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A citation recommendation method based on
dual-channel heterogeneous hypergraph neural networks

LI Ruihong, LI Xiaohong, YAO Jin, WANG Shanshan

(College of Computer Science &. Engineering. Northwest Normal University, Lanzhou 730070, China)

Abstract: Addressing the issue that existing citation recommendation methods primarily focus on
modeling binary relationships using graph structures, and lack sufficient representation of the diversity
and variety of node types and interaction relationships, a citation recommendation method based on dual-
channel heterogeneous hypergraph neural networks is proposed. Firstly, a heterogeneous graph is con-
structed, convolutional neural networks (CNNs) and Transformers are utilized to encode the local and
global semantic features of each node in the heterogeneous graph, respectively, obtaining structural rep-
resentations of the target node on the heterogeneous graph channel. Secondly. multiple types of hyper-
edges are designed to expand heterogeneous data information. Thirdly, a hypergraph is used to encode
interactions between nodes, and a hypergraph neural network is employed to capture potential complex
high-order semantic relationships in the hypergraph, obtaining semantic representations of the target
node on the hypergraph channel. Finally, information from the two channels is aggregated to obtain the
final semantic representation of the target node. The correlation between the target paper node and can-
didate paper nodes is calculated to generate a citation recommendation list. Experimental results on the
DBLP and PubMed datasets demonstrate that the proposed method can effectively improve the quality of

citation recommendations and achieve better recommendation outcomes.
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Figure 2 Heterogeneous graphs and their network patterns
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ARSI T S R EE R
Table 2 Comparative experiments of DHCR method
with other baseline methods on DBLP dataset
x2 DHCRAEEHMELTE
7E DBLP #{F & F Xt tb 236

VRS precision@20  recall@20 MRR
LINE 0.391 0. 452 0. 695
DeepWalk 0. 384 0. 440 0.658
CRM-HIN 0.455 0. 494 0.742
metapath2vec 0.417 0. 475 0.729
L-HGCF 0. 487 0.541 0.797
GCR-GAN 0.472 0.523 0.751
DHCR-s 0.476 0.538 0. 807
DHCR 0.492 0.563 0.810

Table 3 Comparative experiments of DHCR method
with other baseline methods on PubMed dataset
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DHCR-s 0.591 0.513 0. 750
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