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1 - Background 4 - Predictions
Transformation from Absolute to Relative Magnitude The distributional hypothesis (H.,) predicts a systematic shift of the scaling

response away from the veridical CDF; its sign follows the CDF's local curvature

arat a cat and its size grows with uncertainty.
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- Stimulus durations (8) are sampled from 15 uniformly spaced relative percentiles in g 0 _-J I .J I

on scaling responses (5-fold cross-validation).
Positive values favor the distributional hypothesis
either a right-skewed (Short) or left-skewed (Long) context. (H,). 5 out of 6 participants showed higher
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Fig 5 - Generative performance. Observed data (open circles) and model simulations (lines) are plotted
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0 4 ; ;,/ E against estimated durations. The vertical axis represents the response deviation from the veridical CDF.
(205 Mi Lines depict median responses generated by each hypothesis (H, and H,) using individual best-fit
orecue O A P .i‘!‘} parameters, whereas open circles denote observed level medians. A single subject is shown.
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