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Abstract In recent years, the rapid development of generative Al has made text-driven video prediction
large models a hot topic in academia and industry. Video prediction and generation should address temporal
dynamics and consistency, requiring precise control of scene structures, subject behaviors, camera movements,
and semantic expressions. One major challenge is accurately controlling scene dynamics in video prediction to
achieve high-quality, semantically consistent outputs. Researchers have proposed key control methods, including
camera control enhancement, reference video control, semantic consistency enhancement, and subject feature

control improvement. These methods aim to improve generation quality, ensuring outputs align with historical
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context while meeting user needs. This paper systematically explores the core concepts, advantages, limitations,

and future directions of these four control approaches.

Keywords text-driven video prediction; dynamic control; camera control; semantic enhancement; subject

feature control
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Fig. 1 Text-to-video and text-guided video prediction

70 Qingying: https://chatglm.cn; Hailuo: https://hailuoai.com/video; Ali Tongyi: https://tongyi.aliyun.com/wanxiang; CogVideoX-Fun 5B: https://github.com/

aige-apps/CogVideoX-Fun.
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Table 1 Enhancing scene dynamic control and related methods for video prediction generation
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Fig. 2 Camera control in text-guided video prediction generation
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Fig.3 Video reference generation problem in video prediction generation
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