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Makes theoretical assumptions
explicit

Helps you refine your theory
before moving to experiments

Makes concrete experimental
predictions
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Cognitive processes are represented in
the likelihood function

Cognitive biases are represented by the
prior

Cognitive variables are made explicit by
the model parameters

Bayesian models of cognition allow us to explore how
rational agents combine observational data with
prior knowledge to form beliefs about the world



Project 1: Visual
word identification

hypothesis space words
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Project 2: Evolution of
semantic categories
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Orthographic informativity and the
optimal viewing position
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Fixating left-of-center counteracts the asymmetry of the human perceptual span
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Candidate words: alluded, amended, avoided, awarded, bearded, blended, blinded,
boarded, bounded, braided, branded, crowded, decided, ..., wielded, wounded, yielded
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Candidate words: guarded, guanine

Fixating left-of-center reduces the reader's uncertainty about word identity



Human perceptual biases Structure of the lexicon

e.g. asymmetry of the perceptual span e.g. suffixing vs. prefixing

¥ ¥

Optimal viewing position in visual word identification

left-of-center vs. right-of-center

\ 4

Pattern of tixations in reading

e.g. initial landing position, gaze duration, probability of abandonment
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Yy = -0.3 (better perception to the left) Yy = 0 (symmetrical perceptual span) Y = 0.3 (better perception to the right)
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Uncertainty Expected entropy of the reader's
posterior, when fixating in a given location
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find parameter values that maximize
the likelihood of producing the same
output as the participant, given the
same input
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Uncertainty
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Simplicity and informativeness in
semantic category systems




Kinship terms are simple and informative
Kemp & Regier (2012)
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Kinship terms are simple and informative
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Can iterated learning give rise to informative categories?

against

jeteruru
behind




Can iterated learning give rise to informative categories?

Generation 0 Generation 10

Carstensen, Xu, Smith, Regier (2015)
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Simplicity bias Informativeness bias



Universe: U, , = {m1, ..., Mg} Partition: P = {C,, C,, C3} Signals: S = {s4, S,, S3, S4} Language: L = (P, /)
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Bayesian iterated learning under a simplicity prior
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Bayesian iterated learning under an informativeness prior
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Simplicity bias Informativeness bias
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