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Transformer-based Knowledge Tracing Model Reflecting
Cognitive Science-Informed Forgetting Effects
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Abstract

Recently, Knowledge Tracing (KT) has attracted significant attention as a core technique for estimating learners’
knowledge states and providing personalized learning paths in online learning environments. However, existing
self-attention-based KT models have limitations in sufficiently reflecting cognitive forgetting processes in learning
sequences. To address these issues, this study proposes a novel model, Self-Attentive Knowledge Tracing with Memory
Integration (SAKT-MI), which integrates the temporal decay principle of the ACT-R theory into the original SAKT
architecture. The proposed model introduces a reconstructed attention mechanism that learns the complex interaction
between item similarity and retention strength over time, thereby enabling effective modeling of learners’ forgetting
patterns. Experiments on two public datasets demonstrate that the proposed model consistently outperforms the baseline
SAKT model in terms of predictive accuracy and stability. This research demonstrates that combining cognitive forgetting
theory with deep learning-based KT can improve both predictive accuracy and interpretability in educational data mining.
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