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e Fit between surprisal and RT evaluated using Bayesian hierarchical
linear regression; maximal random effects and fixed efttects of word
length, POS, and surprisal tor current word (n) and previous word
(n-1), as well as all interactions.
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* Including n-1 surprisal captures well-documented spill-over
effects (e.g. Shain 2024) that were not included in prior work
testing LLMs of different sizes.

Function-words
show little to no change in
fit for larger models

Improvement over
baseline is weakest for
function words

over baseline (ELPD)

* Target models compared against baseline with control
covariates but no surprisal predictors.

Quality of model fit relative to
top-performing model (ELPD)

Improvement of model fit

o Statistical goodness-of-fit guantified via Expected Log Pointwise
Predictive Density (ELPD; Vehtari 2017) across LLMs separately for
each word category.
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