Variability in Young Children's Everyday Visual Experiences of Object Categories
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Backgro U nd M ethOd S We detect objects in the child's view, validate the detections, and embed each exemplar to measure how visually variable each category is
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ReS u ’ tS All analyses were done on 85 CDI noun categories, N = 7,018 human-validated crops (57-100 per category)
Object categories vary widely in everyday visual variability Ranked from low to high using overall variability (Dinov3)

pillow | V¢ = 22.91 dress '_Vc = 23.02  window Vc = 23.14 closet | Vc = 23.30 cat | V¢ = 23.50

shoe Vc = 23.68 neklace Ve = 23.77 towel | Vc = 23.88 hat | Vc = 24.58 jar | Ve —24 85

Models largely converge on which categories are most variable Frequency only weakly predicts how variable a category looks
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COn C' US ’ OnS Ong Ol ng an a’ ys es All preliminary analyses were done on /2 non-body-parts categories for privacy concerns, N = 5,912
e Everyday categories differ widely in within-category Categories range from viewpoint-driven to instance-driven variability Local dispersion tracks repeated views; global dispersion appears unrelated
variability Viewpoint-heavy ®_  .rho = -0.39, p < .001
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