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Convolutional Neural Nets
Exploiting stationarity, locality, and compositionality of natural data
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h = f(Whx+ bh)

ŷ = g(Wyh+ by)
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Fully connected (FC) layer
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f, g = (·)+,�(·),
tanh(·), soft(arg)max(·)

<latexit sha1_base64="xU+zV+ot2Sx9ZQ2BfvtMP8RH+gE="></latexit>



Locality ⇒ sparsity
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Stationarity ⇒ parameters sharing

Parameters sharing
• faster convergence
• better generalisation
• not constrained to input size
• kernel independence
⇒ high parallelisation

Connection sparsity
• reduced amount of computation
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Kernels – 1D data
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1D data uses 3D kernels-collection!
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kernel size: 2⇥ 7⇥ 3
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Padding – 1D data
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Standard spatial CNN

• Multiple layers
• Convolution
• Non-linearity (ReLU and Leaky)
• Pooling
• Batch normalisation

• Residual bypass connection
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