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Korean-Chinese translation quality estimation based on
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Abstract: On low-resource corpus, the mainstream translation quality estimation models have poor
performance. Meanwhile, the sentence embedding strategy is naive. In view of reasons mentioned above, a
Korean—Chinese translation quality estimation based on cross—lingual pretraining model is proposed.
Firstly, a cross—lingual sentence embedding method is proposed by drawing on the idea of attention. The
method can effectively fuse the cross—layer information and token positions of the pre-trained model.
Second, a cross—lingual pretraining model is introduced to the task as a way to alleviate the few-shot
caused by the low-resource of Korean. Finally, the regression is performed on the sentence embedding
vectors, so that the Korean—Chinese translation quality estimation can be completed. Experimental results
show that the method can effectively improve the performance of the Korean—Chinese translation quality
estimation task. Compared with QuEst—+ -+, Bilingual Expert, and TransQuest, the dominant models for
quality estimation tasks, Pearson correlation coefficients improved by 0.226, 0.156, and 0.034, and

Spearman correlation coefficients improved by 0.123, 0.038, and 0.026, respectively.
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Fig.1 Schematic diagram of sentence embedding
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Fig. 2 Schematic diagram of linguistic attention
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Table 5 Performance of different attention order
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Fig.5 Examples of result
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