Discovering Hidden Visual Concepts Beyond Linguistic Input in Infant Learning
Xueyi Ke!, Satoshi Tsutsui!, Yayun Zhang?, Bihan Wen!

M A X
P L A
N CR

Scan here for
project page! @

"Nanyang Technological University ’The Max Planck Institute for Psycholinguistics

Neuron-based Classification

Model can classify images using only a single visual concept neuron,
without any additional training.

Prior Work: Training Models from Infant Data Does Vision Develop Earlier?

N = | Vision encoder may recognize patterns beyond text in representation space:
To verify, we apply "neuron labeling"[3] : assign an object label to each neuron.
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linguistic training data, like human infants?
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We rate visual concept from cognitive perspective: Age of Acquisition (AoA) [5]
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