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Abstract: Traditional video compression technology based on pixel correlation has limited performance improvement
space, semantic compression has become the new direction of video compression coding, and video image reconstruction
is the key link of semantic compression coding. First, the video image reconstruction methods for traditional coding op-
timization were introduced, including how to use deep learning to improve prediction accuracy and enhance reconstruc-
tion quality with super-resolution techniques. Second, the video image reconstruction methods based on variational au-
to-encoders, generative adversarial networks, autoregressive models and transformer models were discussed emphatically.
Then, the models were classified according to different semantic representations of images. The advantages, disadvan-
tages, and applicable scenarios of various methods were compared. Finally, the existing problems of video image recon-
struction were summarized, and the further research directions were prospected.
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