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Node classification method based on fuzzy hypergraph neural network
Xiong Wanyue, Xu Feng, Huang Yuting,Han Xingyu,Fan Zizhu

(School of math, East China Jiaotong University, Nanchang 330013, China)

Abstract: [ Objective] Hypergraph neural networks (HGNN) have the ability to learn inter-class uniqueness and
intra-class commonality, which can significantly improve learning performance. However, traditional HGNN
methods lack the strong relational induction that determines how low-dimensional data nodes interact with each
other. To solve this problem, a fuzzy HGNN(FHGNN) classification algorithm based on fuzzy theory is proposed,
and hypergraph structure is constructed according to the characteristic information of data nodes. [Method]
FHGNN first uses an edge-focused GNN to make edge prediction through iterative updates of edge labels. The
fuzzy membership function is designed according to the output of edge prediction to achieve a more accurate
representation of the connection relationship between nodes. Finally, the hypergraph is constructed by the relation
representation, then the nodes are classified again and the result is obtained. The edge label loss function and node
label loss function are used in FHGNN and their parameters are trained and learned respectively. [Result]
Experimental results prove the proposed FHGNN method is more suitable for small-scale data with low node
information dimension, and performs well in node classification tasks. [ Conclusion] For classification tasks of
different data sets, FHGNN can learn the relevant feature information of nodes more effectively and improve the
learning effect.

Key words: Hypergraph; hypergraph neural network; fuzzy system;node classification.
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Table 1 The datasets

Dataset Nodes/Feature Train/Test Class
Wine Quality 1599/11 1280/318 6
Cardiotocography 2126/22 1701/425 10
Vehicle 846/18 677/169 4
Image 2310/19 2100/210 7
Mice Protein 1077/82 867/210 8
Arrhythmia 452/279 362/90 16
Zoo 101/16 66/35 7
NTU2012 2012/100 1640/372 67
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Table 2 Graph neural network Node Classification Accuracy

Model Wine Quality Cardiotoco. Image Mice Protein Vehicle Arrhythmia Zoo NTU2012
Genzl 54.8% 32.5% 91.4% 51.4% 55.0% 57.7% 60.0% 71.0%
ASGCNI2S] 44.8% 41.4% 58.1% 18.8% 52.7% 64.4% 343%
FastGCNI24] 54.9% 20.0% 91.0% 59.5% 42.0% 60.0% 37.8% 48.5%
GraphSAINT27] 58.3% 62.2% 93.3% 74.2% 61.2% 91.6% 60.5% 77.8%
LADIES[26] 55.5% 54.6% 93.3% 60.0% 70.4% 15.1% 94.3% 78.0%
HC-GNNI28] 48.2% 60.9% 81.4% 75.7% 60.9% 54.4% 73.5%
DNGNNI29! 37.2% 60.2% 94.4% 64.6% 69.3% 67.5% 79.8%
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Garl22] 52.3% 90.4% 50.9% 23.0% 64.4% 48.5% 60.0%
HGNNL] 56.7% 53.2% 98.2% 57.1% 66.2% 70.0% 352% 70.2%
DHGNN!!7] 40.7% 25.4% 64.3% 52.4% 37.2% 55.6% - 73.2%
LEl9] 58.0% 55.3% 96.2% 59.1% 73.4% 68.9% 97.0% 76.6%
HGNN+20] 57.6% 50.8% 96.1% 66.1% 59.1% 67.7% 62.5% 69.3%
FHGNN(Ours) 58.9% 76.7% 98.5% 99.5% 82.2% 86.6% 97.2% 78.8%
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Fig. 3 Comparison results of FGCN and FHGNN
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*® 3 HMXELSE
Table 3 Ablation experiment resule
Model Relation HGNN Wine Quality Cardiotocography Image Mice Protein Vehicle Arrhythmia
Encoder Layers Segmentation Expression

HGNN X N 56.73% 53.25% 98.22% 57.14% 66.27% 70.00%

FGCN N X 57.36% 72.29% 95.23% 78.09% 73.37% 85.33%
FHGNN N N 58.93% 76.70% 98.57% 99.52% 82.24% 86.6%
4 g
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