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Capsule graph neural network based on global and local features fusion
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Abstract: The capsule graph neural network, which makes use of the characteristics of capsules to achieve better results in the task of
graph classification. In this paper, we first improved node2vec, and the attribute information of nodes is introduced into the random
walk process, so that the network structure and the attributes of nodes are taken into account when the network representation is
generated; Then, we introduced the improved node2vec into the capsule graph neural network, and designed the capsule graph neural
network fusing global and local characteristics. It is found that the model has faster convergence and higher accuracy.
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Table 1 Dataset details

dataset classes Data size label Average nodes Average edges
COLLAB 3 5000 N 74.49 4914. 99
IMDB-B 2 1000 N 19. 77 193. 06
IMDB-M 3 1500 N 13 131.87
D&D 2 1178 Y 284. 31 715.65
ENZYMES 6 600 Y 32. 46 63. 14
< 2 JEIRIERE
Table 2 Accuracy of comparative
Algorithm COLLAB IMDB-B IMDB-M D&D ENZYMES
WL 79.024+1.77  73.40%4.63 49.33+£4.75  79.78%£0. 36 52.22+1.26
GK 72.8440.28  65.87%0.98 43.89+0. 38 78.45+0. 26 32.70%+1.20
AWE 73.93+1.94  74.45%5.83 51.54+3.61 71.51+4.02 35.77+5.93
DGCNN 73.764+0.49  70.03%0.86 47.8310.85 79.3740.94 51.00+7.29
CapsGNN 79.62£0.91 73.10+%4.83 50. 27+2. 65 75.38+4.17 54.67+5. 67
GLCapsGNN 77.88+4.19 75.62%£5.38 63.121+2.26 74.88+3.42 58.431£4.25
% 3 LK IHTER N
Table 3 Compute cost of comparative
COLLAB IMDB-B IMDB-M D&D ENZYMES
Algorithm
Time RAM Time RAM Time RAM Time RAM Time RAM
CapsGNN 0. 5463 63% 0. 1608 59% 0. 1574 57% 6. 1603 87 2.2738 1%
GLCapsGNN 0. 5792 61% 0. 1945 59% 0.1753 58% 6. 6494 89 2. 3452 2%
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