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Deep Clustering Model Based on Fusion Variational Graph Attention Self-encoder

KANG Yan,KOU Yong-qi, XIE Si-yu, WANG Fei, ZHANG Lan, WU Zhi-wei and LI Hao

School of Software, Yunnan University, Kunming 650504, China

Abstract As one of the most basic tasks in data mining and machine learning, clustering is widely used in various real-world
tasks. With the development of deep learning deep clustering has become a research hotspot. Existing deep clustering algorithms
are mainly from two aspects of node representation learning or structural representation learning. Less work considers fusing
these two kinds of information at the same time to complete representation learning. This paper proposes a deep clustering model
FVGTAEDC (Deep Clustering Model Based on Fusion Varitional Graph Attention Self-encoder) , this model joints the autoencoder
and the variational graph attention autoencoder for clustering. In the model, the autoencoder integrates the variational graph atten-
tion autoencoder from the network to learn (low-order and high-order) structural representations,and then the feature represen-
tation is learned from the original data. While the two modules are trained,in order to adapt to the clustering task, self-supervised
clustering training for the autoencoder module is integrated with the representation features of the node and the structure infor-
mation. Comprehensive clustering loss,autoencoder reconstruction data loss,and variational graph attention autoencoder recon-
struction adjacency matrix loss,the relative entropy loss of the posterior probability distribution and the prior probability distri-
bution. The method can effectively aggregate the attributes of nodes and the structure of the network. while optimizing the as-
signment of cluster labels and learning the representation features suitable for clustering. Comprehensive experiments prove that
the method is better than the current advanced deep clustering method on 5 real data.

Keywords Deep clustering . Representation learning, Self encoder, Variational graph attention self-encoder, Self-supervised cluste-
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Table 2 Clustering results (mean) of five data sets
Dataset Metric K-means DEC IDEC GAE VGAE DAEGC SDCN * FVGTAEDC
ACC 0.6682 0.7331 0.7622 0.6310 0.5619 0.7355 0.7808 0.7772
USPS NMI 0.6263 0.7058 0.7556 0.6069 0.5108 0.7112 0.7951 0.7955
ARI 0.5455 0.6370 0.6786 0.5030 0.4096 0.6333 0.7184 0.7185
ACC 0.5998 0.6939 0.7105 0.6233 0.7130 0.7651 0.8426 0.8679
HHAR NMI 0.5886 0.7291 0.7419 0.5506 0.6295 0.6910 0.7990 0.8152
ARI 0.4609 0.6125 0.6283 0.4263 0.5147 0.6038 0.7284 0.7570
ACC 0.6731 0.8433 0.8512 0.8452 0.8413 0.8694 0.9045 0.8958
ACM NMI 0.3244 0.5454 0.5661 0.5538 0.5320 0.5618 0.6831 0.6572
ARI 0.3060 0.6064 0.6216 0.5946 0.5772 0.5935 0.7391 0.7167
ACC 0.3865 0.5816 0.6031 0.6121 0.5859 0.6205 0.6805 0.7736
DBLP NMI 0.1145 0.2951 0.3117 0.3080 0.2692 0.3249 0.3950 0.4610
ARI 0.0697 0.2392 0.2537 0.2202 0.1792 0.2103 0.3915 0.5055
ACC 0.3932 0.5589 0.6049 0.6135 0.6097 0.6454 0.6596 0.6759
Citeseer NMI 0.1694 0.2834 0.2717 0.3463 0.3269 0.3641 0.3871 0.4042
ARI 0.1343 0.2812 0.2570 0.3355 0.3313 0.3778 0.4017 0.4317
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2D visualization of the FVGTAEDC algorithm on the Citeseer dataset
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