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e Single neuron matching results were consistent with RSA: V1 matched better to pooll, V2 to pool2.
Complex stimuli (EX) shifted to higher layers compared to simple stimuli (E). V2 neurons were

also more correlated to higher layer CNN units than V1 neurons.
e While some neurons have visualizations consistent with the existing literature (a,b,c,e), some

neurons preferred more complex features (d,f).
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Model comparison
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pooling, Vllike performed worse (not shown).
e Diverse filter shapes. V1likeSC and pooll are
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e Network architecture might contribute as well. understanding and visualizing V1 and
On the 2250 stimulus set, higher CNN layers

performed better than lower layers even with V2 neurons. | |
all network parameters being random. e Future work: (1) add more biological

constraints into CNN models to make

more complex features than previously
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CNN vs. neural data on the 150 stimuli set, by layer
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complex coding in V1/V2 neurons.
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