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Key Elements in Neural Network

| ° ctvatn Fucion
e Softmax Function

e Mathematical Expression for Network Function
e Learning Rate

® Gradient Descent

¢ Momentum

e Maxout

® Dropout
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Activation Function

Sigmoid Function 4 )
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Various Activation Function

Sigmoid: f(x) = o(x) = 1+]é—x Leaky ReLU: f(x) = max(ax, x)
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R Maxout
tanh: f(x) = 20(2x) — 1

max(wq x + by, w; x + by)

| X x>0
ReLU: f(x) = max(0, x) ELU: fi(x) = {a(ex —1) x<0
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® Rectifier Linear Unit
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RelLU




Output Layer

e Softmax Layer

.add (Dense (output dim= ))
model .add( Dense( inp ut_r:iim= -add (Activation ( ))

cutout dim ) ) .add (Dense (output dim='0))
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model.add ( Activation/( i .add (Activation ( ))




Activation Functions




Relations between Layer Outputs
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Relations between Layer Outputs
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Relations between Layer Outputs




Functions of Neural Network
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Uniform Expression
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Good Function = Loss as Small as Possible

A good function should make the loss

of all examples as small as possible.
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Loss can be square error or cross entropy
between the network output and target




L.oss Functions

10
® Square Error: Z(yi — 7;)?
i=1

10
. Cross-entropy—z A8 34 optimizer—sGD(lr-
i=1

metrics=|



Best Functions = best Parameters

y= f(x) = O'(WL ...O'(Wzo'(Wlx+b')+bl)...+bL)
W because different parameters W
and b lead to different function
Formal way to define a function set:

f(x;@ - parameter set
0={W' b, W b*-.- W, b"|

Pick the “best” - Pick the “best”
function f* parameter set 6*




How to Determine Parameters

Enumerate all possible values

Network parameters 6 =
£W1! Wy, W3, b1: bZ! b3) 't }‘

Millions of parameters

E.g. speech recognition: 8 layers and

1000
1000 neurons each layer 1000

neurons neurons



Gradient Descent

» Pick an initial value for w

Total
Loss L

Network parameters 6 =
{wy,Ws, -+, by, by, -}



Gradient Descent

» Pick an initial value for w

» ,Compute dL/dw

Negative =mm==—i Increase w
Positive === Decrease w



Gradient Descent

» Pick an initial value for w

» ,Compute dL/dw

W« w — ndL /3w I’]ISC8|.|Ed
“learning rate”

Until dL/0w is approximately small




Gradient Descent




Gradient Descent
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L.ocal Minima

Total |
Very slow at the

plateau

Stuck at saddle point

Stuck at local minima

oL /0w i L /0w




L.ocal Minima
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Different initial points reach different local minimal!



L.ocal Minima

If learning rate is too large, total loss may not decrease



Learning Rate

If learning rate is too small, training would be too slow!



Learning Rate
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e At the beginning, we can set a large learning rate
e After several epochs, we reduce the learning rate

e Giving different parameters different learning rate



Momentum

How about put this phenomenon in gradient descent



Momentum

Movement =
Negative of dL/dw + Momentum

—p Negative of dL / dw
=== p MOmentum

—p Real Movement

optimizer=Adam() ,

metrics=|



Dropout

Training: S ~ .
<7 = <7
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Each neuron has p% to dropout in each epoch!

model.add( dropout(0.8) )



Maxout
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In Practice

Testing Data

4/\
Training Data 7~ Validation Real Testing\
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“Best” Function f~



