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1 The BrainScaleS system

3 From theory to hardware

5 Application to handwritten digits
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E2 The hardware constraints lead to distortions in the ac- the digits 0,1,4 and 7 were selected (Fig-A).
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E); but this can be accounted for by in-the-loop train-
As such it can emulate networks of spiking neurons ing.
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time, but suffers from the variability of the parameters

(Fig-B-C). Hence, we require robust network dynamics

4 In-the-loop training

and learning rules.
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sampling network (Fig-C) inspired by restricted overhead) is two orders of magnitude faster - I : ﬁ"

Boltzmann machines [4]. than biological real-time.
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