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Node Label Classification Algorithm Based on Structural Depth Network Embedding Model
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Abstract In the era of Internet,where massive data is growing explosively, traditional algorithms have been unable to meet the
needs of processing large-scale and multi type data. In recent years, the latest graph embedding algorithm has achieved excellent
results in link prediction,network reconstruction and node classification by learning graph network characteristics. Based on the
traditional automatic encoder model,a new algorithm combining Sdne algorithm and link prediction similarity matrix is proposed.
By introducing a high-order loss function in the process of back-propagation, the performance is adjusted according to the new
characteristics of the auto-encoder. The disadvantages of traditional algorithm in determining node similarity in a single way are
improved. A simple model is established to analyze and prove the rationality of the optimization. Compared with the most effective
Sdne algorithm in the latest research,the improvement effect of this algorithm on Micro-F1 and Macro-F1 two evaluation indica-
tors is close to 1% ,and the visual classification effect is good. At the same time,it is found that the optimal value of the hyperpa-
rameter of the higher-order loss function is approximately in the range of 1~10,and the change of the numerical value can basi-
cally maintain the robustness of the whole network.
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Fig. 1 Structual deep network embedding model
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Fig. 2 Experimental process
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Fig. 3 Simple analysis model
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Table 4 Comparison of Cora datasets results
Y4 a Micro Micro Macro Macro
(Sdne) (SSdne) (Sdne) (SSdne)
0.1 0.5340 0.5364 0.4777 0.4829
0.2 0.5822 0.5934 0.5522 0.5646
0.3 0.6163 0.6232 0.5879 0.5932
0.4 0.6299 0.644 4 0.6021 0.6184
0.5 0.644 8 0.6533 0.6253 0.6290
0.6 0.6511 0.6580 0.6261 0.6353
0.7 0.6640 0.6729 0.6378 0.6483
0.8 0.6638 0.6669 0.6437 0.6474
0.9 0.6685 0.6763 0.6388 0.6469
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