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Abstract: With the rapid development of online education, how to accurately model learners' knowledge status and
provide personalized support has become a key part of realizing efficient teaching systems. Knowledge tracing aims
to model students' potential knowledge status by using their historical answer data. In recent years, the Transformer
model has been introduced into the field of knowledge tracing for its excellent sequence data processing capabilities,
but its computational complexity is high when processing long sequences, and there is still room for further improve-
ment in prediction accuracy. To address this, a Transformer-based knowledge tracing model integrating sparse atten-
tion mechanism, named SATKT (sparse attention Transformer knowledge tracing), was proposed. In this model, a
question-knowledge embedding module was employed to comprehensively capture the evolution of students’ knowl-
edge states from both the question level and the knowledge concept level. A sparse attention mechanism was intro-
duced to selectively focus on key interaction information. Furthermore, a hybrid loss function was incorporated to
achieve multi-objective joint optimization, thereby further improving the convergence stability and prediction accu-
racy of the model. Experimental results on four knowledge tracing datasets show that SATKT achieves an average im-
provement of approximately 1.33% in AUC compared with existing mainstream models, and also performes better in
terms of ACC and RMSE, demonstrating higher prediction accuracy and stronger generalization ability. This study
provides an effective and scalable new approach for personalized learning analysis in smart education scenarios.

Key words: knowledge tracking, Transformer, smart education, sparse attention mechanism
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FEJAUCH WK 4. R 4T LA, SATKT7E
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