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Abstract: Image and video coding is a primary research field in multimedia signal processing, whose
objective is to efficiently and compactly represent data while reducing coding distortion and reducing
transmission and storage costs. Traditional image video coding technology has developed a block-based
hybrid "prediction-transform-entropy" coding framework which optimizes each step separately to achieve
pixel-level fidelity. Quantization, however, loses a significant amount of high-frequency information at
low bit rates, resulting in blurring, block effects, and other unacceptable compression distortions. A
significant amount of progress has been made in recent years in the study of generative adversarial
networks (GANs) for video and image coding. Compared with classical methods, GANs are able to
compensate for high-frequency texture details at low bit rates. In this paper, the authors review the
progress made in end-to-end coding using neural networks and GANs, and the techniques and progress
associated with image video coding using GANs. Future growth trends are also assessed and forecasted.
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