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Motivation for a paradigm shift

“[...] programming is basically planning and detailing the enormous traffic of
words through the von Neumann bottleneck', and much of that traffic concerns
not significant data itself but where to find it.” John Backus, 1978

Channel used for the communication between the Central Processing Unit (CPU)

cn%c
and the memory. N

Learning in analog sub-threshold VLSI circuits
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Sheik et al. 2012 Learning
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Giulioni et al. 2015 Unsupervised
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Indiveri et al. 2006

STDP and Hebbian learning

Koickal et al. 2007
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Merging the two approaches
(Mean firing rate + STDP)
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Small network on chip
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