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Neural network based inter prediction for HEVC

WANG Yang, GAO Wen
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] HEVC is the latest video coding standard, in which inter prediction plays an important role to reduce the temporal
redundancy. The accuracy of inter prediction is limited since only temporal information is used in conventional algorithms. This paper
proposes a neural network based inter prediction algorithm for HEVC by using the spatial —temporal information. In the proposed
algorithm, first a neural network architecture is designed consisting of a fully connected network (FCN) and a convolutional neural
network (CNN). Then the spatial neighboring pixels and the temporal neighboring pixels are inputted into FCN. The output of FCN
and the prediction of current block are inputted into CNN, which will generate the more accurate prediction of current block.
Experimental results demonstrate that the proposed method can achieve average 1.7% (up to 8.6% ) BD-rate reduction in low delay
P test condition compared to HM 16.9.
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Layer Layer 1 Layer 2 Layer 3 Layer 4

Conv.module convl  conv2 conv3 conv4 convS  convb

Filter size 55 5%5 3x3 3x3 1x1 3x3

#filters 64 16 32 16 32 1
#parameters 1 600 25600 18432 6912 1536 432
Totalparameters 54 512
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Fig. 2 HEVC inter prediction
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Fig. 3 The network structure of neural network based inter prediction
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Average -1.7
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