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Table 1 Dataset information
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Dataset # Nodes # Edges # Attributes # Labels
Wikipedia 2 405 17 981 4973 19
Cora 2 708 5 429 1433 7
Citeseer 3 327 4 732 3 703 6

£2 A&T-MLP 28
Table 2 Parameters setting of A& T-MLP
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rate (Ir) R
layers (d)  similar (a)
attributes
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Wikipedia 102 150 512 30 6
Cora 10°° 500 512 20 10
Citeseer 10°° 400 512 30 10
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Table 3 Results of the node classification experiment

Unit: %
Wikipedia Cora Citeseer
LAY
Model Micro- Macro-  Micro- Macro-  Micro-  Macro-
F1 F1 F1 F1 F1 F1

GCN  56.83 41.11 76.37 75.18 71.42 64.44
SGC 53.13 3519 74.74 73.15 67.64 60.45
GAT  55.33 39.49 76.07 74.75 70.47 64.34
GATv2  54.71 37.38 73.41 71.45 72.45 65.56
MLP  69.07 49.73 61.60 54.93 64.72 54,79
Graph-MLP  67.84 49,15 78.73 75.03 74.43  67.69

ART-MLP 72.69 54.75 82.79 81.31 76.70  70.09
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Note:bold is the best result,underlined is the second best result.
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Node Classification Based on Graph Multi-Layer Perceptron
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Abstract: Many Graph Neural Networks (GNN) improve the performance of graph analysis tasks, such as
node classification, by designing efficient information propagation and aggregation methods. However, this pa-
per proposes a graph Multi-Layer Perceptron (MLP) model A& T-MLP does not rely on information propa-
gation and aggregation. It enhances its representation ability using through the utilization of contrastive loss
guided by attribute and topology information. Firstly,attribute matrix and adjacency matrix were are used to
calculate the attribute and topology similarity between nodes. Secondly, the contrastive loss guided by similar-
ity information is applied to increase the consistency of similar nodes and the difference of dissimilar nodes in
feature space. Thirdly,the multi-layer perceptron is constructed,and the end-to-end training process incorpo-
rates the cross-entropy loss function. A& T-MLP outperforms the baselines in the node classification. Micro-
F1 and Macro-F1 increased by 15.86% and 13. 64 % respectively,compared to the GNN model Graph Convo-
lutional Network (GCN) on Wikipedia dataset. The results show that A& T-MLP effectively preserves richer
graph information,leading to improved performance. Besides, the proposed method exhibits notable advanta-
ges in inaccurate topology. Even in the extreme case where 80% of edges are missing s A& T-MLP can still
superior against baselines.

Key words: graph neural network; multi-layer perceptron;node attributes;contrastive learning;node classifica-

tion
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