Object-zoomed training of convolutional neural networks VIS
inspired by toddler development improves shape bias L/\B
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Introduction Aligning classification strategies
Humans CNNs
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Developmental research suggests that one factor driving human shape bias W eConctAceuracy 2 eCoictAceuracy
Is that during early childhood, toddlers tend to fill their field-of-view with
close-up objects>.
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