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A Survey on Deep Predictive Learning Based on Unlabeled Videos
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Abstract: Deep predictive learning based on video data (hereinafter referred to as "deep predictive learning") is a re-
search direction of deep learning, being interacted with computer vision and reinforcement learning. It is a key part of intelli-
gent prediction and decision-making systems in weather forecasting, autonomous driving, robotics, and other scenarios, and
has become a hot research field of machine learning in recent years. Deep predictive learning follows the self-supervised
learning paradigm, using internal constraints from unlabeled video data to learn the underlying spatiotemporal patterns. In
this paper, we review the existing deep learning techniques for predictive learning in detail. First, we summarize the re-
search scope and application fields of deep predictive learning. Second, we present the datasets and evaluation metrics com-
monly used in this research field. Third, we summarize current mainstream deep prediction learning models from three per-
spectives: predictive models based on observation space, predictive models based on state space, and visual planning meth-
ods based on the predictive models. Finally, we discuss the hot issues and future research directions in the field of deep pre-
dictive learning.
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