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Contrastive Learning-based Masked Graph Autoencoder

WANG Xinyu,SONG Xiaomin,ZHENG Huiming, PENG Dezhong and CHEN ]Jie
College of Computer Science, Sichuan University,Chengdu 610065, China

Abstract MGAEs have gained significant attention due to their effectiveness in handling node classification tasks on graph-struc-
tured data. However, existing MGAE models face two main limitations during the pretraining of the encoder: semantic informa-
tion loss,and similarity of embeddings for masked nodes. To mitigate these issues, this paper proposes a Contrastive Masked
Graph Autoencoder model(CMGAE). Firstly, the masked graph and the original graph are separately fed into the online encoder
and the target encoder to generate online embeddings and target embeddings, respectively. Then,an information supplementation
module is employed to compare the similarity between the online embeddings and target embeddings,thereby recovering the lost
semantic information. Simultaneously, the online embeddings are passed through a discriminator function and decoder. The dis-
criminator function helps increase the variance of the embeddings for masked nodes,mitigating the issue of similar embeddings for
masked nodes. The decoder reconstructs node features that are used to train the online encoder. Finally, the pretrained online en-
coder is utilized for node classification tasks. Node classification experiments are conducted on five transductive benchmark data-
sets and one inductive dataset. The results show that CMGAE achieves a transductive accuracy of 85. 0%, 73. 6%,60. 0%,
50.5% .and 71. 8% on the respective datasets, while the Micro-F1 score on the inductive dataset reaches 74. 8%. These results
demonstrate that CMGAE outperforms existing models.

Keywords Graph neural network, Node classification, Masked graph autoencoder,Graph self-supervised learning, Graph contras-

tive learning
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Table 2 Results of the node classification

Method Cora CiteSeer PPI Corafull Flickr Ogbn-arxiv
DGI 82.3+0.6 71.84+0.7 63.8+0.2 48.2+£0.5 45.0£0.2 70.3%+0.2
MVGRL 83.5+0.4 73.3%+0.5 52.6+0.5 — —
BGRL 82.7+0.6 71.14+0.8 68.8+0.2 47.4+0.5 39.4+0.1 71.640.1
CCA-SSG 83.4+0.4 73.340.3 73.3£0.2 53.5+0.4 49.1+0.1 71.2%+0.2
SeeGera 83.0%0.5 71.440.9 73.4+0.3 52.0£0.4 49.4+0.5 71.240.2
MaskGAE 82.94+0.3 72.44+0.6 73.940.3 52.7+0.1 50.1£0.2 71.24+0.3
GraphMAE 84.2+0.4 73.0%+0.4 74.2+£0.3 55.5+0.1 50.2+0.2 71.3%+0.6
AUG-MAE 84.3+0.4 73.240.4 74.340.1 57.6+0.3 50.3+0.2 71.940.2
CMGAE 85.0%£0.6 73.61+0.4 74.81+0.3 60.010.2 50.5%0.5 71.8+0.3
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Table 3 Ablation study

W Rk S Cora PPI Corafull CiteSeer
CMGAE 85.0 74.8 60. 2 73.6
Variant 1 84.9 74.7 58.6 73.1
Variant 2 84.7 74.7 59.1 73.2
GraphMAE ~ 84.2 74.2 55.5 73.0
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Table 4 Experiment results of different settings of

R E D Micro-F1 4 #
a f it

Cora Corafull PPI
0.1 84.6 60.0 74.6
0.3 84.6 60. 1 74.5
0.5 84.6 60.1 74.7
0.7 84.6 60.1 74.7
0.9 84.6 60. 1 74.7
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Table 5 Experiment results of different settings of

L ES Micro-F1 4 %
BEK — g

Cora Corafull PPI
0.1 84.6 60. 2 74.6
0.3 84.7 60. 2 74.7
0.5 84.4 60. 1 74.7
0.7 84.0 60.0 74.7
0.9 84.0 59.8 74.7
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Table 6 Computational complexity study

Wk CMGAE GraphMAE CM(%AE (}raphMAE
E#FEH/MB E#F &R /MB i [8] it 8]
Cora 910 712 125s 55s
CiteSeer 1522 1030 35s 15s
PPI 2600 1868 77 min45 s 67 min5s
Corafull 7502 6374 15 min 10 min55s
Flickr 4168 2904 11minl0s 7min35s
Ogbn-arxiv 19654 12986 45 min 25 min
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