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_ , : e . . . The configurability of the Spikey chip makes it a versatile general-purpose emulation device for
00 DIRIE 110 ——— Left: Wafer-scale integration of 200k neurons and 50M synapses [10]. Right: Hybrid modeling facility. . spiking neural networks [8]. Left: Synfire chain network with feed-forward inhibition. Right: Cortical

L2/3 attractor memory model.
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