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CHAPTER 1

mathematical notation
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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

to X0
=" T =6
O Xn

2.1.3 Loss function

L(y,9) = (y—9)*

2.1.4 Object function

2.1.5 Optimizing

1
0 = argmin —O(y,X)
0 2




Machine-Learning-Model-Analysis Documentation, Release 0.0.1

Normal equations

1
VoO(y, X;0) = Vo 5(y = X0)"(y = X0)

1
=5V OTXTX0 — 07Xy — y'X0 4+ yTy)

= %vg Tr(07XTX0 — 6T Xy — yTX60 + yTy)
= %vg (Tr(p"XTX0) — 2Tr(y " X6))
= %(XTXH +XTX0 - 2XTy)
=XTx0 - X"y
VO(y, X;0) =0,
XT'x9=XTy

o (XTX)"1XTy TrX = TrX”
| (XTX)" !XTy pass

Warning: ,

Note:

Gradient-based

VoO(y, X:0) = Vo 3 > Ly /(X))
=1

1?71,

4 Chapter 2. linear Model




Machine-Learning-Model-Analysis Documentation, Release 0.0.1

2.2 linear regression why

221 ?
oL P(yla;0) ~ N(p, 0?)
P(y; p) =\/% exp(—%(y—u)Q)

1 1, 1,
——€X —_ = .ex —_ =
NeTS p( 5Y ). exp(py S )

0= L
f(z) = Ely|z; 0]
=u

n=0Tx.,

flx)=0"x
222 ?
ce~N(0,0%). :

y=0Tx+e¢

R

P(y:z;0) =

m

L(0) = H P(y;|Xi;0)

i=1

14 zlogHP(yi|Xi;9)
i=1
71 (yi — 07X;)?
=1 -
ogi];[l yorsand o)

= 1 (vi — 07X;)?
= 1 —_ eX _——
;:1 0g ——— exp/ )

1 11

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

241

2.4.2 Predicted function

T 1y exp —6Tx

2.4.3 Loss function

L(y,y) = —(ylog f(z) + (1 —y)log (1 — f(x)))

Note: ,log(2+exp)

Note:

2.4.4 Objection function

O(y,X) =Y Llyi, f(Xi) = =Y yilog f(X;) + (1 — yi) log (1 — £(X))
P =1

2.4.5 Optimizing

6 = argmin O(y,X)
0

6 Chapter 2. linear Model
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Gradient-based
VoO(y,X;0) = Vq ZL(Yh f(X3))
=1

=Vy — ZYi log f(X;) + (1 —yi)log (1 — f(Xy))

SV — (ylog f(Xi) + (1 -y log (1 — (X))
_Oyilog f(Xi) + (1 — yi) log (1 — f(Xi)) 96" X,
A(07X,) dz
1
= _(Yim +(1-y) )g(07X:) (1 — g(67X;))X;
= *(}’i - f(Xi))Xi

1
- f(Xy)

0+ 0—a(—(yi — f(X:)X;)

2.5 logistic regression why

251 ?
. P(y|z;0) ~ Bernoulli(¢) .:

P(y;¢) =¢¥(1 — ¢)'
=exp (ylogd + (1 —y)log (1 — ¢))

—exp ((log (—2—))y + log (1 - ¢))

1-¢
n = log %
f(z) = Ely|z; 0]
=9
o=0Tx.
1
flo) = 1+exp—0Tx
252 ?
(odd):
log T =0Tx

P(y = 1]x;0) = f(x)
Py =0[z;0) = 1 - f(x)

2.5. logistic regression why 7
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P(ylz;0) = f(x)¥(1 — f(x))' 7Y

m

L(9) = HP(Yi|Xi§9)

i=1

= logH P(y:|X;;0)
i=1

= log_H FX)Y (1= f(X)

= Zyz' log f(X;) + (1 —y;)log (1 — f(X;))

2.6 logistic regression expand

2.7 softmax regression

2.7.1

2.7.2 Predicted function

exp"@ k

> expx®s
k=1

f(x,k k) =

Note: ,

2.7.3 Loss function

k

L(y,y) = — [ yrlog ¥«
k=1

2.7.4 Object function

0(X,Y;0) = ﬁL(Yi,Yi)

~
_

YFlogYF

s
i

i=1k=1

8 Chapter 2. linear Model



Machine-Learning-Model-Analysis Documentation, Release 0.0.1

2.7.5 Optimizing

Gradient-based
m k _ -
VeO(y.X;0) = Ve [ [] YFlog Y¥ (2)
i=1 k=1
m k
=-Veo ][I YFiog f(Xi.k;k) (3)
i=1k=1
k
= Vo [ Yilog /(X ks k) (4)
k=1
k
= Ve, [] Y¥log f(Xi. k; k) (5)
k=1
vt dlog f(X;, k1 k) f (X, ki k) 0(0;X;) (6)
¢ d_f(Xi. }C 1\} d(QJXi) (i(—)j
. 1 (kﬁ‘ expe'fxi}(expe'fx")’ — [k%] expeﬁxi)'{expeﬁxf)
= - = = XN
P (X k) (3" expOsXi)? '
k=1
(7)
. . (‘Zu: axprX; )(expﬁixi }—(cxpﬁixi}(cxpﬁjxi)
Y! e Xi j==
L f(Xi0k) (3 exp®eXiy? !
— k=1
{ Z cxpﬁkxi)x[]—((cxpﬁkli}(cxpgkxi)
YE o X i#k
i f( X kk) (3 exp@sXiy2 i
k=1
(8)
L : [i {rxpﬁkxi)({rxpﬁixi)—(expejxi)(expﬁjxi)
k=1 i P
Y oxp”%s [i expPeXi) X J k
I - k=1
(z expPERi ) 0—((expe®i ) expOeXi)
ke 1 k=1 ) .
Yj expOs [i exprXi) X ] % k
k=1
(9)
[ TZ"; expPrRi )—(cxpﬁjxi)
vEEL X; ==k
6. X,
S (10)
Y?%MX,- i £k
(Z expﬁkxi)
k=1
_ Y- A kKX ==k (1)
Y§ - f(x kKX, J#k
i e (W (S

Note: (exp®+X:)" (3 exp® %) ©,X, .
k=1

2.7. softmax regression 9
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2.8 softmax regression why
2.8.1 ?

P(y|$,¢, k) ~ Category(¢lv¢27 "'7¢i7 "'7¢k) -

1—
P(y;0,k) = 017 272007 .y =2

k—1
y1log ¢1+yzlog p2+...+yilog pit+...+(1— Z)l y) log ¢x

= exp
vilog 21 tyslog $2 4. tyy_ 1 log =L tlog ¢,
= exp 9k s Pk
log i—; 3
log i—';’
y——log ¢
log LZ:
[
= exp log Pk
log 47119
log Z:—i
= L
log %
P
log [
n; = log il
’ Ok
¢i = ¢y exp™
k k
1= ¢i=¢r Y exp™
i=1 i=1
1
dr = —
Z expm
i=1
Ok = 5 ¢ = drexp” .
expi
=1
expni
bi= 2
> exp
i=1

f(z) = Elylz; ¢]

b1
b2

o

10 Chapter 2.

linear Model
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Note: 1 <i<k

2.8. softmax regression why 11
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12 Chapter 2. linear Model



CHAPTER 3

Neruo layers

3.1 convolution layer

3.1.1

3.1.2

w+m h+n

O(m,n) = > > I(i,j)K(i,])

i=m j=n

00 (m,n)
dK

=Im:w+m;n:h+n]

13
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M N
9( > > O(m,n))

M N
m=0n=0 . emy .
T :ZZI[m.w—Fm,n.h—Fn]

m=0n=0

w+m h+n l+v

O(m,n,0) = > > " I(i,j, k) K(i, ], k)

i=m j=n k=v

20(m,n,v) . o N
—arg " lmiwtmin:h+nv:ito]
M N V
a( Z—:O Z—:O Z_:OO(mvnav)) M N V
dK :ZZZI[m5w+m;n:h+n;v:l+v]

m=0n=0v=0

Warning:

3.1.3
3.2 Full connection layer

3.2.1
3.2.2

0

14 Chapter 3. Neruo layers
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0

0

3.2.3
3.3 pooling layer

3.3.1
3.3.2

K(i) = {

0

if 1I(7)is maximum
else other

w+m h+n

O(m7n) = Z Z[(’L?])K(lvj)

0

=m j=n

if I(i,7)is maximum
else other

3.3. pooling layer

15



Machine-Learning-Model-Analysis Documentation, Release 0.0.1

3.3.3

* 0

w+m h+n l+2z

O(mm) = Z ZZI(Zaj7k)K(Z:J7k)

i=m j=n k=z

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

K(Z’»J}k):{

w—+m h+n

O(m,n) = > > I(i,)K(i,])

i=m j=n

1
w X h

w+m h+4n l+2z

O(m,n) = > >N I(i,j,k)K(i,j, k)

i=m j=nk=z

1

k(,5,k) = =7

16

Chapter 3

. Neruo layers
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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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18 Chapter 4. neural network model



CHAPTER B

Todo

e rst Ok

e Machine-Learning-Model-Analysis ok
* ok

e gradle ok

90

* 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 ,
e ?
e ?
e LeNet ,
20

Chapter 5. Todo



CHAPTER O

Indices and tables

* genindex
* modindex

e search

21
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