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Neuromorphic Chips 
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Neuromorphic Processors 
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FACETS SpiNNaker IBM TrueNorth 



Neuromorphic Processors 

4/02/15 

Qualcomm Zeroth Chip HP SyNAPSE Memristors 
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Stochastic Electronics 
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Computation 
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Linear Solutions of Higher 
Dimensional Interlayers 
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Example: Extreme Learning 
Machine -  definition 
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Results on 
MNIST 
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The Synaptic Kernel 
Inverse Method (SKIM) 
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The Synaptic Kernel 
Inverse Method (SKIM) 

•  We copy the way mammalian neurons work: 
–  We convert the spike event into a continuous-time function, at the 

synapses 
–  We weight the inputs from different synapses and sum them at the 

soma 
–  We learn the correct weights with which to combine the synaptic 

signals 
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Implementation on silicon 
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Issues: 
 
Random connections 

 -> process mismatch 
Tunable weights 

 -> multiplying DACS 
Pseudoinverse computation 

 -> gradient descent 
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Custom aVLSI circuit	
  
Neuron	
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  Level	
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  technology	
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  function	
  (dashed	
  curve)	
  predicts	
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  output	
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  (red	
  curve)	
  

Error	
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Trainable Analog Block 
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FPGA Approach	
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FPGA results	
  

Clockwise from top left: y = k.x, y = x2, y = tanh(x), y = sinc(x) 



Neural Simulator 
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MegaSimulator: 
64x109 Synapses 



Smart Sensing 
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Source: Dr. Dennis Delic, DSTO 



LIDAR with SPAD 
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Source: Dr. Dennis Delic, DSTO 



SPAD array processing 
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Spatio-Temporal Pattern 
Recognition 

•  There are ongoing debates about the 
information content (coding) in spikes 
–  Rate codes 
–  Time or interval codes 
–  Place codes 
–  Population codes 

•  Spatio-temporal pattern recognition offers a 
method for processing all of these types of 
codes 
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SPAD array processing 

4/02/15 



Synaptic Kernel Adaptation 
Neuron (SKAN) 
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3D recognition with an ELM 
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3D recognition with an ELM 
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Extension to Deep 
Networks 
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SKAN – see Afshar et al., Frontiers in 
Neuroscience, 2014 



Conclusions 
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Thank you! 
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