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ABSTRACT

This study introduces artificial intelligence (Al) techniques for video generation. For an effective
illustration, techniques for video generation are classified as either semi-automatic or automatic. First,
we discuss some recent achievements in semi-automatic video generation, and explain which types
of Al techniques can be applied to produce films and improve film quality. Additionally, we provide an
example of video content that has been generated by using Al techniques. Then, two automatic video-
generation techniques are introduced with technical details. As there is currently no feasible automatic
video-generation technique that can generate commercial videos, in this study, we explain their technical
details, and suggest the future direction for researchers. Finally, we discuss several considerations for
more practical automatic video-generation techniques.
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