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Advances in learning-based video coding technologies
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Abstract ; Deep neural networks have provided a new and promising solution for video coding, namely
learning-based video coding techniques. This paper reviews the two types of learning-based video coding
technologies: (1) methods that use neural networks to replace or assist the compression of certain
functional modules in the traditional coding framework, and (2) the end-to-end system compression
implemented by full neural networks. Some recent representative studies on the two types of technologies

are summarized, and their advantages, great progresses and development potentials are elaborated.

Finally, we present problems of these technologies, and identify the future research directions.
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