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Figure 2 Model comparison results on a regression dataset
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Table 2 Performance of energy efficiency samples

Gi's RWEA/m®> ESE/KWh  FIE/kWh 4% %25

1 0. 667 15.6 12.10 3.5
2 0.710 23.8 23.50 0.3
3 0.775 18.2 21.50 3.3
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Table 3 Coarse-grained experimental results
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Figure 4 Model parameter analysis results
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Table 5 Results of ablation experiment

LR T R’ RMSE MAE

w/0 DH 0.718 2.89 1.32
w/0 MHA 0. 681 2.81 1.21
w/0 MAML 0. 762 2.95 1.23
AM-HGCN 0.775 1.53 1.15
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AM-HGCN: An Adaptive Multi-Head Hypergraph Convolutional Network for

Few-Shot Regression

WangMei'?, YAN Zujia'?, GAO Yatian"?, GAO Juntao'"

(1. Heilongjiang Key Laboratory of Petroleum Big Data and Intelligent Analysis, Daqing 163318, China; 2. School of Computer and In-
formation Technology, Northeast Petroleum University, Daqging 163318, China)

Abstract. High-order interactions among multiple nodes were difficult to be captured by graph neural networks
based on binary-edge structures, and static graph topologies were unable to adapt to dynamic data distributions. To
address these limitations, a few-shot regression model based on adaptive multi-head hypergraph convolutional net-
works (AM-HGCN) was proposed, in which feature similarity and topological structure were integrated through a
dynamic hypergraph construction method, multi-scale hyperedges were generated using k_hop neighbors and k—nea-
rest neighbors (k_NN) strategies to enable adaptive capture of feature interactions, a multi-head hypergraph convo-
lutional network was designed to extract heterogeneous features via parallel attention heads and fuse multi-granulari-
ty information through a dynamic gating mechanism to enhance expressive capability, and a model-agnostic meta-
learning framework was introduced to achieve rapid task adaptation through inner— and outer-loop optimization. Ex-
periments were conducted on the Boston Housing, Energy Efficiency, IMDB, and MinilmageNet datasets, and for
structured datasets, AM-HGCN was observed to outperform mainstream baseline models significantly in evaluation
metrics, with the coefficient of determination (R*) improved by up to 1. 1%, validating the model’s effectiveness
in capturing complex relationships. Significance tests yielded a p-value of 0. 04, statistically confirming the reliabil-
ity of this improvement, and ablation studies further demonstrated that the collaborative effect of dynamic hyperg-
raphs and multi-head attention mechanisms was crucial for the enhancement of few-shot regression performance, o-
verall validating the effectiveness of the proposed method.

Keywords: Few-Shot Learning; Hypergraph; Hypergraph Convolutional Neural Network; Multi head attention

mechanism; Meta le



