Generalization Gradients in Deep Vision Models:
Insights from Shepard’s Universal Law
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Where models deviate

Introduction Evidence of Shepard’s law

» Deep vision models share striking similarities with Embedding distances exhibited concave generalization All models systematically overestimated the dis-
(and differences to) the primate visual system. gradients aligned with human similarity judgments. tance of image pairs with higher similarity scores.
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Does the embedding space of deep vision models Potential next steps:
lign with human hological similarity space? . . .
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h Model family that only later layers of deep vision models exhibit
/ \p p roac Embedding distances approximated MDS distances well. concave gradients, suggesting that they are not
. driven by low-level visual information.
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