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Efficient Video Super-Resolution with Latent Attention

WANG Yuji' ,DONG Haocheng' , GONG Xueluan® and CHEN Yanjiao®

1 School of Cyber Science and Engineering, Wuhan University, Wuhan 430070, China
2 School of Computer Science, Wuhan University, Wuhan 430070, China

3 College of Electrical Engineering,Zhejiang University , Hangzhou 310058, China
Abstract To solve the problem of video super-resolution, the spatio-temporal correlation information in videos can be utilized,
which is an effective method for reconstructing low resolution videos into high-resolution videos. Prior works mainly focus on uti-
lizing motion compensation to capture temporal dependency in video generation,leading to inefficient stage-wise modeling strate-
gies. Compared to motion compensation,attention model is more efficient in the search for spatio-temporal correlation. In this pa-
per,we formulate a latent attention model for attention estimation with amortized variational inference and instantiate two effec-
tive attention modules for video super-resolution. Based on it,a novel deep network model, which can capture spatio-temporal cor-
relations efficiently for video super-resolution and admit end-to-end learning.is presented. Extensive experiments on public video
datasets demonstrate the superior performance of our approach over several state-of-the-art methods like SPMC,DUF-161.

Keywords Super-resolution, Deep learning, Latent attention, Variational inference, Efficient
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Fig. 1 Overview of the proposed model for video super resolution
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Fig. 2 Latent attention model for video super-resolution
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Fig. 3 Structure of two attention modules
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Table 3 Performance of employing probabilistic model
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Fig. 7 Visualization of long attention
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Table 4 Performance comparison with video SR methods
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Fig. 9 Qualitative comparison of our methods with baseline on Vid4
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