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Single Hidden Layer
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Input layer

Hyperparameter - size m of hidden layer



Single Hidden Layer

® [nputx € R”
« Hidden W, € R™" b, € R ™outputlayer
« Output W, € R™ b, € R

h _ U(W1X + b1) Hidden layer
0= WZTh + b,

Input layer

O IS an element-wise
activation function



Single Hidden Layer

Why do we need an a

' i ' Output layer
nonlinear activation?

h _ 0(W1X N b1) Hidden layer
0= WZTh + b,

Input layer

O iIs an element-wise
activation function



Single Hidden Layer

Why do we need an a

' i ' Output layer
nonlinear activation?

h = W1X + b1 Hidden layer
T
0= W,h+ b,
hence 0= W;_W1X + b’ Input layer




Sigmoid Activation

Map input into (0, 1), a soft version of 0(x) = { 1 ifx > 0

1 0 otherwise
1+ exp(—=X)

sigmoid(x) =

sigmoid(x)
©c o o =
AN (e} (0] )
1 1 1 |

o
N

o
o




Sigmoid Activation

Map input into (0, 1), a soft version of 0(x) = { 1 ffx>0
sigmoid(X) = 1 0 otherwise
T+ exp(—x)

vanishing

N gradient
0.8
%Oﬁ
£ 04
’ 0.2
0.0




Sigmoid Activation

i ' - 1 if 0
Map input into (0, 1), a soft version of 0(x) = { Tx>
1 :
sigmoid(x) = 0 otherwise
1+ exp(—=X)
vanishing
- gradient

vanishing
gradient 8 -6 -4 -2 0 2 4 6 8




RelLU Activation

RelLU: rectified linear unit

ReLU(x) = max(x,0)




RelLU Activation

RelLU: rectified linear unit

ReLU(Xx) = max(x,0)

g - gradient
doesn’t vanish




Multiclass Classification
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Multiclass Classification

, Of)

05, ...

, Vi = softmax(0,,

Y1, Vo, ...
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Multiple Hidden Layers

h, = o(W,x+ b,)
h, = o(W,h, + b,)
h; = O(W;h, + by)
0= W,h; + b,

Hyperparameters
« # of hidden layers
* Hidden size for each layer

Output layer

Hidden layer

Hidden layer

Hidden layer

Input layer
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Convolution Cross-correlation Autocorrelation

f*g g*f fxf
Convolution = arliies =
_Jd N W
g*f f*g g*g
AAAA _NC ERRRIN NN RIS
M| NC M NC N




Two Principles

 Translation
Invariance

* Locality

This yields
Convolutions




Input Kernel Output

1| 2

O] 1 19 | 25
4 | 5 * p—

2|3 37143
718

Ox 0+ 1x1+3x2+ 4x 3 =19,
I1x0+2x1+4x 2+ 5x 3 =25,
3x0+4x1T+06x2+ 7x 3= 37,
4x O+ Sx 1+ 7x 2+ 8x 3 = 43.

(vdumoulin@ Github)



Input Kernel Output

1| 2

O] 1 19 | 25
4 | 5 * p—

2|3 37143
718

Ox 0+ 1x1+3x2+ 4x 3 =19,
I1x0+2x1+4x 2+ 5x 3 =25,
3x0+4x1T+06x2+ 7x 3= 37,
4x O+ Sx 1+ 7x 2+ 8x 3 = 43.

(vdumoulin@ Github)



2-D Convolution Layer

O] 1] 2

0| 1 19 | 25
2|3 37|43

3|45 =*
6|7 ]38

* X: nyx ny, input matrix
® W: k; x k,, kernel matrix

* b: scalar bias
*Y: (n,-ky+ 1) x (n, - k,+ 1) output matrix

Y=X*~W+5H

« W and b are learnable parameters



Dropout Math (Training only)

* We want perturbation that keeps the mean unchanged

0 with probablity p

X = X; . E[x']= x
{ otherwise

* Apply dropout to output of hidden fully-connected layers

MLP with one hidden layer Hidden layer after dropout

h = O-(W—IX + b1)
h’ = dropout(h)
0 = th’ + bz

y = softmax(o)




05~ _S,irigle"l\f/ldde" =
04| Standard LR Schedule |
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Basic
Optimization




Gradient Descent

m

Obijective function L(X, Y, w) = 3 [(y;, 1(X;), W)
1=1

» Choose a starting point wy,

 Gradient for descent direction 0L (X, Y, W)

®* Update weights using learning rate
W= W,_; — NowL(X, ¥, W;_;)




Choosing a Learning Rate
Too small Too big

D &




Minibatch Stochastic Gradient Descent (SGD)

Batch w —« w — %aWL(X, Y, w)

« Gradient over all data is too expensive (minutes to hours for DNNSs)
* Not very informative if all training data is similar

* Pick one observation at a time and update
* Noisy and inefficient (GPUs love lots of data)

Minibatch SGDw — w - gawz Z(X,-,y,-, W)

lEBj

« Efficient (computationally and statistically)



Minibatch Stochastic Gradient Descent (SGD)

Batchw — w - ﬂaWL(X, Y, w)

m

N
FOW Z Z(Xl',yl', W)

IEB;

Minibatch SGDw - w -

J
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Choosing a Batch Size

Too small Too big
 Workload is too small,  Memory issue
« difficult to fully utilize « \Waste computation, e.g.

computation resources when all x; are identical




