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Continuously Evolution Streaming Graph Neural Network

GUO Husheng'? ,ZHANG Xufei' , SUN Yujie' and WANG Wenjian'"*
1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

2 Key Laboratory of Computational Intelligence and Chinese Information Processing(Shanxi University) , Taiyuan 030006, China

Abstract Streaming graphs are widely used in practical applications,and their node and structure characteristics change dynami-
cally with time. Although Graph Neural Network(GNN) is excellent in static graph node classification, it is difficult to apply it
directly to streaming graphs.because the continuous evolution of streaming graphs will lead to information lag and omission,it is
difficult for models to accurately extract streaming graph features. To solve the above challenges, the Continuously Evolving
Streaming Graph Neural Network(CESGNN) is proposed to solve the node classification problem of streaming graph. Firstly, the
Continuous Updates Graph Convolutional Network(CU-GCN) incrementally updates parameters to adapt to changes in the node
characteristics of the streaming graph to alleviate the information lag problem. Then the Adaptive Deepening Graph Neural Net-
work(AD-GNN) alleviates the information omission problem by decoupling the aggregation and updates operations to dig deep
features of the streaming graph. CESGNN organically combines the original features, the shallow features extracted by CU-GCN,
and the deep features extracted by AD-GNN to obtain a more accurate and comprehensive representation of streaming graph fea-
tures. The experimental results show that CESGNN model has good adaptability and stability of streaming graph,and improves
the accuracy of node classification of streaming graph.

Keywords Streaming graphs, Graph Neural Networks, Incrementally updating, Decoupling aggregation and update, Feature fu-

sion
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Table 4  Accuracy and F1 indicators of models

Model DeezerEurope Facebook Twitch
Acc F1 Acc F1 Acc F1

CESGNN 0.618=%0.003 0.457+0.023 0.907%0. 006 0.898%0.002 0.588%0.003 0.646%0.002
APPPNP 0.590+0.003 0.481+0.006 0.88940.002 0.88540.002 0.55540.003 0.57440.010
ClusterGCN 0.612+0.005 0.523+0.025 0.88540.001 0.87740.001 0.57140.003 0.6400.003
GCN 0.606=+0.003 0.442-+0.001 0.89140.004 0.885+0.001 0.555740.005 0.6007+0.005
GraphSAGE 0.591+0.007 0.526+0.014 0.88140.020 0.87940.006 0.564740.003 0.61740.004
SGC 0.611+0.004 0.523+0.004 0.89140.001 0.88540.001 0.562+0.006 0.59940. 006
TAGCN 0.599+0.005 0.533+0.022 0.896+0.002 0.8844+0.002 0.57440.003 0.629740.004
DySAT 0.613+0.005 0.577+0.003 0.89340.005 0.88940.007 0.57740. 005 0.57040.004
EvolveGCN 0.614+0.004 0.580+0.010 0.89640.004 0.88840.005 0.57940.007 0.57240.005
Continual GNN 0.612+0.006 0.578+0.010 0.89840.007 0.8924+0.007 0.5807+0.008 0.636=+0.008
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