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Abstract; Compared with image analysis,how to analyze temporal information is a challenging problem in action rec-
ognition. Most of the previous methods, such as 3D CNNs ( convolutional neural networks) and two-streams CNNs, only
used features containing global temporal information as video representation,ignoring the importance of local temporal fea-
tures. To solve this problem, we propose long and short sequence concerned networks (LSCN) based on temporal interaction
perception module, which can combine different temporal information. LSCN makes use of the interactions of temporal fea-
tures from different convolution layers to enhance the representation of videos and takes into account the needs of temporal
information for long and short sequence actions. The results of experiments show that LSCN based on 3D ResNext101 can be
generalized in two public datasets (UCF101 and HMDB51 ). Moreover,, compared with the basic network , there are 0. 4%
and 2. 9% accuracy improvements respectively.
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