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Review of sentence-level quality estimation of machine translation

LUO Lan,
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LI Maoxi*

(School of Computer and Information Engineering, Jiangxi Normal University, Nanchang, 330022, China)

Abstract : In recent years, with the correlation between estimation results and human judgements

gradually increasing, quality estimation of machine translation has gained broad attention and high
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recognition from machine translation researchers. The paper reviews the sentence-level quality estima-
tion of machine translation, and classifies them into methods based on traditional machine learning,
methods based on neural machine transation models, and methods based on pre-trained language models,
compares and contrasts the representative works, intersection works of these three quality estimation
methods, as well as the development paths of different methods, and introduces the relevant evaluation
campaigns and evaluation metrics that push forward the quality estimation research. Finally, the future
research direction and development trend of sentence-level quality estimation are prospected, and the
conclusions are drawn.

Key words: machine translation; quality estimation; deep neural networks; pre-trained language
models; evaluation metrics



