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o A.7. Corbett and J.R. Anderson, "Knowledge tracing: Modeling the acquisition of procedural knowledge, "User
Modeling and User-Adapted Interaction, vol. 4, no. 4, pp. 253-278(1995)
o F.B. Baker and S.H. Kim, Item Response Theory: Parameter Estimation Techniques, Second Edition,Statistics: A
Series of Textbooks and Monographs, Taylor & Francis, 2004.

« Pelanek,R .: Conceptual Issues in Mastery Criteria: Differentiating Uncertainty and Degrees of Knowledge. Articial
Intelligence in Education , pp. 450-461 (2018).

C. P/ech J.Bassen, S.Ganguli,"Deep Knowledge Tracing’, Advances in Neural Information Processing Systems 28
(NIPS),2015.

o . Zhang, X. Shi, . King, and D.-Y. Yeung, “Dynamic key-value memory network for knowledge tracing,” Proceedings of the
26th International Conference on World Wide Web, pp.765—774, 2017.

« A. Ghosh, N. Heernan, and A. S. Lan. Context-aware attentive knowledge tracing. In Proceedings of the 26" ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining, 2020.

o Song Cheng and Qi Liu “Enhancing ltem Response Theory for Cognitive Diagnosis,” Proceedings of the 28th ACM
International Conference on Information and Knowledge Management, ACM , 2019

« Converse G., Pu S., Oliveira S. “Incorporating Iltem Response Theory into Knowledge Tracing,” Artificial Intelligence in
Education. AIED 2021.

 C. Yeung, “Deep-irt: Make deep learning based knowledge tracing explainable using item response theory,” Proceedings of
the 12th International Conference on Educational Data Mining, EDM,2019.
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e Emiko Tsutsumi, Tetsurou Nishio and Maomi Ueno: Deep-IRT with temporal convolutional network for comprehensive reflection
of student ability history data. Proceedings of 17th International Conference on Artificial Intelligence in Education, AIED(1), Main

track, full paper, 250-264, 2024

e Emiko Tsutsumi, Yiming Guo, Ryo Kinoshita, Maomi Ueno:Deep Knowledge Tracing Incorporating a Hypernetwork With

Independent Student and Item Networks. IEEE Trans. Learn. Technol. 17: 951-965 (2024)
e E.Tsutsumi, R.Kinoshita, M.Ueno,:Deep-IRT with independent student and item networks. International Conference on

Educational Data Mining, EDM,2021
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(D Dynamic Key-Value Memory Network (DKVMN)
@ Deep-IRT [C. Yeung ,2019]

(3@ Context-aware attentive knowledge tracing (AKT)
@ Deep-IRT (Tsutsumi et al. 2021)
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Dataset FEHER XX HEBE EER FEHREEEHK
Statics2011 333 1223 N/A 79.8% 180.9
ASSISTments2009 4151 111 26684  63.6% 52.1
ASSISTments2015 19840 100 N/A 73.2% 342
ASSISTments2017 1709 102 3162  39.0% 551.0
Dataset metrics DKVMN Yeung Tsutsumi et al. AKT Proposed
AUC | 81.20 +/-0.42 | 81.38 +/-0.42 | 81.45 +/-0.45 | 82.15 +/- 0.35 | 82.25 +/- 0.55
Statics2011 Acc | 79.24 +/-0.84 | 80.33 +/-0.78 | 79.18 +/- 0.67 | 80.41 +/- 0.67 | 80.63 +/- 0.85
Loss | 0.42+4/-0.14 | 042 +4/-0.18 | 042+/-0.12 | 042 +/-0.13 | 0.41 +/-0.20
AUC | 81.21 +/-0.31 | 81.34 +/- 0.39 | 81.34+/-0.24 | 80.81 +/- 0.41 | 81.34 +/- 0.36
ASSISTments2009 | Acc | 75.11 +/- 0.66 | 76.55 +/- 0.45 | 76.91+/- 0.24 | 76.57 +/- 0.55 | 76.54 +/- 0.45
Loss | 0.47+4/-0.05 | 048 +/-0.10 | 0.47+/-0.10 | 0.49 +/-0.08 | 0.48 +/-0.10
AUC | 72.61 +/-0.16 | 72.53 +/-0.23 | 72.34 4+/-0.13 | 72.97 +/- 0.12 | 72.95 +/- 0.14
ASSISTments2015 | Acc | 75.05 +/- 0.18 | 74.97 +/- 0.14 | 74.95 +/- 0.39 | 75.25 +/- 0.10 | 75.02 +/- 0.15
Loss 0.514/-0.02 | 0.524/-0.03 | 0.52+/-0.02 | 0.51+/-0.01 | 0.51 +/-0.03
AUC | 72.67+/-0.37 | 72.08 +/- 0.32 | 72.32+/-0.69 | 73.25+/-0.41 | 85.06 +/- 1.17
ASSISTments2017 | Acc | 68.46+/-0.24 | 68.36 +/- 0.30 | 68.07+/-0.54 | 69.17+/-0.70 | 79.11 +/- 1.06
Loss 0.58+4/-0.03 | 0.59 +/-0.07 | 0.60+/-0.08 0.58+/-0.09 | 0.48 +/-0.24
AUC 76.92 76.83 76.86 77.29 80.40
Average Acc 74.46 75.05 74.77 75.35 77.83
Loss 0.50 0.50 0.51 0.50 0.47
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