Neural Network
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Neural Network

perceptron structure

E, hg Ej hg Zj hg output layer
TLU
1 iInput layer
bias neuron _
iInput neuron

L1 X9

how to train perceptron — Hebb’s rule

“neurons that activate each other are interconnected”

new __ ~
9@,3' =0, + 77(%‘ — yj)-fz‘
. . connection weight between ith input neuron and jth output neuron

. learning rate

. 1th input value of current training instance

. target output of jth output neuron for current training instance

. output of jth output neuron for current training instance

perceptron convergence theorem

“for finite set of linearly separable labeled examples, perceptron
learning algorithm converges after finite number of iterations”

l.e.

“after finite number of iterations, algorithm makes a vector
that classifies perfectly all examples”

linearly separable datasets X, X~

:zl(Xi - Xi)

label Yi

there is N data in whole dataset X — X T ) X —

iInput return to first after N data are trained

x(1),x(2),....,x(N),x(1),....,x(N),x(1),x(2), ...

X1y X9y .0y Xpy ... Input data (prediction failed)
initial weight weight updating
w; =20 Wil = Wy T YnXy
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Neural Network

multi-layer perceptron
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1+ To +b< 0.5

add X1 to both sides of second inequality

.Cl?l—I—ZUQ—I—b > 0.9 4+ x;
according to fourth inequality, 1 < 0
. contradict to first and third inequality
. can’t classify linearly

solving — multi layer perceptron
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Neural Network

method to find minimum of function

large tangent

X 1S far from minimum

the larger x, the larger function value (positive tangent)

: move X to - direction

the larger x, the smaller function value (negative tangent)

- move X to + direction

r;.1 = x; — distance X sign of tangent

distance value

> use factor that is in proportion to gradient

‘step size’ a
df
Tip1 = T — a——(1;)

dx

multivariate function: ;.1 = I; — OZV]C($@)

too small step size

can’t converge well

too big step size

diverges

wrong initialization

> caught up in local minimum



Neural Network

back propagation

feedforward
Input layer hidden layer output layer Input layer hidden layer output layer
. Q@ 2 (3) - Q( 2 (3)
ag>><ag>><a,1 . an)><a)1
1 2 3 1 2 3
o L T ¥ B N
Wi, Wk.j 054, O 4
—— direction : calculate output and error, make prediction —— direction : calculate contribution for error, adjust weight
need back propagation algorithm
update weight value via loss ftn. 1, (3 ; weights update
0 1 = §(a1 ~ Y z z I+1) (I
determine weight wj ~ minimize loss function Wg( gﬂ’ew j( ) 5§ T )a(. )
3 1 | 3'
Jy = =(a$¥ — yy)? 3 3 3
procedure to update weight : 2( 2 y2) 5; ) = (a; ) _ Y; ) X ag )(1 — ag ))
feedforward : caculate output using given weight updated weight 5;2) _ (553)“’5; 4 553) gj)) " ag )(1 - CL;-Q))
subtract differentiated (to weight) error from weight O 0J total




Neural Network
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Neural Network

ful |y connected Activation functions ‘5 | Derivatives

original data layer 1 layer 2 layer 3

/Sum of probability : O - .
2%2 / 4 . , | _ H i : 4
node

|
activation function

flatten

%
v Softmax

'L ) output layer

activation function feed forward neural network

activation function

", Hidden layer

exp(xi) /' (eg. ReLU)

2221 exp(r;)
ReLU(z) = max(0,z) 2and

etc.

- logistic - softmax softmaa?(:z?@-) —
- hyperbolic tangent - ReL,U

Why don’t use step function?

step function has no gradient : can’t apply gradient descent



Necessity of CNN

original data iInput layer
MNIST dataset from chap 10 flatten
3-dimensional : 1-dimensional
: T84
28x28 pixels & € R B

convolutional layer

F =
/ /
i

iInput layer 2

" S . f},-‘ :
/ . J iInput layer 1 28X 28 pixels

‘ 4
. - r o
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p ! A
e
i
¥
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-
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ignore shape of data

/' 3-dimensional data (image) vanish spatial structure =
maintain shape of input data 784 pixels

preserve spatial structure



CNN

fully connected

I I
, | :
- affine RelLU affine RelLU affine softmax | . . o i+ fp
| : ith row, jth column neuron , , )
. . J to J+ fu—1
NN spatial size of data become small when pass each conv layer
edge data are lost
o | zero padding : O cells around input data
. . |
conv RelLU pooling conv RelLU pooling : i adjust spatial size of output data
~ ’ small input layer
o neuron of convolutional layers APV [ ARSI VN Vo stride
| T _ s =2 T 41/~ /17 / 48
> only connect to receptive field pixels h , /o —~—~"jth row, jth column neuron

forward convolutional layer - low level features B 2 J

backward convolutional layer - high level features NN e XS, to 1 X S+ fp—1

I X Sy to JXSy+ fu—1




CNN

_ In CNN, convolutional layer uses cross-correlation

reason why don’t use convolution

definition of convolution (in mathematics)

: _ _ _ convolutional layer
“integral of two functions’ product after one is reversed and shifted”

Fra)t) = [ r@gte—ryir o

2-dimensional (image : height h, width w) input filter
- (kernel)
1 w—1
(f s g ’L j 2 2 f T y Z —x,] — y) — convolution : filter have to be reversed
=0 y=0 cross-correlation : don’t have to reverse

cross-correlation

o reverse or not reverse, we can get same result
similarly,

U*@@%=[%fﬁM@+TMT

h—1 w—1

(f*g)@4)=> Y flz,y)gli+z,j+y)

r=0 y=0

there’s no reason to Iinsist convolution

customarily, we call this convolutional layer




CNN

Feature
Map 1

Feature
Map 2

= Horizontal filter

112 3 0
O 1 2 3
3 0 1 2
2 3 0 1
Input data

filter (kernel)

elements : weight parameter

feature map

2191 15 16
— 1 2 5 |1
110 2 >

// /| Convolutional
- Frjafuge a ayer? <i,3,k :neuron output in feature map k
ap1_ i
P 3
by VP27 e Shy Sw - strides
Filters :
/ PR hs Ju : receptive field height and width
I = /"] Convolutional
L= Map1 IR 7 ever ! ¥ |
T 7 n’ . previous layer feature maps
AR V27 bbb
— e/ L' 5" k'- previous layer neuron output
1 input layer bk . feature map bias term
Channels
Red .4 Gu,v,k’,k . connection weight
Green —{¢
Blue —*
fn=1 fu—1 1 —
neuron output on conv layer <i,j.k — = by + E E E 9% v k! kLi' 5 k'
u=0 v=0 k/'=

?:’:’Z:XS;L—I—’LL

7' =7 X Sy + v



CNN

pooling as an invariant

change location of data

why we use pooling layer

make subsample of input image

1 2 1|0
minimize
> calculation, memory usage, number of parameters 0 1 2 3 2 3
reduce size of image : location invariance 3 0 12 4 2
2 4 0 1

There Is no weight in pooling layer doesn’t change easily

average pooling : location invariance

max pooling

1 2 1 O 1 2 3 O features of pooling layer
1 2 O 1 2 3
0 3 23 1 - there’s no parameter to train
3 012 4 | 2 3 4 1 2 3 1
- number of input data channel is same as output data channel
2 4 01 14 0 1
- change of input data affect little to pooling layer
stride : 2 stride : 2 : > > 3 =

Image classification — generally use max pooling



RNN

Yooy Yo Yo Y
*(1-3) X(2) X(t-1)
- —— — == Time
network unrolling through time
each time step t : recurrent neuron receives X and previous output y as input
y
RNN "> — - —
X
basic one to many many to one

e.g. picture - words e.g. words - number

many to many

e.g. words - words

Yoo Y Y

=
t

1y  *@2

—_—P Time

multiple neurons : input and output are both vector
W ... weight vector for input x

W, - weight vector for output y

Y = @ (Wf X(p) + WTY(t ) +b)

@ Is activation function

generally use nonlinear function (such as tanh, ...)

why?

If we use linear function Y = f(:)j) — qx for activation function,

after 3 layers : Y — f(f(f(:n))) = a’z = cx

same result with no hidden layer



RNN

output of recurrent neurons layer

. mxn matrix containing output

. mXxXn matrix containing input

. NXN matrix containing connection weights for input of current time step

. NXN matrix containing connection weights for output of previous time step

. N Size vector containing each neuron’s bias



Deep Neural Network

high resolution image classification

. we need a lot of layer

with thousands of connection

vanishing gradient problem

(exploding gradient)

training is slowed down

overfitting to training set
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