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Abstract: To improve the accuracy of intra chroma prediction in H. 266/versatile video coding
(VVC), a cross-component prediction method based on lightweight convolutional neural network
was proposed in this paper. The luma module and chroma module were designed to extract
features from luma and chroma reference samples, and the attention module was designed to
leverage the attention mechanism to construct the spatial correlation between the current luma
reference samples and the boundary luma reference samples. Finally, the attention mask was
applied to the boundary chroma reference samples to generate chroma prediction value. To reduce
the encoding and decoding complexity, the feature fusion and prediction in the network were
achieved in two dimensions, the existing training strategy with shared parameters to handle

variable block sizes was improved, and slimmable convolutions were introduced to adjust network
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parameters according to different block sizes. The experimental results show that the proposed
algorithm achieved 0.30%/2. 46%/2. 25% BD-rate reduction on the Y/Cb/Cr component, respectively,
compared with the H. 266/VVC test model VTM18. 0. Compared with other convolutional neural

networks-based cross-component prediction methods, the proposed method effectively reduced the

network parameters and inference complexity, saving 10% encoding time and 19% decoding time.

Keywords: versatile video coding; cross-component prediction; lightweight convolutional neural

network; attention mechanism; slimmable convolution
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network modeling
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Fig. 2 Attention-based lightweight convolutional neural network

framework
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Table 2 Coding performance comparison of different algorithms
AR/ %
W)y 371 £ SCHRL11 % 4% SCHR[ 14 1M %% AR 3L 4%
Y Chb Cr Y Cb Cr Y Cb Cr
class Al —0.28 —3.20 —1.85 —0.21 —1.56 —2.50 —0.27 —2.47 —2.18
class A2 —0. 25 —3.11 —1.54 —0.43 —1.94 —2.18 —0. 34 —2.68 —2.07
class B —0. 26 —2.28 —2.33 —0.27 —1.89 —2.59 —0.24 —2.58 —2.52
class C —0. 30 —1.92 —1.57 —0. 34 —1.51 —1.47 —0.33 —2.23 —1.95
class D —0.29 —1.70 —1.77 —0. 37 —1.38 —1.20 —0.39 —2.50 —2.00
class E —0.13 —1.59 —1.45 —0.19 —1.78 —3.12 —0.20 —2.25 —2.78
SEH{E —0. 26 —2.25 —1.80 —0.30 —1.68 —2.14 —0. 30 —2.46 —2.25
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Table 3 Comparison of model parameter quantity for different

algorithms
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