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Multi-hop Question Answering Model for Kiwifruit Planting
Knowledge Graph Based on Multi-teacher Distillation

Li Shugin Yang Shengyun
(College of Information Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract; Aiming to address the issue of inference performance degradation caused by reasoning path
bias in multi-hop question answering over knowledge graphs, a novel model for multi-hop question
answering in the domain of kiwifruit cultivation, was proposed based on multi-teacher knowledge
distillation. The proposed model consisted of a parallel reasoning module, a hybrid reasoning module,
and a student model, which were designed to integrate latent information from bidirectional reasoning
paths, provide comprehensive contextual information, and efficiently inherit the reasoning capabilities of
the teacher models, respectively. The student model was implemented by using a neural state machine,
which selectively learned from multiple teacher models and their intermediate reasoning processes through
a confidence-based distribution mechanism. Additionally, a normalized Logits function was introduced to
dynamically adjust the distillation temperature, thereby balancing the precision of information transfer and
the effectiveness of model learning. Experiments were conducted on the self-constructed kiwifruit dataset
as kiwi kowledge graph multi-hop dataset (KiwiKG) , as well as on public multi-hop question answering
datasets as pathquestion ( PQ) and pathquestion-large ( PQL). The results demonstrated that the
proposed model achieved a Hit@ 1 of 90.92% on KiwiKG, representing a 1.82 percentage point
improvement over the EmbedKGQA model. Moreover, the model achieves state-of-the-art performance on
the public datasets PQ and PQL. In addition to its strong reasoning capability,, the model also maintained
parameter efficiency, validating its effectiveness and generalization ability in multi-hop question answering
tasks.
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Fig.5 Schematic of multi-hop reasoning process
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