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CHAPTER 1

mathematical notation

• 𝑥

• 𝑥̄

• x

• x𝑇

• X ,,,

• 𝑛

• 𝑚

• x𝑖 i

• X𝑖 i

• X𝑗 j

• X𝑗
𝑖 ij

• 𝜖

• ;

• 𝑤ℎ𝑙

1
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2 Chapter 1. mathematical notation



CHAPTER 2

linear Model

2.1 linear regression

2.1.1

2.1.2 Predicted function

𝑓(x) =

⎡⎢⎢⎣
𝜃0
𝜃1
..
𝜃𝑛

⎤⎥⎥⎦
𝑇 ⎡⎢⎢⎣

x0

x1

..
x𝑛

⎤⎥⎥⎦ = 𝜃𝑇x

2.1.3 Loss function

𝐿(𝑦, 𝑦) = (𝑦 − 𝑦)2

2.1.4 Object function

𝑂(y,X) =
1

2

𝑚∑︁
𝑖=1

𝐿(y𝑖, 𝑓(X𝑖)) = (y −X𝜃)𝑇 (y −X𝜃)

2.1.5 Optimizing

𝜃 = arg min
𝜃

1

2
𝑂(y,X)

3
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Normal equations

∇𝜃𝑂(y,X; 𝜃) = ∇𝜃
1

2
(y −X𝜃)𝑇 (y −X𝜃)

=
1

2
∇𝜃 (𝜃𝑇X𝑇X𝜃 − 𝜃𝑇Xy − y𝑇X𝜃 + y𝑇y)

=
1

2
∇𝜃 Tr(𝜃𝑇X𝑇X𝜃 − 𝜃𝑇Xy − y𝑇X𝜃 + y𝑇y)

=
1

2
∇𝜃 (Tr(𝜃𝑇X𝑇X𝜃)− 2Tr(y𝑇X𝜃))

=
1

2
(X𝑇X𝜃 + X𝑇X𝜃 − 2X𝑇y)

= X𝑇X𝜃 −X𝑇y

∇𝜃𝑂(y,X; 𝜃) = 0,

X𝑇X𝜃 = X𝑇y

𝜃 =

{︃
(X𝑇X)−1X𝑇y TrX = TrX𝑇

(X𝑇X)−1X𝑇y pass

Warning: ,

Note:

Gradient-based

∇𝜃𝑂(y,X; 𝜃) = ∇𝜃
1

2

𝑚∑︁
𝑖=1

𝐿(y𝑖, 𝑓(X𝑖))

= ∇𝜃
1

2

𝑚∑︁
𝑖=1

(y𝑖 − 𝜃𝑇X𝑖)
2

= ∇𝜃
1

2
(y𝑖 − 𝜃𝑇X𝑖)

2

=
1

2
* 2(y𝑖 − 𝜃𝑇X𝑖)

𝜕(−𝜃𝑇X)

d𝜃

= −(y𝑖 − 𝜃𝑇X𝑖)X𝑖

,:

𝜃 ← 𝜃 − 𝛼(−(y𝑖 − 𝑓(X𝑖))X𝑖)

4 Chapter 2. linear Model
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2.2 linear regression why

2.2.1 ?

: . 𝑃 (𝑦|𝑥; 𝜃) ∼ 𝒩 (𝜇, 𝜎2) .:

𝑃 (𝑦;𝜇) =
1√
2𝜋

exp(−1

2
(𝑦 − 𝜇)2)

=
1√
2𝜋

exp(−1

2
𝑦2). exp(𝜇𝑦 − 1

2
𝜇2)

: 𝜂 = 𝜇.,:

𝑓(𝑥) = E[𝑦|𝑥; 𝜃]

= 𝜇

𝜂 = 𝜃𝑇x . ,:

𝑓(𝑥) = 𝜃𝑇x

2.2.2 ?

: 𝜖 ∼ 𝒩 (0, 𝜎2). :

𝑦 = 𝜃𝑇x + 𝜖

:

𝑃 (𝑦 : 𝑥; 𝜃) =
1√
2𝜋

exp(− (𝑦 − 𝜃𝑇x)2

2𝜎2
)

:

𝐿(𝜃) =

𝑚∏︁
𝑖=1

𝑃 (y𝑖|X𝑖; 𝜃)

ℓ = log

𝑚∏︁
𝑖=1

𝑃 (y𝑖|X𝑖; 𝜃)

= log

𝑚∏︁
𝑖=1

1√
2𝜋𝜎

exp (− (y𝑖 − 𝜃𝑇X𝑖)
2

2𝜎2
)

=

𝑚∑︁
𝑖=1

log− 1√
2𝜋𝜎

exp(− (y𝑖 − 𝜃𝑇X𝑖)
2

2𝜎2
)

=𝑚 log
1√
2𝜋𝜎

− 1

𝜎2
.
1

2

𝑚∑︁
𝑖=1

(y𝑖 − 𝜃X𝑖)
2

u− 1

2

𝑚∑︁
𝑖=1

(y𝑖 − 𝜃X𝑖)
2

.

2.2. linear regression why 5
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2.3 linear regression expand

2.3.1 Lasso

2.3.2 Ridge

2.3.3 LWR(locally weighted linear regression)

2.4 logistic regression

2.4.1

2.4.2 Predicted function

𝑓(𝑥) = 𝑔(𝜃𝑇x) =
1

1 + exp−𝜃𝑇x

2.4.3 Loss function

𝐿(𝑦, 𝑦) = −(𝑦 log 𝑓(𝑥) + (1− 𝑦) log (1− 𝑓(𝑥)))

Note: ,log(2+exp)

Note:

2.4.4 Objection function

𝑂(y,X) =

𝑚∑︁
𝑖=1

𝐿(y𝑖, 𝑓(X𝑖) = −
𝑚∑︁
𝑖=1

y𝑖 log 𝑓(X𝑖) + (1− y𝑖) log (1− 𝑓(X𝑖))

2.4.5 Optimizing

𝜃 = arg min
𝜃

𝑂(y,X)

6 Chapter 2. linear Model
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Gradient-based

∇𝜃𝑂(y,X; 𝜃) = ∇𝜃

𝑚∑︁
𝑖=1

𝐿(y𝑖, 𝑓(X𝑖))

= ∇𝜃 −
𝑚∑︁
𝑖=1

y𝑖 log 𝑓(X𝑖) + (1− y𝑖) log (1− 𝑓(X𝑖))

= ∇𝜃 − (y𝑖 log 𝑓(X𝑖) + (1− y𝑖) log (1− 𝑓(X𝑖))

= −𝜕y𝑖 log 𝑓(X𝑖) + (1− y𝑖) log (1− 𝑓(X𝑖))

d(𝜃𝑇X𝑖)

𝜕𝜃𝑇X𝑖

d𝑥

= −(y𝑖
1

𝑓(X𝑖)
+ (1− 𝑦)

1

1− 𝑓(X𝑖)
)𝑔(𝜃𝑇X𝑖)(1− 𝑔(𝜃𝑇X𝑖))X𝑖

= −(y𝑖 − 𝑓(X𝑖))X𝑖

,:

𝜃 ← 𝜃 − 𝛼(−(y𝑖 − 𝑓(X𝑖))X𝑖)

2.5 logistic regression why

2.5.1 ?

. 𝑃 (𝑦|𝑥; 𝜃) ∼ Bernoulli(𝜑) .:

𝑃 (𝑦;𝜑) =𝜑𝑦(1− 𝜑)1−𝑦

= exp (𝑦 log 𝜑 + (1− 𝑦) log (1− 𝜑))

= exp ((log (
𝜑

1− 𝜑
))𝑦 + log (1− 𝜑))

: 𝜂 = log 𝜑
1−𝜑 . ,:

𝑓(𝑥) = E[𝑦|𝑥; 𝜃]

= 𝜑

𝜑 = 𝜃𝑇x. ,:

𝑓(𝑥) =
1

1 + exp−𝜃𝑇x

2.5.2 ?

(odd):

log
𝑦

1− 𝑦
= 𝜃𝑇x

:

𝑃 (𝑦 = 1|𝑥; 𝜃) = 𝑓(x)

𝑃 (𝑦 = 0|𝑥; 𝜃) = 1− 𝑓(x)

2.5. logistic regression why 7



Machine-Learning-Model-Analysis Documentation, Release 0.0.1

:

𝑃 (𝑦|𝑥; 𝜃) = 𝑓(x)𝑦(1− 𝑓(x))1−𝑦

:

𝐿(𝜃) =

𝑚∏︁
𝑖=1

𝑃 (y𝑖|X𝑖; 𝜃)

ℓ = log

𝑚∏︁
𝑖=1

𝑃 (y𝑖|X𝑖; 𝜃)

= log

𝑚∏︁
𝑖=1

𝑓(X𝑖)
y𝑖(1− 𝑓(X𝑖))

1−y𝑖

=

𝑚∑︁
𝑖=1

y𝑖 log 𝑓(X𝑖) + (1− y𝑖) log (1− 𝑓(X𝑖))

.

2.6 logistic regression expand

2.7 softmax regression

2.7.1

2.7.2 Predicted function

𝑓(x, 𝑘;k) =
expxΘ𝑘

k∑︀
𝑘=1

expxΘ𝑘

Note: ,

2.7.3 Loss function

𝐿(y, ȳ) = −
k∏︁

𝑘=1

y𝑘 log ȳ𝑘

2.7.4 Object function

𝑂(X,Y;Θ) =

𝑚∏︁
𝑖=1

𝐿(Y𝑖, Ȳ𝑖)

= −
𝑚∏︁
𝑖=1

k∏︁
𝑘=1

Y𝑘
𝑖 log Ȳ𝑘

𝑖

8 Chapter 2. linear Model
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2.7.5 Optimizing

Gradient-based

Note: (expΘ𝑘X𝑖)
′

(
𝑚∑︀

𝑘=1

expΘ𝑘X𝑖)
′

Θ𝑘X𝑖 .

2.7. softmax regression 9
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2.8 softmax regression why

2.8.1 ?

. 𝑃 (y|𝑥;𝜑, 𝑘) ∼ category(𝜑1, 𝜑2, ..., 𝜑𝑖, ..., 𝜑𝑘) .:

𝑃 (y; 𝜃, 𝑘) = 𝜑1
y1𝜑2

y2 ...𝜑𝑖
y𝑖 ...𝜑𝑘

1−
𝑘−1∑︀
𝑖=1

y

= exp
y1 log 𝜑1+y2 log 𝜑2+...+y𝑖 log 𝜑𝑖+...+(1−

𝑘−1∑︀
𝑖=1

y) log 𝜑𝑘

= exp
y1 log

𝜑1
𝜑𝑘

+y2 log
𝜑2
𝜑𝑘

+...+y𝑘−1 log
𝜑𝑘−1
𝜑𝑘

+log 𝜑𝑘

= exp

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

log 𝜑1

𝜑𝑘

log 𝜑2

𝜑𝑘

...

log 𝜑𝑘−1

𝜑𝑘

log 𝜑𝑘

𝜑𝑘

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

𝑇

y−− log 𝜑𝑘

: 𝜂 =

⎡⎢⎢⎢⎢⎢⎣
log 𝜑1

𝜑𝑘

log 𝜑2

𝜑𝑘

...

log 𝜑𝑘−1

𝜑𝑘

log 𝜑𝑘

𝜑𝑘

⎤⎥⎥⎥⎥⎥⎦. :

𝜂𝑖 = log
𝜑𝑖

𝜑𝑘

𝜑𝑖 = 𝜑𝑘 exp𝜂𝑖

1 =

𝑘∑︁
𝑖=1

𝜑𝑖 = 𝜑𝑘

𝑘∑︁
𝑖=1

exp𝜂𝑖

𝜑𝑘 =
1

𝑘∑︀
𝑖=1

exp𝜂𝑖

𝜑𝑘 = 1
𝑘∑︀

𝑖=1
exp𝜂𝑖

𝜑𝑖 = 𝜑𝑘 exp𝜂𝑖 ,:

𝜑𝑖 =
exp𝜂𝑖

𝑘∑︀
𝑖=1

exp𝜂𝑖

:

𝑓(𝑥) = E[y|𝑥;𝜑]

=

⎡⎢⎢⎣
𝜑1

𝜑2

...
𝜑𝑘

⎤⎥⎥⎦

10 Chapter 2. linear Model
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𝜑𝑖 = 𝜃𝑇𝑖 x. ,:

𝑓(𝑥) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

exp𝜃𝑇1 x

𝑘∑︀
𝑖=1

exp𝜃𝑇
𝑖

x

exp𝜃𝑇2 x

𝑘∑︀
𝑖=1

exp𝜃𝑇
𝑖

x

...
exp𝜃𝑇𝑘 x

𝑘∑︀
𝑖=1

exp𝜃𝑇
𝑖

x

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Note: 1 ≤ 𝑖 ≤ 𝑘

2.8. softmax regression why 11
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CHAPTER 3

Neruo layers

3.1 convolution layer

3.1.1

3.1.2

𝑂(𝑛) =

𝑤+𝑛∑︁
𝑖=𝑛

𝐼(𝑖)𝐾(𝑖)

𝜕𝑂(𝑛)

d𝐾
= 𝐼[𝑛 : 𝑤 + 𝑛]

𝜕(
𝑁∑︀

𝑛=0
𝑂(𝑛))

d𝐾
=

𝑜∑︁
𝑛=0

𝐼[𝑛 : 𝑤 + 𝑛]

𝑂(𝑚,𝑛) =

𝑤+𝑚∑︁
𝑖=𝑚

ℎ+𝑛∑︁
𝑗=𝑛

𝐼(𝑖, 𝑗)𝐾(𝑖, 𝑗)

𝜕𝑂(𝑚,𝑛)

d𝐾
= 𝐼[𝑚 : 𝑤 + 𝑚;𝑛 : ℎ + 𝑛]

13
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𝜕(
𝑀∑︀

𝑚=0

𝑁∑︀
𝑛=0

𝑂(𝑚,𝑛))

d𝐾
=

𝑀∑︁
𝑚=0

𝑁∑︁
𝑛=0

𝐼[𝑚 : 𝑤 + 𝑚;𝑛 : ℎ + 𝑛]

𝑂(𝑚,𝑛, 𝑣) =

𝑤+𝑚∑︁
𝑖=𝑚

ℎ+𝑛∑︁
𝑗=𝑛

𝑙+𝑣∑︁
𝑘=𝑣

𝐼(𝑖, 𝑗, 𝑘)𝐾(𝑖, 𝑗, 𝑘)

𝜕𝑂(𝑚,𝑛, 𝑣)

d𝐾
= 𝐼[𝑚 : 𝑤 + 𝑚;𝑛 : ℎ + 𝑛; 𝑣 : 𝑙 + 𝑣]

𝜕(
𝑀∑︀

𝑚=0

𝑁∑︀
𝑛=0

𝑉∑︀
𝑣=0

𝑂(𝑚,𝑛, 𝑣))

d𝐾
=

𝑀∑︁
𝑚=0

𝑁∑︁
𝑛=0

𝑉∑︁
𝑣=0

𝐼[𝑚 : 𝑤 + 𝑚;𝑛 : ℎ + 𝑛; 𝑣 : 𝑙 + 𝑣]

Warning:

3.1.3

3.2 Full connection layer

3.2.1

3.2.2

()

𝑂(𝑛) =

𝑥∑︁
𝑖=1

𝐼(𝑖)𝐾(𝑖)𝑛

𝜕𝑂(𝑛)

d𝐾𝑛
= 𝐼

14 Chapter 3. Neruo layers
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()

𝑂(𝑛) =

𝑥∑︁
𝑖=1

𝑦∑︁
𝑗=1

𝐼(𝑖, 𝑗)𝐾(𝑖, 𝑗)𝑛

𝜕𝑂(𝑛)

d𝐾𝑛
= 𝐼

()

𝑂(𝑛) =

𝑥∑︁
𝑖=1

𝑦∑︁
𝑗=1

𝑧∑︁
𝑘=1

𝐼(𝑖, 𝑗, 𝑘)𝐾(𝑖, 𝑗, 𝑘)𝑛

𝜕𝑂(𝑛)

d𝐾𝑛
= 𝐼

3.2.3

3.3 pooling layer

3.3.1

3.3.2

𝑂(𝑚) =

𝑤+𝑚∑︁
𝑖=𝑚

𝐼(𝑖)𝐾(𝑖)

𝐾(𝑖) =

{︃
1 𝑖𝑓 𝐼(𝑖)is maximum
0 𝑒𝑙𝑠𝑒 other

𝑂(𝑚,𝑛) =

𝑤+𝑚∑︁
𝑖=𝑚

ℎ+𝑛∑︁
𝑗=𝑛

𝐼(𝑖, 𝑗)𝐾(𝑖, 𝑗)

𝐾(𝑖, 𝑗) =

{︃
1 𝑖𝑓 𝐼(𝑖, 𝑗)is maximum
0 𝑒𝑙𝑠𝑒 other

3.3. pooling layer 15
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𝑂(𝑚,𝑛) =

𝑤+𝑚∑︁
𝑖=𝑚

ℎ+𝑛∑︁
𝑗=𝑛

𝑙+𝑧∑︁
𝑘=𝑧

𝐼(𝑖, 𝑗, 𝑘)𝐾(𝑖, 𝑗, 𝑘)

𝐾(𝑖, 𝑗, 𝑘) =

{︃
1 𝑖𝑓 𝐼(𝑖, 𝑗, 𝑘)is maximum
0 𝑒𝑙𝑠𝑒 other

𝑂(𝑚) =

𝑤+𝑚∑︁
𝑖=𝑚

𝐼(𝑖)𝐾(𝑖)

𝑘(𝑖) =
1

𝑤

𝑂(𝑚,𝑛) =

𝑤+𝑚∑︁
𝑖=𝑚

ℎ+𝑛∑︁
𝑗=𝑛

𝐼(𝑖, 𝑗)𝐾(𝑖, 𝑗)

𝑘(𝑖, 𝑗) =
1

𝑤 × ℎ

𝑂(𝑚,𝑛) =

𝑤+𝑚∑︁
𝑖=𝑚

ℎ+𝑛∑︁
𝑗=𝑛

𝑙+𝑧∑︁
𝑘=𝑧

𝐼(𝑖, 𝑗, 𝑘)𝐾(𝑖, 𝑗, 𝑘)

𝑘(𝑖, 𝑗, 𝑘) =
1

𝑤 × ℎ× 𝑙

3.3.3

•

•

• ()

16 Chapter 3. Neruo layers



CHAPTER 4

neural network model

4.1 LeNet-5

4.1.1

4.1.2

4.2 MLP

4.2.1

4.2.2

17
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CHAPTER 5

Todo

• rst Ok

• Machine-Learning-Model-Analysis ok

• ok

• gradle ok

• ,.

•

• linear regression expand (lassoridge)

• logistic

• logisticIRLS

•

•

•

• ()

•

5.1 MxNet-Hands-On-Deep-Learning

5.1.1 ()

•

• logistic

• softmax

19
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5.1.2 :GPU()

• MLP ,

• ?

• ?

• LeNet ,

• —-

•

20 Chapter 5. Todo



CHAPTER 6

Indices and tables

• genindex

• modindex

• search

21
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