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Abstract: In recent years, deep learning technology developed rapidly with sufficient computing ability. In the
visudization and visual analysis process, some steps that require human participation can be replaced and
solved by data-driven methods. This article is based on the division of classic visualization and visual analysis
process, including construction, interaction, evaluation, and other aspects of visualization. This article reviewed
the parts that can use deep learning technology, carried out a detailed and systematic discussion of related re-
search, discussed the technical benefit brought by the combination of deep learning technology and visualization,
and deeply analyzed the prospects of the development of visualization driven by deep learning.
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