison with other methods
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