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(a) Forward path of Leaky Integrate-and-Fire SNN's
and the generic optimization framework
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Spiking CNN structure: 15C5-P2-40C5-P2-300
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CIFARIO
Methods | Structure | #Time steps | Best accuracy
STBP AlexNet 12 85.24%
STBP CifarNet 12 90.53%
TSSL-BP | AlexNet 5 89.22%
This work | AlexNet 5 91.76 %

AlexNet structure: 96C3-256C3-P2-384C3-
P2-384C3-256C3-1024-1024
CifarNet structure: 128C3-256C3-P2-512C3-
P2-1024C3- 512C3-1024-512
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