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Abstract: This article introduces the system we submitted for the CCMT2020 sentence—level
translation Quality Estimation Task. In this evaluation task, the system used by our group is
based on the Predictor*Estimatoru] architecture, which mainly reproduces the model framework
of NiuTrans translation in the CWMT2019 quality estimation taskgy For the Predictor, Deep
Transformerwj and Transformer*DLCLB] (dynamic linear combination of previous layers) are used
as feature extraction models. And use the left—to—right and right—to—left two models to obtain
bidirectional translation information. For the Estimator, a 2-layer bidirectional GRU is used
to predict the HTER score of sentence—level tasks or the OK/BAD label of word-level tasks. We
first use large—scale bilingual data to pre—train the Predictor, and then jointly train the
Predictor and Estimator with the QE task data. In the rest of this article, we will introduce
the system framework, processing methods and evaluation results in the evaluation task

Key words: Machine Translation; Quality Estimation; Deep Neural Network
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