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Abstract: An automatic description method of floor exercise video based on long short-term memory network
was proposed. In the video description model S2VT, learning the mapping relationship between word sequence
and video frame sequence through long and short-term memory network. The attention mechanism was intro-
duced to improve the S2VT model, increase the weight of key frames including turning direction, rotation de-
gree and body posture, and improve the accuracy of automatic description of floor exercise video. The data set
of floor exercise decomposition was established, and three models were compared among the data set MSVD
and self built data set. The difference between the training decoder and the prediction decoder was eliminated
by the scheduled sampling method. The experimental results showed that the proposed method can improve the

accuracy of automatic description of floor exercise video.
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Fig. 1 Basic framework of automatic description of floor exercise video
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Fig.3 Long short-term memory network structure
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Fig. 4 Encoding and decoding structure diagram of video description
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