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Abstract: Document-level machine translation aims to use a computer to automatically translate a whole document from
one language to another, which is a challenging task in machine translation. In recent years, with the rapid development
of neural machine translation (NMT), document-level NMT has become one of hot research topics in the community of

machine translation. Various document-level machine translation models based on neural networks have been proposed
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and achieved good results. By modeling document-level context information, document-level NMT models significantly
outperform conventional sentence-level NMT models. In this paper, we first briefly introduce the definition and
characteristics of document-level NMT. Then, we review the studies in three aspects: context modeling, model training
and model analysis. Finally, we analyze the main problems currently faced by document-level NMT and discuss possible
future research directions.
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