Population Coding, Correlations, and Functional Connectivity in the mouse visual system with the Cortical Activity Map
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The Cortical Activity Map will provide neural responses from large sets of simultaneously recorded cells Performance of decoders across data sets

to a diverse set of visual stimuli from awake, behaving mice in multiple layers, regions, and cell types.
This data set allows for unprecedented access to population responses and provides a unique
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The Cortical Activity Map is a physiological atlas surveying neural responses to visual stimuli and behavioral
tasks across multiple cortical visual areas, cortical layers and Cre lines. The data will not only characterize
single cell responses to simplistic and naturalistic stimuli, but fuel surveys of population coding throughout the
mouse cortical visual system.
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