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Semantic—Modulated Heterogeneous Graph Contrastive Learning

MA Linhui', XIE Zhipeng', LIANG Eryao', LIU Juan®, HUANG Jingui'

(1. College of Information Science and Engineering , Hunan Normal University ;
2. Changsha Social Work College, Hunan Normal University, Changsha 410081, China)

Abstract: Heterogeneous Graph Contrastive Learning (HGCL) has demonstrated good potential in capturing complex graph structures. How-
ever, existing methods often struggle to reflect the importance differences between different views when constructing contrastive views , thereby
weakening the role of key semantic paths. Meanwhile, mainstream methods generally focus on node-level contrast, failing to fully model view—
level information. To alleviate the above issues, we propose a Semantic Modulation—based Heterogeneous Graph Contrastive Learning (SM—
HGCL) method. By introducing a semantic modulation mechanism and a view optimization strategy , it achieves more collaborative multi-view
representation learning. Specifically, the method first generates contrastive views with distinguishability and semantic stability on multiple
views based on meta—path partitioning, using a view optimization strategy. Secondly, a semantic—aware balancing module is designed to adap-
tively adjust the contributions of different meta—paths to the final representation, enhancing the model’s ability to capture key relationships. Fi-
nally, a semantic consistency contrastive loss is proposed, which considers both local details and global context to improve the consistency and
expressiveness of multi-level features. Experimental results on multiple benchmark datasets show that the proposed method outperforms exist-
ing methods in both node classification and clustering tasks. Especially on the AMiner dataset, it achieves a 2.92% improvement in Macro—F1
and a 10.29% improvement in ARI compared to the optimal baseline, validating its effectiveness and generalization ability.
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Table 1 Results of node classification
R1 TEHRER (%)
Sk AMiner DBLP IMDB FreeBase ACM
Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1
GCN 73.29 85.04 88.40 88.64 58.14 58.33 61.41 68.92 88.41 89.57
GAT 72.83 84.97 88.63 89.02 56.82 56.99 62.87 69.12 87.98 88.42
HAN 73.70 85.43 89.35 89.70 54.19 54.48 62.58 70.29 89.11 89.33
GCA 73.27 85.18 87.10 87.92 57.01 57.22 61.06 68.87 87.13 88.52
HeCo 75.01 85.31 90.83 91.08 52.67 52.55 62.99 69.33 88.42 89.05
SimGRACE 74.01 85.88 88.42 89.05 57.12 57.33 61.29 69.01 87.91 89.09
STENCIL 73.02 84.72 92.01 92.33 57.16 57.52 60.63 68.33 87.55 88.42
HGCML 75.40 86.43 89.16 89.73 60.70 61.35 64.74 71.30 90.71 90.89
AdaMEOW 72.05 84.21 91.32 91.51 61.00 61.75 62.33 69.58 90.06 89.92
DiffGraph 71.88 80.51 92.91 92.85 61.37 62.06 66.05 72.11 91.59 90.11
SM-HGCL 78.32 87.36 93.02 93.50 64.47 64.74 67.42 72.16 92.03 91.02
# :Ma—F1 /8 Macro—F1,Mi-F1 /5 Micro-F1,
Table 2 Results of node clustering B (R) 4y #1154 0.00.0.02.0.04.0.06.0.08, Z GG A
®2 TRREER (%) [P sl 5 5 O B L) R AL e . AniR] 3 o, SRR
e AMiner DBLP IMDB FreeBase ACM SERATAG AT 45 . Q@& B smEELCEE, &
NMI ARI NMI ARI NMI ARI NMI ARI NMI ARI - s b g , ..
YRR OE 2 i 5 0 4R Bh B AE S AR TR BRI R 8 i L IR 25 5
GCN  36.74 32.05 71.99 77.53 8.07 8.11 15.56 17.14 58.41 57.13 JRES A " o .
GAT  37.02 32.88 73.13 79.25 8.55 8.52 15.63 17.04 61.29 60.53 P, AT ARAS B AR A L0 A9 15 BE s @4 i 3510 5 i 3
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Table 3 Results of ablation experiment
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Table 4 Results of meta—path validity analysis
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