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What is AI?
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What is AI?

Artificial Intelligence (AI) is using computer to solve the intelligence-
related problem

Artificial 
Intelligence

Machine 
Learning

Deep 
Learning

AI≈Find function

Speech recognition

f ( ) = "Morning"

Image recognition

f ( ) = "Cat"

Game prediction

f ( ) = "Move left and shot"
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Deep Learning
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Deep Learning
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Examples

➢ Self-Driving

➢ Face

➢ Speech

➢ Medical Image

Link

Link

https://www.2cm.com.tw/2cm/zh-tw/market/467B41145F5A4E3C880499625CD3949C
https://zh.wikipedia.org/zh-tw/%E8%AF%AD%E9%9F%B3%E8%AF%86%E5%88%AB


Deep Learning
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History

Reference

https://suipichen.medium.com/%E4%BA%BA%E5%B7%A5%E6%99%BA%E6%85%A7%E5%A4%A7%E6%AD%B7%E5%8F%B2-ffe46a350543
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History

Reference

https://suipichen.medium.com/%E4%BA%BA%E5%B7%A5%E6%99%BA%E6%85%A7%E5%A4%A7%E6%AD%B7%E5%8F%B2-ffe46a350543


Deep Learning

Reference
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DL vs ML

https://www.quora.com/What-is-the-difference-between-deep-learning-and-usual-machine-learning


Deep Learning
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Deep Learning

Reference
10

DL vs ML

https://www.quora.com/What-is-the-difference-between-deep-learning-and-usual-machine-learning
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Deep Learning

Reference
12

DL vs ML

https://medium.com/@tanmayshimpi/difference-between-ml-and-deep-learning-with-respect-to-splitting-of-the-dataset-into-375d433ee2c8
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GPU
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Deep Learning

Reference

Biological neural networks

➢ To understand how deep learning has progressed, we may first look at its
inspiration, the neuron

14

https://zh.wikipedia.org/wiki/%E7%A5%9E%E7%B6%93%E5%85%83


Deep Learning

Reference

Neurons

➢ Have K inputs (dendrites)

➢ Have 1 output (axon)

➢ If the sum of the input signals surpasses a threshold, sends an action
potential to the axon

＋

b

x1

x2

w1

w2

Y

Synapses

➢ Transmit electrical signals between neurons 15

http://bangqu.com/L63Zkw.html
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Neural Network

1 ≥ y ≥ 0
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Deep Learning

Neural Network
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Deep Learning

1 ≥ y ≥ 0

y3

y2

y1 0.6

0.2

0.2

1

0

0

0

1

0

0

0

1

red green blue

, ,

prediction label

y = 0, 1, 2

18

Neural Network
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Fully connected neural network

19



Deep Learning

Matrix computation

20



Deep Learning

Feed image pixel by pixel to DNN is not efficiency
Can we have better solution?

21



Deep Learning
CNN Concept

22



Deep Learning
The Whole of CNN
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Deep Learning
Convolution

Extract some features on specific local area

24



Deep Learning
Convolution

Convolution parameters

➢ Kernel size (Filter)

➢ Stride
• Amount of filter shift

➢ Padding
• Padding zero on image boundary

• Remain the same size after convolution
Size = 3*3 stride = 1

Size = 3*3 stride = 2
25



Deep Learning
Convolution

Kernel and stride

1 0 1

0 1 0

1 0 1

Reference

Kernel = 3*3 , Padding = No, Stride = 1

Image = 5*5
Image after 
convolution
= 3*3

Image = W*W, Kernel(Filter = F*F), Stride = S
new_height = new_width = (W – F +1) /S (if 1.5 = 2)

1 1 1 0 0

0 1 1 1 0

0 0 1 1 1

0 0 1 1 0

0 0 1 1 0

4 4

2 4

Image after 
convolution
= 2*2

1 1 1 0 0

0 1 1 1 0

0 0 1 1 1

0 0 1 1 0

0 0 1 1 0

1 1 1 0 0

0 1 1 1 0

0 0 1 1 1

0 0 1 1 0

0 0 1 1 0

1 1 1 0 0

0 1 1 1 0

0 0 1 1 1

0 0 1 1 0

0 0 1 1 0

Image = 5*5

Kernel = 3*3 , Padding = No, Stride = 2

26

https://medium.com/@icecreamlabs/3x3-convolution-filters-a-popular-choice-75ab1c8b4da8


Deep Learning
Convolution

Kernel and padding
Kernel = 3*3 , Padding = No, Stride = 1

Image = 5*5
Image after 
convolution
= 3*3

Image after 
convolution
= 5*5

Image = (5+2)*(5+2)

Kernel = 3*3 , Padding = Yes, Stride = 1

0 0 0 0 0 0 0

0 1 1 1 0 0 0

0 0 1 1 1 0 0

0 0 0 1 1 1 0

0 0 0 1 1 0 0

0 0 0 1 1 0 0

0 0 0 0 0 0 0

2 2 2 1 1

1 4 3 4 1

1 2 4 3 3

0 2 3 4 2

0 1 2 2 1

27



Deep Learning
Pixel in Image

Each image contain many pixels

➢ Each pixels compose red, green, blue(RGB)

Each channel have brightness levels between 0~255

28



Deep Learning
Pixel in Image

29



Deep Learning
Pixel in Image

= [image width, image height, image channel(feature map)]

A image is a 3D-tensor

30



Deep Learning
Pixel in Image

A Batch of images is a 4D-tensor

= [batch size, image width, image height, image channel(feature map)]

31



Deep Learning
Pixel in Image

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

1 -1 -1

-1 1 -1

-1 -1 1

Filter 1

-1 1 -1

-1 1 -1

-1 1 -1

Filter 2

1 -1 -1

-1 1 -1

-1 -1 1

1 -1 -1

-1 1 -1

-1 -1 1

-1 1 -1

-1 1 -1

-1 1 -1

-1 1 -1

-1 1 -1

-1 1 -1

Color image

32



Deep Learning
Pixel in Image
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Deep Learning
Pixel in Image

Convolution vs Fully connected (# of parameters)

(3 x 3 + 1) x 3 = 30

(36 + 1) x 3 = 111

filter 
w x h

bias

filter(neuron) count

previous pixel count + bias

34



Deep Learning
Connection and Weight

Local connectivity

Weight sharing

35



Deep Learning
Convolution Processing

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

6 x 6 image

1 -1 -1

-1 1 -1

-1 -1 1

Filter 1
1

2

3

…

8

9

…
13

14

15

…

Only connect to 9 inputs,
not fully connected

4

10

16

1

0

0

0

0

1

0

0

0

0

1

1

3

fewer parameters!

7
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Deep Learning
Convolution Processing

1 0 0 0 0 1

0 1 0 0 1 0

0 0 1 1 0 0

1 0 0 0 1 0

0 1 0 0 1 0

0 0 1 0 1 0

1 -1 -1

-1 1 -1

-1 -1 1

Filter 1

3

-1

Shared weights

6 x 6 image

fewer parameters!

Even fewer parameters!

1

2

3

…

8

9

…
13

14

15

…

4

10

16

1

0

0

0

0

1

0

0

0

0

1

1

7
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Deep Learning
The Whole of CNN
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Deep Learning
CNN - Max Pooling

3 -1 -3 -1

-3 1 0 -3

-3 -3 0 1

3 -2 -2 -1

-1 1 -1

-1 1 -1

-1 1 -1

Filter 2

-1 -1 -1 -1

-1 -1 -2 1

-1 -1 -2 1

-1 0 -4 3

1 -1 -1

-1 1 -1

-1 -1 1

Filter 1

39



Deep Learning
CNN - Max Pooling

subsampling

? ?

? ?

40



Deep Learning
The Whole of CNN

Can repeat
many times

A new image

The number of channels is the
number of filters

Smaller than the original image

3 0

13

-1 1

30

41



Deep Learning
After Convolution + Max-pooling

Convolution

Max Pooling

Convolution

Max Pooling

3 0

3 0

3 0

3 0

feature map 做下一層的輸入image

42



Deep Learning
The Whole of CNN
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Deep Learning
Flattened

3 0

13

-1 1

30 Flattened

3

0

1

3

-1

1

0

3

Fully Connected 
Feedforward network

44



Deep Learning
FC

45



Deep Learning
Traditional vs DL
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Deep Learning
What CNN Learn?

47

Reference

https://poloclub.github.io/cnn-explainer/


Deep Learning
Yann LeCun - BP on CNN

Reference48

http://www.youtube.com/watch?v=FwFduRA_L6Q
https://www.youtube.com/watch?v=FwFduRA_L6Q


Deep Learning
ImageNet ILSVRC

1000 classes 1.2M images

李飛飛等

~2017

恩特布山犬 阿彭策爾山犬
49

http://www.image-net.org/challenges/LSVRC/


Deep Learning
ImageNet ILSVRC

50

http://www.image-net.org/challenges/LSVRC/


Forward and Backward
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Forward and Backward

52

Forward

➢ Input -> Network -> Output

• Linear operation and non-linear translation

Backward

➢ Compute loss -> Optimize weight

• Differential equation



Loss Function
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Loss Function

54

Object Function

➢ Most ML algorithms aim to maximize or minimize a function

• K-means is to minimize the sum of squared errors between the data points and the
centroid within each group

• PCA is to maximize the variance of the projected data by finding the projection vectors

Loss Function

➢ The residual between the actual value and the predicted value

• Regression: MSE (Mean Square Error)

loss (residual) = 𝑦 − ො𝑦

L = 
1

𝑚
σ𝑖=1
𝑚 (𝑦 − ො𝑦)2

• Classification: CE (Cross-Entropy)

L = -σ𝑖=1
𝑚 𝑦𝑖 (𝑙𝑜𝑔 ො𝑦𝑖)



Gradient Descent
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Gradient Descent

Gradient descent

w0 w1 w2

L

wt

w1=w0-
∂L
∂w

|𝑤=𝑤0
, : Learning rate

Considering L(w) only has a parameter w

Initializing w0

-
∂L
∂w

|𝑤=𝑤
0

-
∂L
∂w

|𝑤=𝑤
1

w2=w1-
∂L
∂w

|𝑤=𝑤1

w* = arg𝑚𝑖𝑛
𝑤

L(w)

Compute
𝜕𝐿

𝜕𝑤
|𝑤=𝑤

0

Update

56



Gradient Descent

If loss function has two parameters, L(w, b) w*, b* = arg𝑚𝑖𝑛
𝑤,𝑏

L(w, b)

Random initialization for w0 , b0

Calculate
𝜕𝐿

𝜕𝑤
|𝑤=𝑤

0
,𝑏=𝑏

0,

𝜕𝐿

𝜕𝑏
|𝑤=𝑤

0
,𝑏=𝑏

0

w1=w0-
𝜕𝐿

𝜕𝑤
|𝑤=𝑤

0
,𝑏=𝑏

0 b1=b0-
𝜕𝐿

𝜕𝑏
|𝑤=𝑤

0
,𝑏=𝑏

0

w2=w1-
𝜕𝐿

𝜕𝑤
|𝑤=𝑤

1
,𝑏=𝑏

1
b2=b1-

𝜕𝐿

𝜕𝑏
|𝑤=𝑤1,𝑏=𝑏1

⋮
57



Gradient Descent

L = 
1

𝑚
σ𝑖=1
𝑚 (𝑦 − 𝑦′)2 =

1

𝑚
σ𝑖=1
𝑚 (𝑦 − (𝑏 + 𝑤𝑥))2

𝜕𝐿

𝜕𝑤
= 

1

𝑚
σ𝑖=1
𝑚 2 ∗ 𝑦 − 𝑏 + 𝑤𝑥 ∗ (−𝑥)for w

𝜕𝐿

𝜕𝑤
= 

1

𝑚
σ𝑖=1
𝑚 2 ∗ 𝑦 − 𝑏 + 𝑤𝑥 ∗ (−1)for b

y' = b + wx MSE (Mean Square Error) L = 
1

𝑚
σ𝑖=1
𝑚 (𝑦 − 𝑦′)2

58



Gradient Descent

-
𝜕𝐿

𝜕𝑤
|𝑤=𝑤

0
,𝑏=𝑏

0

-
𝜕𝐿

𝜕𝑏
|𝑤=𝑤

0
,𝑏=𝑏

0

-
𝜕𝐿

𝜕𝑤
|𝑤=𝑤

1
,𝑏=𝑏

1

-
𝜕𝐿

𝜕𝑏
|𝑤=𝑤

1
,𝑏=𝑏

1 59



Gradient Descent

God bless you

L

b
w

60



Why Gradient is 
Small?

06



Why Gradient is small?
Why does optimization fail?

Loss

Not small enough

Gradient  0

L

Critical Point

Saddle Point

How to check?

Local Minimum

Not decent

62



Why Gradient is small?
How to check?

Taylor Series Approximation

L(w) around w = w' can be approximated as 

L(w)  L(w') + (w – w')Tg +
1

2
(w – w') TH (w – w')

g is the gradient vector

g = L(w')

H is the Hessian matrix

H = 
𝜕2

𝜕𝑤 2 𝐿(𝑤
′)

w

w'
L(w) 

63



Why Gradient is small?
How to check?

Taylor Series Approximation

L(w) around w = w' can be approximated as 

L(w)  L(w') + (w – w')Tg +
1

2
(w – w') TH (w – w')

g = L(w') = 0

Critical Point

Source of image

How to determine?

64

:http:/www.offconvex.org/2016/03/22/saddlepoints/


Why Gradient is small?
How to check?

Hessian

L(w)  L(w') +
1

2
(w – w') TH (w – w') = L(w') +

1

2
vTH vCritical Point

vTH v > 0 L(w) > L(w')

= H > 0 is defined as all eigenvalues are positive

vTH v < 0 L(w) < L(w')

= H < 0 is defined as all eigenvalues are negative

vTH v < 0

Some eigenvalues are negative, and some are positive

All v

All v vTH v > 0or

65



Why Gradient is small?
How to check?

y' = f(x) = w2w1x

L(w1, w2) = (y - w2w1x)2 = (1 - w2w1)
2

ቊ
𝑥 = 1
𝑦 = 1

𝜕𝐿

𝜕𝑤1
= 2(1 - w2w1)(-w2) = 0 

𝜕𝐿

𝜕𝑤2
= 2(1 - w2w1)(-w1) = 0 

w1 = w2 = 0

𝜕2𝐿

(𝜕𝑤1)
2 = 2(- w2)(-w2) = 0 

𝜕2𝐿

(𝜕𝑤2)
2 = 2(- w1)(-w1) = 0 

𝜕2𝐿

𝜕𝑤1𝜕𝑤2
= -2+4w1w2 = -2 

𝜕2𝐿

𝜕𝑤2𝜕𝑤1
= -2+4w1w2 = -2 

g

H

𝑤1

𝑤2

66



Why Gradient is small?
How to check?

H = 0 −2
−2 0

1= 2 2= -2

Eigenvalues

Ax = x

Ax - x = 0 (A-I)x = 0 det(A-I) = 0

det(
− −2
−2 −

)= 0

2 - 4 = 0
(+2)(-2) = 0

Saddle point 𝑤1

𝑤2

67



Why Gradient is small?
How to deal with the saddle point?

at critical pointL(w)  L(w') +
1

2
(w – w') TH (w – w') = L(w') +

1

2
vTH v

at saddle pointH has positive and negative eigenvalues

, u is the eigenvalue and the corresponding eigenvector of H

Determine update direction by H

uTH u = uT u = ||u||2

 < 0< 0

 > 0> 0

L(w)  L(w') +
1

2
(w – w') TH (w – w')

u
w = u + w'

68



Why Gradient is small?
How to deal with the saddle point?

𝑤1

𝑤2

y' = f(x) = w2w1x

L(w1, w2) = (y - w2w1x)2 = (1 - w2w1)
2

H = 0 −2
−2 0

1= 2 2= -2

eigenvector u = 
1
1

 = -2

Update w along the direction of u

69



Why Gradient is small?
Saddle Point vs Local Minima

Train a network once, until it
converges to critical point.

Training Loss

Minimum Ratio

never reach a real "local 
minima"

More "like" local minima 

Source

Minimum ratio = 
# of Eigen values

# of Positive Eigen values

70

https://docs.google.com/presentation/d/1siUFXARYRpNiMeSRwgFbt7mZVjkMPhR5od09w0Z8xaU/edit#slide=id.g31470fd33a_0_33


Adaptive Learning 
Rate
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Adaptive Learning Rate

Training stuck is because the parameters are near to a critical point?

-
∂L
∂w

|𝑤=𝑤
0

Reference
72

https://www.jeremyjordan.me/nn-learning-rate/


Adaptive Learning Rate

No, learning rate cannot be one-size-fits-all and you should adjust your
learning rate

73



Adaptive Learning Rate

Difference parameters needs different learning rate

w1

w2

Larger 
Learning Rate

Smaller 
Learning Rate

𝑡+1
𝑖 = 𝑡

𝑖 - 
∂L
∂

|=𝑡

𝑡+1
𝑖 = 𝑡

𝑖 - 𝑔𝑡
𝑖

𝑡+1
𝑖 = 𝑡

𝑖 -

𝜎𝑡
𝑖 𝑔𝑡

𝑖

Parameter 
dependent

74



Adaptive Learning Rate

Root Mean Square (Adagrad) 𝑡+1
𝑖 = 𝑡

𝑖 -

𝜎𝑡
𝑖 𝑔𝑡

𝑖

𝜎0
𝑖 = 𝒈0

𝒊 2

𝜎1
𝑖 =

1

2
𝒈0
𝒊 2

+ 𝒈1
𝒊 2

𝜎𝑡
𝑖 =

1

𝑡 + 1


𝑖=0

𝑡

𝒈𝑡
𝒊 2

𝜎2
𝑖 =

1

3
𝒈0
𝒊 2

+ 𝒈1
𝒊 2

+ 𝒈2
𝒊 2

𝜽1
𝑖 ← 𝜽0

𝒊 −
𝜂

𝜎0
𝑖
𝒈0
𝒊

𝜽2
𝑖 ← 𝜽1

𝑖 −
𝜂

𝜎1
𝑖
𝒈1
𝒊

𝜽3
𝒊 ← 𝜽2

𝒊 −
𝜂

𝜎2
𝑖
𝒈2
𝒊

𝜽𝑡+1
𝒊 ← 𝜽𝑡

𝒊 −
𝜂

𝜎𝑡
𝑖
𝒈𝑡
𝒊

…

= 𝒈0
𝒊
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Adaptive Learning Rate

RMSProp 𝑡+1
𝑖 = 𝑡

𝑖 -

𝜎𝑡
𝑖 𝑔𝑡

𝑖

= 𝒈0
𝒊 2

𝜎1
𝑖 = 𝛼(𝜎0

𝑖)2+(1 − 𝛼)(𝑔1
𝑖 )2

𝜽1
𝑖 ← 𝜽0

𝒊 −
𝜂

𝜎0
𝑖
𝒈0
𝒊

𝜽2
𝑖 ← 𝜽1

𝑖 −
𝜂

𝜎1
𝑖
𝒈1
𝒊

𝜽3
𝒊 ← 𝜽2

𝒊 −
𝜂

𝜎2
𝑖
𝒈2
𝒊

𝜽𝑡+1
𝒊 ← 𝜽𝑡

𝒊 −
𝜂

𝜎𝑡
𝑖
𝒈𝑡
𝒊

…

= 𝒈0
𝒊𝝈𝟎

𝒊

𝜎2
𝑖 = 𝛼(𝜎1

𝑖)2+(1 − 𝛼)(𝑔2
𝑖 )2

𝜎𝑡
𝑖 = 𝛼(𝜎𝑡−1

𝑖 )2+(1 − 𝛼)(𝑔𝑡
𝑖)2

76



Adaptive Learning Rate

RMSProp 𝑡+1
𝑖 = 𝑡

𝑖 -

𝜎𝑡
𝑖 𝑔𝑡

𝑖

increase 𝜎𝑡
𝑖

decrease 𝜎𝑡
𝑖

smaller step

larger step

small 𝜎𝑡
𝑖

larger step

𝜎𝑡
𝑖 = 𝛼(𝜎𝑡−1

𝑖 )2+(1 − 𝛼)(𝑔𝑡
𝑖)2

The recent gradient has larger influence, and
the past gradients have less influence.

77



Adaptive Learning Rate

Momentum
Starting at 𝜽𝟎

Compute gradient 𝒈𝟎

Move to 𝜽𝟏 = 𝜽𝟎 +𝒎𝟏

Compute gradient 𝒈𝟏

Movement 𝒎𝟎 = 𝟎

Movement 𝒎𝟏 = λ𝒎𝟎 − 𝜂𝒈𝟎

Movement 𝒎𝟐 = λ𝒎𝟏 − 𝜂𝒈𝟏

Move to 𝜽𝟐 = 𝜽𝟏 +𝒎𝟐

Movement

Gradient

Movement not just based on gradient, but previous movement.

Movement of the last step

𝒈𝟎
𝒈𝟏

𝒈𝟐

𝒈𝟑

𝜽𝟎

𝜽𝟏

𝜽𝟐

𝜽𝟑

𝒎𝟏

𝒎𝟐

𝒎𝟑

𝑡+1
𝑖 = 𝑡

𝑖 - 
∂L
∂

|=𝑡

𝑡+1
𝑖 = 𝑡

𝑖 + 𝑣𝑡
𝑖

𝑣0
𝑖 = 0

𝑣𝑡
𝑖 = 𝜆𝑣𝑡−1

𝑖 − 𝜂𝑔𝑡
𝑖

78



Adaptive Learning Rate

Adam (RMSProp + Momentum + Bias-correction)

𝜽𝑡+1
𝒊 ← 𝜽𝑡

𝒊 − η
ෝ𝑚𝑡
𝑖

ො𝑣𝑡
𝑖 + 𝜀 𝑣0

𝑖 = 0

𝑚0
𝑖 = 0

𝑣𝑡
𝑖 = 𝛽2(𝑣𝑡−1

𝑖 )2+(1 − 𝛽2)(𝑔𝑡
𝑖)2

𝑚𝑡
𝑖 = 𝛽1(𝑚𝑡−1

𝑖 )2+(1 − 𝛽1)(𝑔𝑡
𝑖)2

ෝ𝑚𝑡
𝑖 =

𝑚𝑡
𝑖

1 − 𝛽1

ො𝑣𝑡
𝑖 =

𝑣𝑡
𝑖

1 − 𝛽2

79Reference

https://arxiv.org/pdf/1412.6980.pdf


Adaptive Learning Rate

Reference 80

https://machinelearningmastery.com/adam-optimization-algorithm-for-deep-learning/


Cross Validation
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Cross Validation

82

Cross validation (All figures come from here)

➢ Holdout

➢ K-fold

• K-fold

• Nested K-fold

• Repeated K-fold

• Stratified K-fold

➢ Leave one out

➢ Random subsampling

➢ Bootstrap

https://github.com/andy6804tw/2021-13th-ironman
https://github.com/andy6804tw/2021-13th-ironman


Cross Validation
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Holdout



Cross Validation
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K-fold
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Nested K-fold

Cross Validation
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Repeated K-fold

Cross Validation



Cross Validation

87

Stratified K-fold



Cross Validation

88

Leave one out



Cross Validation

89

Random subsampling



Example
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Deep Learning
Iris Classification

Iris dataset

➢ DESCR: The dataset description

➢ data: The content

➢ target: Label

➢ feature_names: The feature names

➢ target_names: The target names
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Deep Learning
Iris Classification

Iris dataset
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Deep Learning
Iris Classification

Iris dataset

特徵

1. sepal length (花萼長)

2. sepal width (花萼寬)

3. petal length (花瓣長)

4. petal width (花瓣寬)    

目標值

鳶尾花種類

(Setosa, Versicolour, Virginica)
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Deep Learning
Iris Classification

Iris dataset
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Deep Learning
Iris Classification

Iris dataset

➢ target_names
• 0: setosa

• 1: versicolour

• 2: verginica
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Deep Learning
Iris Classification

Iris dataset
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Deep Learning
Iris Classification

Iris dataset
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Deep Learning
Iris Classification

Build perception

z = w1x1 + w2x2 + b

y = σ(z)

σ(z)
+1 if z ≥ 0

-1 otherwise
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Deep Learning
Iris Classification

Build perception

w = w + Δw
Δw = 𝞰(y - ŷ) * 𝑥

Δw0 = 𝞰(y - output) * x0

Δw1 = 𝞰(y - output) * x1

Δw2 = 𝞰(y - output) * x2
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Deep Learning
Iris Classification

Training
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Deep Learning
Iris Classification

Analysis

101



Deep Learning
Iris Classification

Practice - using different training data and parameters

➢ Different assortment

➢ Different features

➢ Different learning rate
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Deep Learning
Iris Classification

Build neural network manually
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Deep Learning
Iris Classification

Build neural network manually

4 x 2 2 x 3
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Deep Learning
Iris Classification
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Deep Learning
Iris Classification
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Deep Learning
Iris Classification
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Deep Learning
Iris Classification
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Deep Learning
Iris Classification

Target
0: [1, 0, 0]
1: [0, 1, 0]
2: [0, 0, 1]
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Deep Learning
Iris Classification

Target
0-> [1, 0, 0]
1-> [0, 1, 0]
2-> [0, 0, 1]
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Deep Learning
Iris Classification

參考書 模擬考

70% 30%

111



Deep Learning
Iris Classification
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Deep Learning
Iris Classification
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Deep Learning
Iris Classification
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Deep Learning
Iris Classification

Practice - using different training parameters

➢ Different learning rate

➢ Different batch_size

➢ Different hidden_size
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Backpropagation
Chain Rule
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Backpropagation
Add
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Backpropagation
Multiply
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Backpropagation
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Backpropagation
Rewrite
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Backpropagation
Rewrite
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Backpropagation
Rewrite
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Backpropagation
Rewrite
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Backpropagation
Rewrite
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Backpropagation
Rewrite
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Backpropagation
Rewrite

Numerical gradient / backpropagation = 10

Numerical gradient

➢ Advantage: A formulas

➢ Disadvantage: slower and less accurate

Backpropagation

➢ Advantage: faster and higher accurate

➢ Disadvantage: Each operation needs to compute its own differential
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