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Adaptive knowledge graph reasoning framework based on graph

neural networks
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Abstract: A graph neural network (GNN)-based adaptive knowledge reasoning framework (CASS) was proposed to address
the limitations of extant GNN-based knowledge graph reasoning, such as the explosive growth of entity propagation scale, loss
of semantic associations, and sparsity of relational data. First, a connection-oriented semantic correlation sampling strategy
was designed to filter redundant entities and retain potential targets through adaptive propagation paths. This strategy employed
an improved progressive propagation mechanism to maintain linear complexity, and integrated dynamic sampling distribution
with iterative elimination strategy to prune invalid nodes. Second, a masked graph-based contrastive learning paradigm was
introduced. It utilized a learnable masking function to locate and mask the subgraph structures of critical nodes to reconstruct
self-supervised signals, thereby enhancing the reasoning robustness of the model in sparse scenarios. Finally, experiments on
public datasets WN18RR, NELL-995, and YAGO3-10 demonstrated that CASS achieved significant performance improve-
ments in transductive reasoning tasks. In particular, on the WNI18RR dataset, its mean reciprocal rank (MRR) yielded a
1.8 percentage point improvement over state-of-the-art baseline models.
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Table 2 Comparison of different inference models
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Fig. 4 Comparison of propagation steps of GNN-based methods
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Table 3  Comparison of different sampling methods
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Sub-graph 5098 0.461 578 40.5
Connection-oriented 4720 0.472 520 41.8
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Connection-oriented 4 650 0.569 510 56.5
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