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Abstract ; Graph clustering, which can find communities or groups based on the intrinsic relationships of graph data,is an
important research problem in data analysis. In recent years, Auto-Encoder based methods have effectively extracted node
attribute representations, but do not include structural information. Due to the widespread application of graph neural
networks, the fusion of structural information based on semi-supervised graph convolutional networks and graph Auto-
Encoder models has achieved better results compared to traditional clustering methods. However,labeling data and using
convolution operations are expensive. This paper proposed a graph clustering method based on Auto-Encoder and
Contrastive Loss( GC-AECL). Firstly, the model used a simple multilayer perceptron to design the Autoencoders, and
pretrained the Auto-Encoder learning node attribute representation. Then the model combined the influence contrastive
loss to enrich structural information to learn the graph embedded representation. And then the model iteratively optimized
the embedded representation and self-supervised clustering tasks at the same time. Finally, the experiments were
compared with the benchmark models on multiple citation network datasets. The experimental results showed that the
clustering performance had been improved,and parameter sensitivity analysis and variants study had been conducted to
verify the effectiveness of impact contrastive loss and self-supervised clustering.
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Table 3 Experimental results
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AE 55.01 31.16 57.08 27.64 56.12 30.42 — —
Spectral-g 34.19 19.49 25.91 11.84 39.74 3.46 23.58 19.28
DeepWalk 46.74 31.75 36.15 9.66 61.86 16.71 38.46 32.28
Graph-Encoder 30.10 5.94 29.32 5.72 53.10 21.03 — —
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GATE 65.80 52.70 61.60 40.12 67.30 32.25 — —
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DNENC-Con 68.30 51.20 69.20 42.60 67.70 27.50 — —
GC-AECL (ours) 73.32 55.75 73.25 46.86 72.64 34.21 50.45 49.12
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