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Biological motivation and 
connections

ÅThebasiccomputationalunit of the brain isa neuron.
Aɐpproximately86billion neurons

Aɐpproximatelyρπ ρπ connections
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Biological motivation and 
connections

ÅEachneuron
rɐeceivesinput signalsfrom its dendrites

pɐroducesoutput signalsalongits (single)axon

ÅActivation function f
tɐhe firing rate of the neuron
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Types of Activation Functions
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Sigmoid

ÅMathematicalform:„ὼ

ÅSquashesnumbersto range[0,1]

ÅHistoricallypopular sincethey havenice interpretation
asa saturatingάŦƛǊƛƴƎǊŀǘŜέof a neuron.
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Sigmoid

ÅDrawbacks
1. Sigmoidssaturateandkill gradients

iɐf the localgradientisverysmall,it will άƪƛƭƭέthe gradient

mɐustpayextracautionfor initializing

2. Ὡὼὴisa bit computeexpensive
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Sigmoid

ÅDrawbacks
3. Sigmoidoutputsarenot zero-centered

nɐeuronsin later layerreceivingdatathat isnot zero-centered

dɐatacominginto a neuronisalwayspositive

tɐhe gradienton the weights◌becomeeither all be positive,or all
negative

iɐntroducezig-zaggingdynamicsin the gradientupdates

‬Ὁ

‬ύ
ὸ έέρ έὼ

hypothetical 
optimal w vector



OUTLINEÅActivation Functions
Sɐigmoid

Tɐanh

RɐeLU

Lɐeaky ReLU

EɐLU

Mɐaxout

ÅNeural Network architectures

M.A Keyvanrad     Deep Learning (Lecture3-A Review of Artificial Neural Networks (2))10/4/2017 11



10/4/2017 M.A Keyvanrad     Deep Learning (Lecture3-A Review of Artificial Neural Networks (2)) 12

Tanh

ÅMathematicalform:ς„ςὼ ρ ρ

ÅFeatures
Sɐquashesnumbersto range[-1,1]

zɐerocentered(nice)

sɐtill kills gradientswhen saturated

◄֕╪▪▐is a bit computeexpensive

In practice the ◄╪▪▐non-linearity is always 
preferred to the ▼░▌□▫░▀nonlinearity
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ReLU(Rectified Linear Unit)

ÅMathematicalform:Ὢὼ ÍÁØπȟὼ

ÅFeatures
Mɐapsnumbersto range πȟЊ

Dɐoesnot saturate(in +region)

Vɐerycomputationallyefficient

Cɐonvergesmuch faster than sigmoid/tanh
in practice (e.g. 6x) [Krizhevskyet al.,
2012]

Aɐctually more biologicallyplausible than
sigmoid


