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An accelerated deep feature extractor for pre-trained knowledge tracing models
YANG Changxiao

(School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China)

Abstract; The accuracy of the knowledge tracking task can be significantly improved by embedding and fine —tuning the pre-
training for knowledge tracking, but the existing fine—tuning methods usually use full fine—tuning, i.e., adjusting all parameters of
the pre—trained model, which is less efficient. In this paper, we propose a new efficient fine —tuning method, called the fast
adaptation training method, to adjust the model to different downstream tasks by extracting deep features. Compared with the full
fine—tuning method, the fast adaptation training method is able to achieve 5.2 times and 3.6 times training time speedups on the
ASSIST 09 and EdNet datasets, and improves the prediction accuracy by both 0.49% and 0.19%.
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Fig. 1 Schematic diagram of the quick adaptation training method structure
0.49% %1 0.19% ,,

F1 HETMAEEI L

Table 1 Model prediction accuracy comparison
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Fig. 2 Line chart comparing accuracy and training time
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