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Abstract: With the explosive growth of video data, limited network bandwidth and high computational
demands pose significant challenges for video transmission and storage. In this context, the continuous
development of efficient video coding methods is of critical theoretical significance and practical value, as it
ensures the delivery of high-quality video services under resource-constrained conditions. However,
traditional hybrid video coding frameworks have gradually reached performance bottlenecks, making
further improvements in coding efficiency increasingly difficult. In recent years, deep learning, with its
powerful nonlinear fitting and representation capabilities, has provided new opportunities for optimizing
video coding. This paper presents a systematic and detailed analysis of deep learning-driven video coding
technologies. First, we briefly introduce video coding techniques under conventional coding frameworks
and further explore the optimization of key modules, such as intra- and inter-frame prediction, through
deep learning. Then, we focus on the development and key technical routes of end-to-end video coding
frameworks based on deep learning, providing a comparative analysis of their performance. Finally, we
highlight significant research achievements of deep learning in the field of video coding, examine the
challenges and limitations of existing techniques, and offer an outlook on future trends in video coding
technologies.

Highlights:

1. This paper presents a systematic review of deep learning-driven video coding technologies, tracing the
evolution of video coding from conventional frameworks to deep learning-based paradigms. It offers an in-
depth analysis of two primary technical streams: Hybrid coding frameworks that integrate deep learning
into traditional architectures, and fully end-to-end neural video codecs.

2. Building on an analysis of current trends and future demands in deep learning-based video coding, this
paper identifies the key challenges that hinder the practical deployment of existing technologies and
highlights several promising directions for future research.
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Fig.1 Structure diagram of video coding technologies
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Table 2 Comparison of learning-based inter prediction techniques
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Table 3 Comparison of learning-based quantization techniques
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Table 4 Comparison of learning-based in-loop filtering techniques
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Table 5 Comparison of learning-based post-processing techniques
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