EBERHARD KARLS

PSI-KT: Predictive, Scalable and Interpretable ﬁ Uﬁ?ﬁﬁé}gﬁq

e Knowledge Tracing on Structured Domains

Hangi Zhou'?3#, Robert Bamler'23, Charley M. Wu'?3, Alvaro Tejero-Cantero*? M
%:3 ICLR q , , y ; J L LEAD

L University of Tiibingen 2 Cluster of Excellence Machine Learning 3 Tiibingen Al Center #IMPRS-IS S

TL;DR PSI-KT: a hierarchical model from the ground up

We propose a high-performant, scalable model to track Per learner 5, == (o, i{.,+{.) for personalization
learners' mastery levels with the interpretability required for
personalized education, essential for next-generation
intelligent tutoring systems.

o, forgetting rate; !, consolidated memory; +; transfer ability. The Markovian evolutio is: a Kalman filtering prior.
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What should we learn, and when to practice? knowledge states ; Z rem e
To create personalized and effective curricula, we need: (2) Ornstein-Uhlenbeck process for temporal evolution t My exi(‘“n%),
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2. Knowledge Mapping: What are suitable contexts to present content, i.e. x \
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. > Observed Variational inference: We use amortized variational inference, selecting a distribution family g, with free parameters ¢ to

Existing models of human learningjust can't keep up! Yn—1 Yn Performance approximate the posterior pg by minimizing their Kullback-Leibler divergence.
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flobilty  scalabilty  Interpretabilty Interpretability of traits and graphs Predictive accuracy on limited data

. . Inferred cognitive traits are specific to each learner, consistent across data splits, disentangled Within-learner prediction performance as a function of cohort sizes:
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Cumulative training time of continual learning:

e The timestamp of the interaction ¢, square Qm @ theorem 1 @

e An evaluation of the learner’s performance Yn
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