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* Basic Concept

 Machine learning
* Neural network
 Deep network

* History of neural network
— Perceptron
— BackPropagation
— Deep learning

* Application
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e Linear classifier ({a] B 28 {4/ 25 28)
— One neuron (—M£T)
— Multiple neurons (2 ™48 J0)
* Multi-layer perceptron (£ = EHI#1)
— Model representation (B 3£ IR)
— Loss function: the goal for learning

— Training
* Gradient based optimization
* backpropagation



One example (—N&H F&XHIFF)

e Classification tasks
— Binary classification(—.4%728): is cat?

— Multiple classification (£Z925) : is
cat, dog, others?
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* Assumption

— The feature vectors of the images are
provided, 3-dimensinal vectors
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e Linear classifier ({a] B 28 {4/ 25 28)
— One neuron (— M £ T)
— Multiple neurons (2 ™48 J0)
* Multi-layer perceptron (£ = EHI#1)
— Model representation (B 3£ IR)
— Loss function: the goal for learning

— Training
* Gradient based optimization
* backpropagation



* One neuron

\J

— Binary classification (— 7325 0] &)
is cat?

Bias (fif2 1)

Input:x Output: y

3
a=ZWixi=w-x
i=0

1
1+e @

y=o(a) =



Linear Classifier

* One example

Input:x Output: y

Model: w= ( Wqo, W1, Wy, W3)T

=(21 OIOI 4)T

(x1,%5,x3)7=(2,2,3)7T

a =2*1+0*2+0*2+4*3=14

1
= o —— 0.5
y = ¢(a) TR

(x1 y X2 ,X3 )T=(1,2,'3)T

a =2*1+0*1+0*2+4*(-3)=-10
< 0.5

y=@w)=1+em
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e Linear classifier ({a] B 28 {4/ 25 28)
— One neuron (—M£T)
— Multiple neurons (2 ™48 1)
* Multi-layer perceptron (£ = EHI#1)
— Model representation (B 3£ IR)
— Loss function: the goal for learning

— Training
* Gradient based optimization
* backpropagation



Linear Classifier (Z&{E42K2%)

 Multiple neurons

— Multiple classification: iscat?
dog? others?

Input:x Output:y
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a; = Zwijxi = W; X, [ = (1,2,3)
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Linear Classifier (Z&{E42K2%)

* One example

a

/"‘;j (xl »y X2,X3 )T=(21213)T

_ EHCEENER
0O O

*(1,2,2,3)T

R ( )
1 -1 0 O

= (14,-13,-1)

1 1 1 .7
y= (1+e‘14 "1+4e13’ 14¢? )
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e Linear classifier ({a] B 28 {4/ 25 28)
— One neuron (—M£T)
— Multiple neurons (2 ™48 J0)
* Multi-layer perceptron (£ = EHI#1)
— Model representation (22 & 7R)
— Loss function: the goal for learning

— Training
* Gradient based optimization
* backpropagation



Multi—layer perceptron (2 ZREFINL)

e Multi-layer perceptron or feed—forward neural network
L 5 K SRR K A A

wy; 855 k ERGEZ, 55 1 MR,
SR | NI T

yi: S50 H T A

hidden layer

Pre-activation —a® = w® . x
activation —s (D = O'(a(l))

h® = g(a)

@) =w® .M
a |4 h (h(O) = x, h(L) — y)

y = O'(a(z))



Neural Networks: Architectures

output layer
input layer

hidden layer

“2-layer Neural Net”, or
“1-hidden-layer Neural Net”
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, . output layer

hidden layer 1 hidden layer 2

input layer

“3-layer Neural Net”, or
“2-hidden-layer Neural Net”

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Neural Networks: Architectures

output layer
input layer

hidden layer

Number of Neurons: ?
Number of Weights: ?
Number of Parameters: ?
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. output layer

hidden layer 1 hidden layer 2

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Neural Networks: Architectures

output layer
input layer
hidden layer

Number of Neurons: 4+2 =6
Number of Weights: [4x3 + 2x4] = 20
Number of Parameters: 20 + 6 = 26 (biases!)
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input layer

hidden layer 1

hs

output layer

hidden layer 2

Number of Neurons: ?
Number of Weights: ?
Number of Parameters: ?

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Neural Networks:

output layer
input layer

hidden layer

Number of Neurons: 4+2 =6
Number of Weights: [4x3 + 2x4] = 20
Number of Parameters: 20 + 6 = 26 (biases!)

Architectures
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input layer
hidden layer 1
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Number of Neurons: 4+4+1=9
Number of Weights: [4x3+4x4+1x4]=32
Number of Parameters: 32+9 = 41

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Neural Networks: Architectures

9
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\"' output layer
output layer ‘ .
input layer input layer

hidden layer hidden layer 1 hidden layer 2
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Modern CNNs: ~10 million neurons
Human visual cortex: ~5 billion neurons

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li
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e Linear classifier ({a] B 28 {4/ 25 28)
— One neuron (—M£T)
— Multiple neurons (2 ™48 J0)
* Multi-layer perceptron (£ = EHI#1)
— Model representation (B 3£ IR)
— Loss function: the goal for learning

— Training
* Gradient based optimization
* backpropagation



Target of learning: Loss function

e Loss function

L=(y — ¥)*
=(1 — y1)%+y,° + y3°

E.g. Loss: Mean Squared Error (3712 %): L=(y — ¥)?
objective function: min L=(y — y)?
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* Multi-layer perceptron (£ = EHI#1)
— Model representation (B 3£ IR)
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How to learn: adjust parameters
 Gradient descent (B & | BFiE)
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Calculate gradient: back-Propagation

e (O.derivative

» In 1-dimension, the derivative of a scalar function :

W) _ o
dx h —0

f(z +h) - f(z)
h

» In multiple dimension, the gradient is the vector of (partial
derivatives).

df(e) _ df(60,61) df(6061)\ ,_
0 _( dé, J do, )’ 0_ (80'81)

/YT iR ZE AR K Loss: L=(y — ¥)?



backPropagation

e 1.Basic operation in neural network

addition:  f(X,y)=X+Yy —=1 = 1
multiplication :  f(X,y)=Xy Q —y £ —y
X y

1
1+e=*

dofa) __ e :(1+e‘xf1>( . ,):(1_0(:8))0(;1:)

nonlinear:  4(x) =

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



backPropagation

e 2.Chain rule

> Compound expressions(& &£ixx): f(z,9; z) = (z+y)z

q of of
g=z+ty F=Lz=1||f=¢z =551

> Chain rule(BEFLNI): X 2

of _ 9f &
or dq Oz

3 Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li




backPropagation

* Linear Classifier > 2 HEEERN, e 2L
Xg =
dL _
y_l—z()ﬁ'l)
Lt =2y, (=23)

dL _dL dy_dL

ai Yi Qi Vi

o(a;)(1-0(a;))

Input:x

- dL _dL da; _dL
> LARPEHAN, T A wi @ wy ag Y

L= o(a) (o))

¥

3
a; = z Wl'jxi =W; X, I = (1,2,3)
j=0

1 dL
vi=ola) = 14+ e % 7:2()’ -y
MSE Loss: L=(y — ¥)? dTL=2[(y -3 - o(a) - (1-o(a))]”
=(1 — y1)2+yZ2 + )’32 jl/ll; = 2[(y — y) 5 O'(Cl) . (J—O'(Cl))] x



backPropagation

* Multi-Layer perceptron

I /N7 R 25 R Loss: L=(y — )2

hidden\kaxer,

d h®



backPropagation

* Linear Classifer > 2 HEEERN, e 2L
o= dL
b y_=2(1 — Y1)
“ho @ 1
X > | "‘:‘
P ' L 2y (=23
x dL dLdy dL
3 =S DUCE 0(a) (1-0(a))
Input:x Output: y l - l
> LARERIAN, TFE K HE:
3
3
a;= ) wiyxi=w;-x, i=(123) dbL _dLda; dL y
J'ZO ] Xi a; Xj a; jZOWU
. -
y; =o(a;) = ey \ 4
1+e %
Loty

MSE Loss: L=(y — ¥)?
=(1 — y1)*+y,° + y3°



backPropagation

* Multi-layer perceptron

hidden layer
> VRSN, TF5H A

a(l) — W(l) X
h(l) — O'(a(l))

a® = w® . p®
y = o(a®)

> MSE Loss: L=(y — 9)?

> 2ARAREHUN, L

-

~

dTL =2(y—-9)
ja(Lz)zddI; . o(a®) - (1-0(a®))

output L Lj hﬁ):j;) W
/ =50 @) @-o(a?))
BackPropagationK ddf =cclla1<;> W /

> SARMEEEAIN, e L
dL _dL ,q

dw®@  da®

dL

dL

AWwdD  da® ¥



backPropagation

* Conclusion
— Calculate gradient

— Similar as forward:

dL
Input.d—y

dL
Output.K

hidden layer



Multi-layer perceptron

* Training Algorithm =1 5O _

> OAGILRE WO 2 ORI A

> 1 BT PN
> LUREHI, ey (O \W
> 1.2 E R REUE LY, ).

> 2 nput: ()
> iJrfﬁdTL hidden layer

> R B
>&ﬁﬁﬁ§%§
> A THBA R

WD o ® _p 4L

dw®




Engineering in practice

ST7 Xo =1 1) _
> Torch “I* & ho
* Model construction X1 ‘ \‘ <3
> “
|function create model() X9 ‘ \‘é“ A“/A\

model = nn.Sequential () “k‘\ 'I/;‘%
model:add(nn.Linear (3, <)) A‘\\‘/'Ae
model:add(nn.Sigmoid()) \ /
model:add(nn.Linear(<, 3))
model:add(nn.Sigmoid())
criterion = nn.MSECriterion()
return model, criterion

end

hidden layer

* Training per iteration:

-— forward

outputs = model: forward (X)

loss = criterion:forward(outputs, Y)

-— backward

dloss doutput = criterion:backward(outputs, Y)
model:backward(ﬂ, dloss doutput)



Some analyses

* Feature extraction *=1 hy® =

— Pixel-wise input

— High dimension x2 ()

— Correlation between , ()

features
Input:

Convolutional Neural

Network(CNN), 1 FA 1 iR S
éjx'_i Im é% 3 What the computer sees




