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Research on Adaptive Learning Dynamic Path Generation Method Based
on Multimodal Knowledge Graph

LI Qinying, WANG Chuhan
(School of Infomation Engineering, Jiangxi Institute of Technology , Nanchang 330000, China )

Abstract: Aiming at the shortcomings of existing learning path recommendation systems in integrating multimodal data and meeting learners’
personalized needs, an adaptive learning dynamic path generation method based on multimodal knowledge graph is proposed. Firstly, integrat-
ing knowledge graphs of various modal data such as text, audio, and images lays the foundation for learning path generation; Secondly, char-
acterizing learner characteristics from two aspects: learner feature extraction and learner model construction, in order to deeply analyze their
behavior and abilities; Finally, in the adaptive learning path generation stage, personalized optimal learning paths are dynamically generated
based on the current state of the learner. Experiments have shown that the proposed method not only significantly improves the learning out-
comes of different types of students compared to traditional fixed learning paths, but also adapts to learning paths, enhances student satisfac-
tion, and reduces learning confusion and cognitive load ; This performance is particularly prominent in scenarios with high demand for person-
alization, providing new ideas and technical support for achieving efficient and personalized education.
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Fig.1 Overall model architecture
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Fig.2 Multimodal knowledge graph construction process
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Fig.4 Dynamic reinforcement learning model architecture
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