
Knowledge Tracing (KT)[1] aims to estimate a learner's knowledge 
states and predict future performance given the learning interaction history.
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(1) Global structure      for knowledge prerequisites
The consolidated memory is shifted by the inferred structure:

PSI-KT: a hierarchical model from the ground up

Why do we care?
What should we learn, and when to practice? 
To create personalized and effective curricula, we need: 
1. Knowledge Tracing: What do learners already know?
2. Knowledge Mapping: What are suitable contexts to present content, i.e. 

what are prerequisites?

Existing models of human learning just can't keep up! 

Tracing knowledge over time

TL;DR
We propose a high-performant, scalable model to track 
learners' mastery levels with the interpretability required for 
personalized education, essential for next-generation 
intelligent tutoring systems.

Predictive accuracy on limited data

Scalability with more interaction

Interpretability of traits and graphs

Input: Learning history 
● Knowledge component (KC)       , e.g. pythagorean theorem
● The timestamp of the interaction
● An evaluation of the learner’s performance 

Output: Prediction of the learner’s performance and, optionally, the  
structure of KCs. 
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Two key components we cared in modeling human learning in 
structured domains:
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(2) Ornstein-Uhlenbeck process for temporal evolution

Per learner                                   for personalization

Per learner & KC         for memory dynamics

                             
      forgetting rate;        consolidated memory;       transfer ability. The Markovian evolutio is: a Kalman filtering prior. 

Latent
cognitive traits 

Variational inference: We use amortized variational inference, selecting a distribution family        with free parameters     to 
approximate the posterior        by minimizing their Kullback-Leibler divergence.

Inferred cognitive traits are specific to each learner, consistent across data splits, disentangled 
(i.e., component-wise meaningful) and operationally interpretable. 

The prerequisite structures with inferred edge probabilities are shown to causally support 
learning[3].
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Representation capacity: Operational interpretability:
Individual traits are able to predict meaningful 
behavior data in the future.
● Consolidated memory vs. initial performance
● Forgetting rate vs. performance difference

Within-learner prediction performance as a function of cohort sizes:

The Bayesian nature of PSI-KT allows it to be updated with new interaction without retraining[4]. 

Cumulative training time of continual learning:
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Overall: Structure-aware Ornstein-Uhlenbeck process
The transition mean[2]:
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