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Principal Component Analysis (PCA)



Principal Component Analysis (PCA): definition

A statistical procedure that uses an orthogonal transformation
to convert a set of observations of possibly correlated variables

into a set of values of linearly uncorrelated variables called
principal components.
In Wikipedia:



Principal Component Analysis (PCA): definition

A statistical procedure that uses an orthogonal transformation
to convert a set of observations of possibly correlated variables

into a set of values of linearly uncorrelated variables called
principal components.
In Wikipedia:




Principal Component Analysis (PCA): definition

A statistical procedure that uses an orthogonal transformation
to convert a set of observations of possibly correlated variables

into a set of values of linearly uncorrelated variables called
principal components.

In Wikipedia:

10 0
0 1

|



Principal Component Analysis (PCA): definition

A statistical procedure that uses an orthogonal transformation
to convert a set of observations of possibly correlated variables

into a set of values of linearly uncorrelated variables called
principal components.

In Wikipedia:

10 0
0 1

|



Principal Component Analysis (PCA): definition

A statistical procedure that uses an orthogonal transformation
to convert a set of observations of possibly correlated variables

into a set of values of linearly uncorrelated variables called
principal components.

In Wikipedia:

10 0
0 1

|



Principal Component Analysis (PCA): intuition

1 How to select a principal component?
- One that captures the largest variance of
the data points.
d Why?
- Because we want to clearly see how each
data point is related (close) each other.
- Then, which one (PC1 or PC2) is better?




How to find the principal components showing the largest variance?

 Distance to data points from the mean along the axis of “v,”

=[-242,-4/2,0,0,+/2,242] variance =4
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 Distance to data points from the mean along the axis of “v,”

=[-242,-4/2,0,0,+/2,242] variance =4

 Distance to data points from the mean along the axis of “v,”

=[0,0,-+/2,+/2,0,0] variance = 0.8
N 3 cov(x) 24 16
X |16 24
x| [-2 -2
X, -1 -1
X 1 -1
X = =
X, -1
X5
| Xe| L i

11



How to find the principal components showing the largest variance?

 Distance to data points from the mean along the axis of “v,”

=[-242,-4/2,0,0,+/2,242] variance =4

 Distance to data points from the mean along the axis of “v,”

=[0,0,-+/2,+/2,0,0] variance = 0.8

24 1.6 variance along the axis of “x,”
> Q cov(X)=

Xl 16 24 variance along the axis of “x.,”
(X, | [-2 -2
X, -1 -1
X: X3 = 1 _1
X, -1
X 1
| Xe | L _

12



How to find the principal components showing the largest variance?

 Distance to data points from the mean along the axis of “v,”

=[-242,-4/2,0,0,+/2,242] variance =4

 Distance to data points from the mean along the axis of “v,”

=[0,0,-+/2,+/2,0,0] variance = 0.8

24 1.6 variance along the axis of “x,”
> Q cov(X)=

Xl 16 24 variance along the axis of “x.,”
(X, | [-2 -2
X, -1 -1 _VAvT
ol 11 -1 Q cov(x)=
X= =
X, | | -1
X 1
| Xe | L _

13



How to find the principal components showing the largest variance?
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How to find the principal components showing the largest variance?

Vi  Distance to data points from the mean along the axis of “v,”

o =[-242,-+/2,0,0,4/2,24/2] variance = 4

—-0.70711
0.70711

 Distance to data points from the mean along the axis of “v,”

=[0,0,-+/2,+/2,0,0] variance = 0.8
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How to find the principal components showing the largest variance?
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1) Find the covariance matrix of data points.

=l o
X =

(CQEEEYEAY
1 1 1
[C RN

== cov(x)
ans =

2.4000
1.6000

1.6000
2.4000




How to find the principal components showing the largest variance?

1) Find the covariance matrix of data points.

2) Obtain the eigen values and vectors of the
covariance matrix: eigen decomposition.
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How to find the principal components showing the largest variance?

1) Find the covariance matrix of data points.

2) Obtain the eigen values and vectors of the
covariance matrix: eigen decomposition.

3) Sort the eigen vectors in descending order in
terms of their corresponding eigen values.
- an eigen vector with the largest eigen value
becomes the first principal component.

A

2" principal

A
component
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How to find the principal components showing the largest variance?
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[ Actually, there is a more convenient way of doing it.
 Itis called “Singular Value Decomposition” or SVD.

Eigen Value decomposition

XTX =VAV|

=l o

¥ =
-2 -2
-1 -1
i -1
-1 1
i1 1
2 2

== cov(x)

ans =
2.4000
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1.6000
2.4000

=> [vec, val] = eig{cov(x))
vec =

-8.76711 8.7evil
g. 70711 6.70711

val =
Diagonal Matrix

B.800600 B
B 4.00000

»» [vec, val]=eig(transpose(x)*x)
vec =
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val =
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How to find the principal components showing the largest variance?
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[ Actually, there is a more convenient way of doing it.
 Itis called “Singular Value Decomposition” or SVD.

Eigen Value decomposition

XTX =VAV|
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i -1
-1 1
i1 1
2 2

== cov(x)

ans =
2.4000
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1.6000
2.4000

== [vec,

vVec =

val] = eig{cov(x))

-8.76711 B.70711
B.70711 B.70711

val =

Diagonal Matrix
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B 4.0e0080

»» [vec, val]=eig(transpose(x)*x)

vec =
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val =
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8
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Singular Value Decomposition (SVD)

X=UzV'




How to find the principal components showing the largest variance?

[ Actually, there is a more convenient way of doing it.
 Itis called “Singular Value Decomposition” or SVD.

Eigen Value decomposition Singular Value Decomposition (SVD)

XX = VAV X=UsV
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How to find the principal components showing the largest variance?

[ Actually, there is a more convenient way of doing it.
 Itis called “Singular Value Decomposition” or SVD.

Eigen Value decomposition Singular Value Decomposition (SVD)
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How to find the principal components showing the largest variance?

[ Actually, there is a more convenient way of doing it.
 Itis called “Singular Value Decomposition” or SVD.

Eigen decomposition Singular Value Decomposition (SVD)

XX = VAV X=UsV

-8.76711 B.70711

:pzx :ZE[:ec, val] = eig(cowv(x)) XTX — (UZVT )T (UZVT)
; 0.70711 ©.70711
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Diagonal Matrix
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»» [vec, val]=eig(transpose(x)*x)
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Eigen value Singular value
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How to find the principal components showing the largest variance?
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Eigen decomposition

XTX =VAV|

=l o

¥ =
-2 -2
-1 -1
i -1
-1 1
i1 1
2 2

== cov(x)

ans =
2.4000
1.6008

1.6000
2.4000

== [vec, wval] = eig{cov(x))
vec =

-8.76711 B.70711
B.70711 B.70711

val =
Diagonal Matrix
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=> [vec, val]=eig(transpose(x)*x)
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[ Actually, there is a more convenient way of doing it.
 Itis called “Singular Value Decomposition” or SVD.

A=Y°

Singular Value Decomposition (SVD)

X=UzV'
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Now we know how to find the principal components

{0.70711}
Vv, =
v, 6 0.70711
7,
L -
—2 -2
-1 -1
X=|1 -1
-1
1

2 dimension data points can be represented
into one dimension space (v,)
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Dimension reduction

A

_ 0.70711 _[—0.70711}
Vi= V2= 070711
v, 0.70711
6
4 Xg
J; ' _{0.70711}
L % - 7| 0.70712
>
X1
2 -2
1 -1 _ _
X=1]1 -1 —23J2 0
1 1 -2 0
0 0
0 0
) ” V2 0
22 0

2 dimension data points can be represented
into one dimension space (v,)
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Dimension reduction

070711 éSt Principal
V, = omponent
0.70711

: % /./ J  —) >

X5 X3
>
X X rot=X-V
r
-1 -1 —
X=|1 -1 I pd ° j
L —> A o1/
1 1 /
- L./
“., n - ! _ -1
2 dimension data points can be represented Set the “v,” into zero X = X_rOt_ZerO -V
nto one dimension space () X_rot_zero=X_rot-V™ = X_rot_zero- V'
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>> [U,S,V]=svd(x)
U=
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>> [U,S,V]=svd(x)

U=

-0.63246
-0.31623
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-0.00000
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0.63246

S =
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o e

X =X rot zero-V*'=X rot zero-V'

X_rot_zero
—242 0
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How to use PCA for machine learning?

8 m=64
el 1 EEEEEEEEEEEETTE EEE s i AN AN AR NN AR I S I pea A
F .l
8 =EE ",HH 2 HNENEEEEN EEET S0 JH GEEETYE BT ANE EF AR TEE EECTUARE EEE o an RN
il =
[ lt? | |
LT ]

N EEEEEEEEEE™ - 4EE EEE T _ a8 EEET 0 0 B . dEE Ek - _Juan BEEEETTYE EEkxannn

y Vi vy
2 8 —
Ay, A, g
v, : : : .
g ><rot =XV
dy Q. - Ay

A digit number with 64 dimension can be shown in 2 dimension space (v, and v,).
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Demo

J Each digit number has 8 by 8 = 64 dimensions.
J After SVD, the first two principal components are selected, and the data
points with 64 dimension are plotted in two dimension.

2"d Principal

Component

»

30 -

201

~ B & B

.
>

15t Principal
Component

34



Support Vector Machine (SVM)



Which one is better for classification?




Terminology used in this lecture

Support

Decision
boundary
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Margin distance

W, X, + Wy X, + W, = Y(X)

X

W
X° =X+ r||—
| w |
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Margin distance

Size of the vector B
(xP->x°) X W, X, Wi X + W, = Y(X)
2

W Unit vector showing
XC = Xb_|_ ” r ” __ thedirection only

fw ]
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Margin distance

Size of the vector

(xP->xc) X
2

W Unit vector showing
C b irecti
X' =X"+ || r || the direction only

fw ]

d Let’s multiply w' and add w, in both sides.

W, X, + W, X, + W, = Y(X)

WX +w, = y(x°)

w'x” +w, =0

W
WX +W, =W X® +w, +w' || r||m
W
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Margin distance

Size of the vector _
b_oc W, X, + W, X, + W, = Y(X)
(x°->x°) X
2

W Unit vector showing
C b irecti
X' =X"+ || r || the direction only

fw ]

d Let’s multiply w' and add w, in both sides.

WX +w, = y(x°)

w'x” +w, =0

W
WX +W, =W X° +W, +W' || r]—
| wi]

W

M| —-

y(x%)=w'||
| w |
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Margin distance

Size of the vector _
(xP->x) X W, X, Wi X + W, = Y(X)
2

W Unit vector showing
C b irecti
X' =X"+ || r || the direction only

fw ]

d Let’s multiply w' and add w, in both sides.

WX +w, = y(x°)

w'x” +w, =0

W
WX +W, =W X° +W, +W' || r]—
| wi]
W
yx)=w' || r|l——:
[w X,
=25
[
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Margin distance

Size of the vector _
(xP->x) X W, X, Wi X + W, = Y(X)
2

W Unit vector showing
C b irecti
X' =X"+ || r || the direction only

fw ]

d Let’s multiply w' and add w, in both sides.

WX +w, = y(x°)

w'x” +w, =0

W
0 0
| w |
W
y(xX)=w'"|r||—
| w | .

e YD)

” W ” Let’s say
ire-t o IYEIEL

| w |
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Problem formulation

d Finding a decision boundary which maximizes X2
the margin.

1
max || r ||=m
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Problem formulation

d Finding a decision boundary which maximizes X2
the margin.
1
max||rl|=——
[w
S.t.

tn y(Xn) > O mmm) Every data points are

classified correctly.

t.=-1 vy(x,)<0

n

{tn =+l y(x;)>0 W, X, +W,X, +W, =0
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Problem formulation

1 Let’s make it a quadratic programming problem. X2

fw
st. ty(x,)>0, ¥n

d Finally

--------------------------------------------------------------
*

W, X, + W, X +W, =0

* *
--------------------------------------------------------------
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How about non-linearly separable case?




How about non-linearly separable case?

- Approaches

Option 1 Soft margin SVM
Option 2 Kernel trick

e o o A A .
0
1
o
© )
©
X
0
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Soft margin SVM



Option 1: soft margin SVM

(d Remember the constraint below?
t (W'X +W,)>1, WVvn

—®
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Option 1: soft margin SVM

(d Remember the constraint below?
t (W'X +W,)>1, WVvn

1 For the data points which are non-separable, we relax
the constraint:

—®
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Option 1: soft margin SVM
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—®

Remember the constraint below?
t (W'X +W,)>1, WVvn

For the data points which are non-separable, we relax
the constraint:

vn ¢&.>0

n

It says that the distance between a data point and the
decision boundary is allowed to be less than 1.



Option 1: soft margin SVM
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—®

Remember the constraint below?
t (W'X +W,)>1, WVvn

For the data points which are non-separable, we relax
the constraint:

t,(W'x, +w,)>1=¢} Vn g, 20

It says that the distance between a data point and the
decision boundary is allowed to be less than 1.

&, is called slack variables.



Option 1: soft margin SVM
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—®

(d Remember the constraint below?
t (W'X +W,)>1, WVvn

1 For the data points which are non-separable, we relax
the constraint:

vn ¢&.>0

n

It says that the distance between a data point and the
decision boundary is allowed to be less than 1.

d &, is called slack variables.

 Question. Where is a data point when ¢, =1 ?



Option 1: soft margin SVM

(J So we have the constraint below. How about the
objective function?

t,(W'x, +w,)>1=¢% vn g 20

...... n3 n
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Option 1: soft margin SVM

(J So we have the constraint below. How about the
objective function?

t,(W'x, +w,)>1=¢% vn g 20

n

min %H wl*+C) &,
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Option 1: soft margin SVM

(J So we have the constraint below. How about the
objective function?

t,(W'x, +w,)>1=¢% vn g 20

...... n3 n

J We want to minimize the slack.

min %H wl*+C) &,

Q If “C” is small, the dominant factor is ||w]|* /2
1) Prefer large margin
2) May cause large # of misclassified data points.

“C” is small “C” is large




Option 1: soft margin SVM

A A (J So we have the constraint below. How about the
A objective function?
A t,(W'x, +w,)>1=¢% vn g 20
A
J We want to minimize the slack.
wix+w, =1 1
WX +w, =0 min—||w||2+CZ &,
Tty 2 n
W X+w, =-1

d If “C” is small, the slack contributes more
1) Prefer large margin
2) May cause large # of misclassified data points.

“C” is small “C” is large

d If “C” is large, the slack contributes less

1) Prefer less # of misclassified data points.
2) May cause small margin.




Option 1: soft margin SVM

d The formulation finally becomes

-------------------------------------------------------------
* *

1 5
min —||w |- +C &
2|| I*+C>_ ¢,

S.t.

t (W'x +w,)>=1-¢,,Vn
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Kernel trick



Kernel trick

------------------------------------------------------------------------------------------------------------------------------------------------------------------------

: : _ 1NN N
: min lWTW mﬂln L(ﬂ‘) — _ZZ ntm;tnﬂ’mxl-xm_zﬁ’n
2 » 2 n=1 m=1 N=
sttt (WX +w)>1 ' st. 420, t'a=0

Primal problem Dual problem

= They are the same problem.

= \: Lagrange multipliers which corresponding

to data points.

t: label (-1 or 1)

" |t looks complicated why we border to use
dual problem???
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Kernel trick

-------------------------------------------------------------------------------------------------------------------

N
min (1) = —ZZtntm/In/lmxnx > 4
n=1 m=1 n=1

--------------------------------------------------------------------------------------------------------------------

O If data x,, are not linearly separable, what should we do?

X5

T A
(0/1) (1,1)

A ® 371
(0,0) (1,0)

Space X
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Kernel trick

-------------------------------------------------------------------------------------------------------------------

N
min (1) = ZZtnthn/lmx Xn— D A
n=1 m=1 n=
st. 420, t'a=0
O If data x,, are not linearly separable, what should we do?
)
X3
x; T
(0,0,1)
T A P(x) =| XX, | A
(0,1) (1,1) x;" (1,1,1)
® - 4
A — #(x) ///4;m (100
X, z
(0,0) (1,0) X7 ’
Space X Space Z
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Kernel trick

L The idea of Kernel trick begins from here: to find the scalar values (the inner product of two vectors:
z, and z_ ) and so we can formulate the quadratic problem which can be linearly separable.

Zy
Xs
{ﬂTﬂ,ll
oo 4
(0,1) (1,1) (1,1,1)
® - 2
(0,0,0) (1,0,0)
A ® e - /
(0,0) o) 3
Space X Space Z
e INNN .................. 5 o 1 e
min 1(A)= Z¥ >t AAX X 2 A oomin L= DX Az DA
n=1 m=1 n=1 n=1 m=1 n=1
st. 120, "1=0 st. A20, i1=0

............................................................................................................................................................................................................................
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Kernel trick

L Kernel function K() is a function which returns the scalar values (the inner product of two vectors:
z, and z, in Z space) when the data points (x,, and x, in X space) are given.

K(Xn: Xn) = 4(%;)8(X,) = 2,2,

Zy
X5
A o
(0,1) (1,1) T T | ;1 1)
Zn — ¢(Xn ) - > Z)
(0,0,0) (1,0,0)
o ; , = X /
(0,0) (1,0) X m ¢( m ) z,
Space X Space Z
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Finally

L With the Kernel function defined previously, we want to change the quadratic problem as follows:
- Because the Kernel function is a function of data points (x, and x,, ) which we already have.

............................................................................................................................................................................................................................

. 1 L& N : : . N N N ;
min L) = EZZtnrmﬁnﬂmzﬁ zZ —Zﬂn » . min L(A) =%ZZtntm;tn/1mK(x§xm) —Z/IH
n-1 m-1 n=1 n=1 m-1 n=1

st. 420, +1=0 ; : st. 220, Fi1=0

Z space problem X space problem

Z space problem can be formulated with data in X space
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Polynomial kernel of degree 2

y
A

(Y Y>)
X
O
(X, X,)

Space X

K(x,y) = (xy)
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Polynomial kernel of degree 2

y
A

(Y Y>)
X
O
(X, X,)

Space X

K(X,y) = (xy)*
= (%, %) (Vi, V)
— (X1y1 + XY, )2

2.,2 2.,2
=X Y1 +2X%X, 1Y, + X5 Y5
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Polynomial kernel of degree 2

y [ é(y)
A #(X) A
) (Y1, ¥,) ® (Y2 N2Y,Y,,¥7)
(X‘X \ (X12’\/§X1X2’ Xzz)
11 ™2
Space X >pace Z

K(x,y)=(xy)’
= (%, %;) - (Y1, ¥2) )
= (XY, +%,Y, )
=X Y1 +2X%,Y,Y, + %Y,
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Polynomial kernel of degree 2

y \
A #(X) ¢(Ay )
e¥2) @ (Y7 V2Y,Y,, ¥3)
O (% V2%, X])
(X, X,)
Space X Space Z
K (X, y) = (xy)’ POOP(Y) = (X 2%%,, ) - (V7 .V 2Y,Y5, V7)
= ((X1’ X,) - (Yy, Y2))2
= (lel XY, )2

2.,2 2.,2
=X Y1 +2X%X, 1Y, + X5 Y5

70



Polynomial kernel of degree 2

y [ é(y)
A #(X) A
) (Yi: Y2) ® (Y2 N2Y,Ys5, ¥2)
O (X12’\/§X1X2’X22)
(X, %,)
Space X Space Z
K (X, y) = (xy)? BOVP(Y) = (V2% %,,05) - (Y2, 2Y1Y5, 7)
2
=((X1,Xz)'(Y1’ZYz)) =X Y{ +2X X, Y, Y, + X5 Y5
— (X1Y1 + X, yz)

Mapping to 3-dimension
2.,2 2.,2
=X Y1 T 2X XYY, XY,
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Gaussian Kernel: derivation (inner product in the infinite z space)

K (X,,X,) =expl—a || x, =, )
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Gaussian Kernel: derivation (inner product in the infinite z space)

K (X,,X,) =expl—a || x, =, )

= exp(— ax’ )exp(— ax?, )exp(Zaxnxm )
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Gaussian Kernel: derivation (inner product in the infinite z space)

Taylor series expansion of

K (Xn y Xm) — exp(_ a || Xn T Xm ||2) an exponential function

O X

X x? X

= exp(- ax? Jexp(- ax? Jexp(2ax, X, ) ‘) e

= exp(- ax? Jexp(- ax? )i (2a) (Xlzl)k (Xm)"
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Gaussian Kernel: derivation (inner product in the infinite z space)

K (%, %) = expl=ez | X, =, I ) Tt s oo
exp(x)—%(: % % X?:’
_eXp( )EXp( )6Xp(2a)( X ) ’)
= expl-ax? Jexpl(- ax} )g (2a) (Xlz!)k (Xp)"
) Z.01‘\/(20”( eXp(- O‘Xﬁ)(xn)k\/(za)k eXIO(- aszn)(xm)k
k=0 k' k|
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Gaussian Kernel: derivation (inner product in the infinite z space)

K (%, %) = expl=ez | X, =, I ) Tt s oo
exp(x)—%(: % % X?:’
_eXp( )EXp( )6Xp(2a)( X ) ’)
= expl-ax? Jexpl(- ax} )g (2a) (Xlz!)k (Xp)"
) Z.01‘\/(20[)k eXp(- axﬁ)(xn)k\/(za)k exp(— OCXan)(Xm)k
k=0 k' k|
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Gaussian Kernel: derivation (inner product in the infinite z space)

K (%, %) =expl-ar [ X, =%, ) or s e
exp(x)—%(: bt % X?:’
_eXp( )EXp( )6Xp(2a)( X ) ’)
— exp(— axﬁ )eXp(- lean )g (Za)k (Xlz!)k (Xm)k
:i\/ eXp( oX )(X ) \/(2 EXp( oX )(X )
k=0 !

Mapping to infinite-dimension !
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Gaussian Kernel

04r

0er

I
=

a

-0.2

-0.4 1

-0E6

a=100 |

-04r

-06
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Hand-on Experience



Colab: Google Colaboratory

J A web base free google cloud service
= Jupyter Notebook with Google Drive

1 You can even use GPU for free!
" Good but it provides the best effort service
- You must save your things in your google drive or somewhere
else.

J Resource check
= Icat /proc/meminfo
= Icat /proc/cpuinfo
= |df -h
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Colab: Principal Component Analysis (PCA)

@ rele Colaboramry-Cnlabnr

< C (Y} @ hitpsy//colabresearch.google.com/notebaoks/welcome.ipynb#recent=true ¥

1) Go to the Colab

= https://colab.research.google.ccom [ .. ... ccnnnmmmme GITHUB [ inctuce prvaterepos
Q

-
-
-
-

https://github.com/suyongeum/PMLWS2018_WS2.git

-
-
-
-
-
-
-
-
-
-

2) Select “GITHUB” and copy the link below into™" .
= https://github.com/suyongeum/PMLWS2018 WS2.git -~

Repository: [ Branch: [4
suyongeum/PMLWS2018_WS2 T master v

Path

Q OCT 23 2018 _Feature_extraction.ipynb

» () ocr23z018pcaipynb

3) Selectthe notebookinthelist oo
= OCT_23 2018 PCA.ipynb -----=""""7~

) ocT_2a 2018 svMipyrb

7] @ OCT_23_2018_PCA.ipynb - Colat

4) Go to “Runtime” — “Change runtime type’
=  Python3
= GPU

-
- -
-
-
-
-

< C d & httpsy/colab.research.google.com/github/suyongeum/PMLWS... ¥ = i) o i EBOOK CANCEL

=~ ©)9eT23 -2018_PCA.ipynb B > SHARE o

File Edit View Insert Runtime Tools Help

CODE TEXT + | Run all Ctrl+F9 +/ CONNECTED ~ # EDITING ~
HEPresenauon or MMNIS |1 aal Run before Cul+F8 .
Run the focused cell Cirl+Enter .
. . . [1] from sklearn.datase data using the function; "load _digi-
5 S t t d from sklearn.decomg Run selection Ctri+Shift+Enter | module - actually we doj not need tl
ave I In 0 you r g rlve import numpy as np function provided by numpy module

import matplotlib.g Run after Ctri+F10 1library te plot a graph !
) " |

u ”File” - Hsave a Copy in Drive ..-' Interrupt execution Ctrl+M |

° digits = load_digit . IST data: each digit has 8 by 8 dim 3
data, label = digit Restart runtime... Cir+M . he data into two parts: data - its .
print(data.shape) Restart and run all...

print(data[@], labe . and its label

print(data(1796], ]  Resetall runtimes and its label

shape of data

Change runtime type

e (1797, 64)

[e. e 5.13. 15. 5. @. @. 3.
15. 2. ©. 11. Manage sessions 8. ©. 5. 8. o.
8. 9. 8. 8. wvr=wrrzeoer e aesreeeoe 2. 140 5. 18, 12,
8. 8. 8. 8. 6.13.18. 0. 0. @.] @

[e. e 1. 14. 3. 1. @. @. @&. 2. 16. 14. 6. 1. @. 8. @. @.
15. 15. 8. 15. 8. 8. 8. @. 5. 16. 16. 18. ©. @. @. @. 12. 15
15. 12. ©. @. 8. 4. 16. 6. 4. 16. 6. ©. ©. & 16. 18. 3. 16.

8. 8. 1. 8. 12. 14. 12. 1. @.] 8
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https://colab.research.google.com/
https://github.com/suyongeum/PMLWS2018_WS2.git

Data loading: MNIST

(J MNIST data set
- http://yann.lecun.com/exdb/mnist/

- Training data
- One single file (45M) which includes 60,000 hand digit images for training,
- One single file (59K) which includes corresponding labels.

- Testing data
- One single file (7.5M) which includes 10,000 hand digit images for testing,

- One single file (9.8K) which includes corresponding labels.

d D (dxd) dimension
1 ). /iEEEEEEE IS EEEEEEEEIEEEEEEE I EEEEEEEIEEEEEE -0
H ~ | A N N A A A | _,4
d:ﬁ/z/ ﬁl][llllllll][llllllllllllllllllll]illl][ll][llll ]
H / .
H ; u
/ L
— =z -
H] : :
] —
H o ]
o] ]
. o] N
= e
- —
b -
IIIII :
Nt data
One single data file label file
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https://tiny-imagenet.herokuapp.com/

Making your gdrive as a working directory

1 Defining a root directory where you mount your gdrive

from google.colab import drive
drive.mount(‘/gdrive/’)

= /gdrive/My Drive/Colab Notebooks/

 Running time measurement

import datetime
before = datetime.datetime.now().timestamp()

after = datetime.datetime.now().timestamp()
print( “Time taken:”, after — before)
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Colab: Support Vector Machine (SVM)

0 Fello. Colaborstory - Cnlabnr

< C (Y} @ hitpsy//colabresearch.google.com/notebaoks/welcome.ipynb#recent=true ¥

1) Go to the Colab

= https://colab.research.google.ccom [ .. ... ccnnnmmmme GITHUB [ inctuce prvaterepos
Q

-
-
-
-

https://github.com/suyongeum/PMLWS2018_WS2.git

-
-
-
-
-
-
-
-
-
-

2) Select “GITHUB” and copy the link below into™" .
= https://github.com/suyongeum/PMLWS2018 WS2.git -~

Repository: [ Branch: [4
suyongeum/PMLWS2018_WS2 T master v

Path

Q OCT 23 2018 _Feature_extraction.ipynb

o 0OCT_23_2018_PCA.ipynb

3) Select the notebook in the list
=  OCT_23 2018 SVM.ipynb------=-==--=========""==""77""" et

7] @ OCT_23_2018_PCA.ipynb - Colat

4) Go to “Runtime” — “Change runtime type’
=  Python3
= GPU

-
- -
-
-
-
-

< C d & httpsy/colab.research.google.com/github/suyongeum/PMLWS... ¥ = i) o i EBOOK CANCEL

=~ ©)9eT23 -2018_PCA.ipynb B > SHARE °

File Edit View Insert Runtime Tools Help

CODE TEXT + | Run all Ctrl+F9 +/ CONNECTED ~ # EDITING ~
HEPresenauon or MMNIS |1 aal Run before Cul+F8 .
Run the focused cell Cirl+Enter .
. . . [1] from sklearn.datase data using the function; "load _digi-
5 S t t d from sklearn.decomg Run selection Ctri+Shift+Enter | module - actually we doj not need tl
ave I In 0 you r g rlve import numpy as np function provided by numpy module
import matplotlib.g Run after Ctri+F10 1library te plot a graph !

o" 'I ” IIS H D H ” |

u FI e - ave a Copy In rlve e Interrupt execution Ctrl+M | .

° digits = load_digit . IST data: each digit has 8 by 8 dim 3
data, label = digit Restart runtime... Cir+M . he data into two parts: data - its .
print(data.shape) Restart and run all...

print(data[@], labe . and its label

print(data(1796], ]  Resetall runtimes and its label

shape of data

Change runtime type

e (1797, 64)

[e. e 5.13. 15. 5. @. @. 3.
15. 2. ©. 11. Manage sessions 8. ©. 5. 8. o.
8. 9. 8. 8. wvr=wrrzeoer e aesreeeoe 2. 140 5. 18, 12,
8. 8. 8. 8. 6.13.18. 0. 0. @.] @

[e. e 1. 14. 3. 1. @. @. @&. 2. 16. 14. 6. 1. @. 8. @. @.
15. 15. 8. 15. 8. 8. 8. @. 5. 16. 16. 18. ©. @. @. @. 12. 15
15. 12. ©. @. 8. 4. 16. 6. 4. 16. 6. ©. ©. & 16. 18. 3. 16.

8. 8. 1. 8. 12. 14. 12. 1. @.] 8
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https://colab.research.google.com/
https://github.com/suyongeum/PMLWS2018_WS2.git

Colab: Feature extraction

85

1)

2)

3)

4)

5)

0 Fello. Colaborstory - Cnlabnr

< C (Y} @ hitpsy//colabresearch.google.com/notebaoks/welcome.ipynb#recent=true ¥

Go to the Colab

= https://colab.research.google.ccom [ .. ... ccnnnmmmme GITHUB [ inctuce prvaterepos
Q

-
-
-
-

https://github.com/suyongeum/PMLWS2018_WS2.git

-
-
-
-
-
-
-
-
-
-

Select “GITHUB” and copy the link below into™" .
= https://github.com/suyongeum/PMLWS2018 WS2.git -~

Repository: [ Branch: [4
suyongeum/PMLWS2018_WS2 T master v

Path

Q OCT 23 2018 _Feature_extraction.ipynb

o 0OCT_23_2018_PCA.ipynb

Select the notebook in the list
=  OCT_23 2018 Feature_extraction.ipynb ---------==""777"" >Q onzsamesaaon

@ OCT_23_2018_PCA.ipynb - Colat

Go to “Runtime” — “Change runtime type”
=  Python3
= GPU

-
- -
-
-
-
-

< C d & httpsy/colab.research.google.com/github/suyongeum/PMLWS... ¥ = i) o i EBOOK CANCEL

=~ ©)9eT23 -2018_PCA.ipynb B > SHARE °

File Edit View Insert Runtime Tools Help

CODE TEXT + | Run all Ctrl+F9 +/ CONNECTED ~ # EDITING -~

HEPresenauon or MMNIS |1 aal Run before Cul+F8 .
Run the focused cell Cirl+Enter .
. . . [1] from sklearn.datase data using the function; "load _digi-
S t t d from sklearn.decomy Run selection Ctri+Shift+Enter | module - actually we doj not need tl
ave I In 0 you r g rlve import numpy as np function provided by numpy module
import matplotlib.p Run after Ctri+F10 1library te plot a graph !
T=H P H H ” - :
. File” - “S D :
I e ave a CO py In rlve e Interrupt execution Ctrl+M | .
© digits - losd digit ) IST data: each digit has 8 by 8 dim 3
data, label = digit Restart runtime... Cir+M . he data into two parts: data - its .
print(data.shape) Restart and run all... shape of data
print(data[@], labe R i . and its label
print(data[1796], 1 eset all runtimes and its label
Ch: i
e (1797, &4 ange runtime type
[ e. ©. 5. 13. 15. 5. @. @. 3.
15. 2. e. 11. Manage sessions 8. ©. 5. 8. 8.
8. 9. 8. 8. wr=rrreour T Tesreoe—wos 2. 14, 6010, 12,
8. ®. 8. 8. 6. 13. 18. 8. 8. @8.] @
[@. ©.18. 14. 8. 1. e. @. ©. 2.16. 14. 6. 1. 8. @. 8. 9.
15. 15. 8. 15. @. @. e. @. 5. 16. 16. 18. 8. @. &. a. 12. 15
15. 12. ©. ©. @. 4. 16. 6. 4. 16. 6. 8. 8. 8. 16. 1. 8. 16.
8. ©. 8. 1. 8. 12. 14. 12. 1. @.] 8



https://colab.research.google.com/
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Backup Slides



FmaIIy finally...

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

min /(1) _—ZZt t A2 K(x'x ) —len

nlml

--------------------------------------------------------------------------------------------------------------

w= > Atz w=t,— > Atz,z, =t,— > AtK(X,,X,)

z,eSV z,eSV 2,eSV

sign(w'z +w,)

sign| > At.z,z+t, — > At K(X,,X,)

z,€SV d  Now you have a function, which classifies
a data point in z space without mapping
the data point to z space at all.

Sign Z ﬂ’ntn K (Xn , X) + tn — Z ﬂntn K (Xn , Xn) L Do you see why it is called a trick?

87



	Slide Number 1
	Slide Number 2
	Slide Number 3
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Slide Number 18
	Slide Number 19
	Slide Number 20
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29
	Slide Number 30
	Slide Number 31
	Slide Number 32
	Slide Number 33
	Slide Number 34
	Slide Number 35
	Slide Number 36
	Slide Number 37
	Slide Number 38
	Slide Number 39
	Slide Number 40
	Slide Number 41
	Slide Number 42
	Slide Number 43
	Slide Number 44
	Slide Number 45
	Slide Number 46
	Slide Number 47
	Slide Number 48
	Slide Number 49
	Slide Number 50
	Slide Number 51
	Slide Number 52
	Slide Number 53
	Slide Number 54
	Slide Number 55
	Slide Number 56
	Slide Number 57
	Slide Number 58
	Slide Number 59
	Slide Number 60
	Slide Number 61
	Slide Number 62
	Slide Number 63
	Slide Number 64
	Slide Number 65
	Slide Number 66
	Slide Number 67
	Slide Number 68
	Slide Number 69
	Slide Number 70
	Slide Number 71
	Slide Number 72
	Slide Number 73
	Slide Number 74
	Slide Number 75
	Slide Number 76
	Slide Number 77
	Slide Number 78
	Slide Number 79
	Slide Number 80
	Slide Number 81
	Slide Number 82
	Slide Number 83
	Slide Number 84
	Slide Number 85
	Slide Number 86
	Slide Number 87

