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Program induction under constraints

“Programs” of thought

Human concept learning can be viewed
as inferring Probabilistic Programs!!-?!
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We integrate program induction with
RDT to explain how humans
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Behavioural data analysis

Beyond random mistakes and chunking errors

Structured patterns dominate error types

Unstructured errors: 1) vertical Unique error occurrence

& 2) shift (percentage of errors not
= explained by other types)
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Is the best predictor of trial-by-trial memory

Probability of pressing a key is ™| ©®
based on a weighted sum of ™" @
model prediction: o
i Choice(x) < exp(F - w) =
o @ feature matrix (what the = , *
model predicts) wol . ___

e W weights (learned from data) Coefficient

[1] Fodor, J. A. (1975). The language of thought (Vol. 5). Cambridge, MA: Harvard university press.

[2] Zhao, B., Bramley, N. R., & Lucas, C. G. (2022). Powering up causal generalization: A model of human conceptual
bootstrapping with adaptor grammars [Preprint]. PsyArXiv. https://doi.org/10.31234/osf.io/7gvx9

[3] Bates, C. J., & Jacobs, R. A. (2020). Efficient data compression in perception and perceptual memory. Psychological
Review, 127(5), 891-917. https://doi.org/10.1037/rev0000197

Presentation on CogSci 2025 Conference

Programs explain learning effects

Program boundaries predict reaction time Recalled ¥

Model-predicted program endings
vS. human note-wise reaction time
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Program complexity predicts error rate

Model-predicted complexity vs. human melody-wise accuracy
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