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Abstract: Knowledge Tracing (KT) dynamically assesses and tracks students’ knowledge mastery levels based on their
historical learning trajectories, enabling the prediction of their future learning performance. As a core technology in online
learning systems, KT facilitates personalized learning experiences. While existing deep neural network-based KT models
(e.g.,DKT, DKVMN) have demonstrated significant advantages over traditional methods, they typically require large-scale
training data. Early-stage interactions, where the student response data are extremely sparse, pose substantial challenges to
training complex and effective deep KT models. To address this limitation, we propose MetaK'T (Meta-Iearning-Enhanced
Knowledge Tracing), a framework that leverages meta-learning to enhance early-stage KT performance. Given a target KT
task and several related auxiliary tasks, MetaKT first pre-trains the model on auxiliary tasks, and then fine-tunes it using the
target task's limited data until convergence. Experiments on seven public datasets, with DKT and DKVMN as backbones,

demonstrate that MetaK'T improves AUC for DKT and DKVMN in 27 and 33 out of 35 test scenarios, respectively.
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Table 2 AUC of the DKT model as the backbone across seven datasets

R KRG MU 5 B R 10

e KB B 20 I R B 30 fie KB B 50

K DKT MetaDKT ~ DKT  MetaDKT — DKT  MetaDKT ~ DKT  MetaDKT —~ DKT  MetaDKT
EdNet 63.80%  64.00% 4 60.24% 60.36% A 66.71% 66.90% 4 67.18% 67.19% A 67.57% 67.60% 4
Junyi 64.54%  65.23% A 72.77% 73.12% A 67.12% 67.19% A  67.77% 67.95% A 68.61% 68.66% 4
ASSIST09  79.17%  79.21% A  74.42% 74.95% 4  79.42% 79.61% A 79.71% 79.70% ¥  79.74% 79.70% ¥
ASSIST17  62.53%  63.28% 4 62.69% 63.51% A 62.97% 63.13% A 63.87% 63.92% A 64.82% 64.90% 4
algebra05  70.24%  69.79% ¥ 77.25% 77.54% A 71.18% T1.14% ¥ 71.69% 72.33% A 73.72% 74.16% 4
ASSIST12  62.50%  62.90% A 69.22% 69.36% A 65.35% 65.40% 4 66.07% 66.22% 4+ 66.81% 66.78% ¥
ASSIST15  70.03%  69.98% ¥ 75.30% 75.63% 4 71.58% 71.57% ¥ 71.84% 71.76% ¥ 72.02% 72.05% A
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Table 3 AUC of the DKVMN model as the backbone across seven datasets

R RS

e KA 10

e R 20

e K 30

e K& i 50

B Meta- Meta- Meta- Meta- Meta-
DIVMN DKVMN DRVMN DKVMN DIVMN DKVMN DIVMA DKVMN DIVMN DKVMN
EdNet 65.80% 65.87% A 65.72% 65.75% A 68.05% 68.13% 4 68.83% 68.96% A  69.18%  69.24% 4
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