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The study of biological vision and the creation of artificial vision systems are
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9 A Vast space of models to explore
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9 Proof of concept: High-throughput screening
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naturally intertwined — exploration of the neuronal substrates of visual pro- o o

cessing provides clues and inspiration for artificial systems, and artificial sys- 5 o0] 0|
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potheses. However, while systems neuroscience has provided inspiration for & 0 70 I I I I I | |
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key parameters. Consequently, it is difficult to tru
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more expansively explore the possible range of biologically-inspired models,
Including models of larger, more realistic scale, leveraging recent advances Iin
commodity stream processing hardware - particularly high-end NVID
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