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Abstract

Learning behavior modeling is the key to realizing personalized recommendation. Existing research
methods learn evolutionary preferences by serializing behavioral data of modeling learners. How-
ever, these methods still have some problems, such as noise interference and insufficient consider-
ation of high-order relationship information between projects. Therefore, this paper proposes a
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learning event hypergraph-based course resource recommendation method. Firstly, learning events
based on hypergraph are used to represent high-order information between items and model
learners’ behavior. Then, hypergraph neural network and self-attention mechanism with time and
position signals are used to represent learners’ learning behavior characteristics, and persona-
lized sequence recommendation is realized by predicting the items that learners will interact with
in the next step. Experimental results on data sets show that this method can effectively solve the
problem of lack of information in learning behavior modeling, thus improving the quality and ac-
curacy of personalized recommendation.
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Figure 1. Curriculum resource recommendation model based on learning event hypergraph
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Figure 2. Learning event hypergraph
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Figure 3. (a) Traditional graph structure; (b) learning event hypergraph
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Table 1. Dataset statistics
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Dataset Users Items Interactions Average lengths

Java 6167 104 113059 19.39
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Table 2. Compare experimental results with baseline methods
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Model P@5 MRR@5 P@10 MRR@10
GRU4Rec 53.71 25.32 55.53 26.56
NARM 58.15 27.63 59.24 29.68
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DHCN 71.62 34.81 75.93 36.38
LEHSR 76.75% 43.79% 81.82% 45.74%
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