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Abstract: The task of machine-translated text detection is to determine whether a sentence is translated by machine or human.
Most of the existing detection models use statistical approaches for feature extraction. However, statistical methods have
limited feature extraction capabilities and rely heavily on discrete manual features, while neural network models use distributed
representations to implicitly express syntactic or semantic features. In this paper, we combine pre-trained language models and
bi-directional gated recurrent unit model as a feature extractor. Then implicit features such as language style, idiomatic words are
extracted. Experimental results show that our model significantly outperforms previous statistical methods. This paper further

uses the proposed method to filter the bilingual corpus where machine-translated texts have been mixed in. The filtered corpus is
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smaller than the original one, but the performance of the model is slightly improved.
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