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HeSPS—GNN: Subgraph-level Graph Neural Network Approach for
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Abstract: Link prediction is a key task in graph data analysis. Subgraph—level graph neural network methods demonstrate strong structural

modeling capabilities in this task. However, existing methods generally suffer from inconsistent subgraph sizes during the subgraph extraction

stage, leading to node pruning or zero vector padding in the ranking pooling layer, which results in information loss, especially in s

parse graph

scenarios where performance degradation is significant. To address the aforementioned issues, we propose a hierarchical sampling method

called HeSPS that presets the number of subgraph nodes. This method centers around target node pairs and adopts a hierarchical expansion

strategy from near to far for neighbor sampling, ensuring that the number of subgraph nodes remains basically consistent while preserving as

much structural information from the original graph as possible. Based on HeSPS, we construct a subgraph—-level link prediction model called

HeSPS—GNN and conduct experimental validation on multiple public benchmark datasets. The results show that compared to main

stream sub-

graph methods such as SEAL and SPG4LP, HeSPS-GNN achieves superior performance in terms of the AUC metric, especially on sparse

graph datasets such as Power and Router, where the AUC improvement is up to 4.26%. This method effectively reduces the information loss

caused by ranking pooling and enhances the stability and accuracy of link prediction in sparse graph scenarios.

Key Words: link prediction; graph neural networks; enclosing subgraph; simple path graph; sortpooling layer
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Fig.3 Framework of HeSPS—GNN model
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Fig. 4 Framework of DGCNN model
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Table 3 Experimental results of different sampling strategies on the

USAir dataset
R3 AEARFERBAEUSAIrHBE LWLEER

k KRG CFRBGEE R TR AUC
1-hop 3.69 73.71 93.763
20 6-path 6.72 94.689
HeSPS 1.52 0 96.709
1=hop 8.03 51.23 93.985
30 6-path 16.71 93.498
HeSPS 2.85 96.951
1-hop 13.01 30.79 94.544
40 6-path 16.71 93.498
HeSPS 4.39 0 97.193
1-hop 18.52 17.94 95.058
50 6-path 36.72 93.280
HeSPS 6.19 0 96.830
1-hop 24.09 10.33 95.492
60 6-path 46.71 92.116
HeSPS 8.19 0 96.860

Table 4 Experimental results of different sampling strategies on the

Power dataset

R4 AEIRERIE Power HIBE PR TR ER

k T FIHBFER RN BT % AUC
60 3~hop 27.42 4.59 90.153
HeSPS 11.65 0 93.316
3-hop 46.13 1.21 90.621
80 HeSPS 16.44 0 93.371
100 3-hop 65.77 0.31 90.610
HeSPS 21.49 0 93.985
120 3~hop 85.68 0.09 90.580
HeSPS 26.72 0 94.101
140 3-hop 105.65 0.02 90.612
HeSPS 32.12 0 94.406

VU 2 o AT 5 4 T AT 55 GNIN RS2 i 47 7 1) B R ) -
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