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Biolegicahmotivationrand
connections

AThebasiccomputationalunit of the brainis a neuron
e Approximately86 billion neurons

e Approximatelyp T p T connections
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Biologicahmotivationrand
connections

AEachneuron
¢ receivesnput signaldrom its dendlrites
¢ producesoutput signalsalongits (single)axon

A Activation function f
¢ the firing rate of the neuron
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Typesoof Activation Functions

Sigmoid | Leaky RelLU
_ 1 max(0.1z, )
0'(33)  14e =

tanh V Maxout

tanh($) 4 . max(wi = + by, wa x + bo)
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Siamoid

AMathematicalform: L —

ASquashesumbersto range[0,1]

AHlstorlcaIIypopuIarsmcethey have nice interpretation
asasaturatingd ¥ A M (i@ é€euron
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Siamoid

A Drawbadks
1. SigmoidsaturateandKkill gradients

e if the localgradientis verysmall,it will 6] A thefgeadient
£ must payextracautionfor initializing

X 9o sigmoid o(z)=1/(1+e7%)
>
= 6_ gate e
9L 00 0L| \ oL
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2. Qwrnisabit computeexpensive
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A Drawbacks
3. Sigmoidoutputs are not zero-centered

£ neuronsin later layerreceivingdatathat is not zero-centered
¢ datacominginto a neuronis alwayspositive

negative

e Introducezigzagginglynamican the gradientupdates alowed
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Tanh

AMathematicalform: C, (Cw

AFeatures

P

e Squashesumbersto rangel[-1,1]

e zerocentered(nice

= still kills gradientswhen saturated // |
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Rel.URectified Linear unit)

_rm:"ch | A @i
eatures

e Mapsnumbersto range 1h H
2 Doesnot saturate(in +region
2 Verycomputationallyefficient

¢ Convergesnuchfaster than sigmoidtanh
In practice (e.g. 6x) [Krizhevskyet al.,

20172

¢ Actually more biologically plausible than
sigmoid
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