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Semantic Information Enhanced Network Embedding with Completely Imbalanced Labels

FU Kun,GUO Yun-peng,ZHUOQO Jia-ming, L1 Jia-ning and LIU Qi
College of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China

Key Laboratory of Big Data Computing, Tianjin 300401, China

Abstract The problem of data incompleteness has become an intractable problem for network representation learning (NRL)
methods, which makes existing NRL algorithms fail to achieve the expected results. Despite numerous efforts have done to solve
the issue,most of previous methods mainly focused on the lack of label information,and rarely consider data imbalance phenome-
non,especially the completely imbalance problem that a certain class labels are completely missing. Learning algorithms to solve
such problems are still explored,for example,some neighborhood feature aggregation process prefers to focus on network struc-
ture information, while disregarding relationships between attribute features and semantic features,of which utilization may en-
hance representation results. To address the above problems,a semantic information enhanced network embedding with complete-
ly imbalanced labels (SECT) method that combines attribute features and structural features is proposed in this paper. Firstly,
SECT introduces attention mechanism in the supervised learning for obtaining the semantic information vector on precondition of
considering the relationship between the attribute space and the semantic space. Secondly,a variational autoencoder is applied to
extract structural features under an unsupervised mode to enhance the robustness of the algorithm. Finally, both semantic and
structural information are integrated in the embedded space. Compared with two state-of-the-art algorithms, the node classifica-
tion results on public data sets Cora and Citeseer indicate the network vector obtained by SECT algorithm outperforms others and
increases by 0. 86%1. 97% under Mirco-F1. As well as the node visualization results exhibit that compared with other algo-
rithms, the vector distances among different-class clusters obtained by SECT are larger,the clusters of same class are more com-
pact,and the class boundaries are more obvious. All these experimental results demonstrate the effectiveness of SECT, which
mainly benefited from a better fusion of semantic information in the low-dimensional embedding space, thus extremely improves
the performance of node classification tasks under completely imbalanced labels.

Keywords Network representation learning, Graph embedding, Graph attention network. Completely imbalanced label, Varia-

tional autoencoders
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Table 1 Tllustration of 3 datasets
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Table 2 Mirco-F1 of five algorithms classification results on three datasets
A 7 % GAT GCN APPNP SECT sematic SECT giructure RECT SECT
10% 0.6472 0.6436 0.7033 0.7747 0.7762 0.8197 0.8313
Cora 30% 0.6858 0.6696 0.7379 0.7912 0.8187 0.8561 0.8663
50 % 0.7249 0.6786 0.7602 0.8269 0.8393 0.8615 0.8746
10% 0.5082 0.4629 0.5902 0.6748 0.7011 0.7083 0.7238
Citeseer  30% 0.6097 0.5296 0.6258 0.7072 0.7356 0.7403 0.7489
50 % 0.6582 0.5989 0.6409 0.7214 0.7395 0.7475 0.7642
10% 0.0815 0.0469 0.0428 0.1561 0.1579 0.1659 0.1698
PPI 30% 0.1071 0.0449 0.0437 0.1793 0.1826 0.1956 0.2118
50 % 0.1367 0.0438 0.0456 0.1903 0.1941 0.2056 0.2253
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Fig.3 Accuracy of 5 algorithms on Cora
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Fig. 4 Accuracy of 5 algorithms on Citeseer
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Fig.5 Visualization results on Cora with visible category 5
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Table 3 Comparsion of empirical error
Cora Citeseer PPI
GCN 0.16213 0. 26504 0.06731
VGAE 0.15608 0.24765 0.06578
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F 4 WFpiR A TR E UE B2 2 1 Mirco-F1 {H
Table 4 Mirco-F1 of sematic information learning using two

embedding methods

Cora Citeseer PPI
RECTsemantic  0.7304 0.6530 0.1456
SECTsemantic  0.7813 0.679 6 0.1519
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Fig. 6 Influence analysis of number of visible category(10% labels)
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Fig. 8 Influence analysis of attention heads
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Table 5 Comparison of running time
Cora Citeseer PPI
RECT 33.66 79.03 246.05
SECT 60.17 110. 02 293. 54
Increase Time 26.51 30.99 47.49
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