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Why do we care?

What should we learn, and when to practice?
To create personalized, effective curricula, we need to find out:

1. What do learners already know, and how fast do learners forget?

2. What are suitable contexts to present content, i.e. what are p
Existing models of human learning just can't keep up!

They fail to either grasp the structured nature of knowledge or learn
interpretable variables, and meet the scalability demands of continuously

updating models with new learners' data.
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What is Knowledge Tracing (KT)?

Knolwedge Tracing (KT) [1] aims to estimate
a learner's knowledge states given the
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We propose GroupKT - a generative KT model.
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The Markovian evolution is modeled via a Kalman filtering prior.

Knowledge states - per learner and per KC sz
for memory dynamics
the evolution is modeled via an Ornstein-Uhlenbeck process [4,5]
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where Tﬁ — tfz, — ti_l is the time lag of two consecutive interactions,
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Inference of latent variables

In variational inference, we approximate an intractable

posterior distribution pg(z|y) = pa(y, 2) /pe(y) with g4(z| y)
from a tractable distribution class.

ELBO of hierachical state-space model

The ELBO of our two-layer state space model is given
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KC embeddings U and transformation matrix M [2]
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GroupKT enhances prediction, interpretability, and scalability
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Interpretability of inferred variables and structure
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