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[Abstract] Machine translation post-editing is an important mode of translation production that seeks to balance
translation quality, efficiency, and cost. In its early form, post-editing mainly involved translators checking and
correcting machine translation output, with a focus on lexical, syntactic, terminological, and formatting errors.
Neural machine translation has improved the fluency of translated texts, but it has also made certain semantic
errors more difficult to detect. The rise of generative artificial intelligence and large language models has further
changed the objects, workflows, and professional roles associated with post-editing. Post-editing is gradually
expanding from sentence- and segment-level error correction to process-wide quality management involving
prompt design, context management, fact-checking, stylistic control, and risk review. This paper traces the
development of machine translation post-editing from traditional machine translation and neural machine
translation to GenAl-assisted translation. It examines the efficiency gains and quality risks introduced by GenAl
and discusses future directions in workflows, quality assessment, professional division of labour, and translator
education. The paper argues that GenAl will not eliminate post-editing. Instead, it will shift post-editing from
linguistic revision towards translation quality governance centred on human supervision.
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