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« Machine Learning and Deep Learning
» Deep Learning for signal processing and time series analysis

« Machine Learning for diagnosing liver cancer and hepatitis with health insurance data
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% Introduction to boosting
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Adaboost

% Adaboost (adaptive boosting)
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Adaboost

% Adaboost 7|2 X

«  Weak learner: 5tLt2| node?t F 7H9| leafZ T El stump

« Random forest2| tree@} E2| StLEL| stumpe SHLELS| BHE=0F ALE

A tree in Random Forest Stump

Weight Love Love
88 Yes

Male 27 Male 27 88 Yes
Male 44 68 No Male 44 68 No
Male 58 76 No Male 58 76 No
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Adaboost

% Adaboost 7|2 X

+ StumpZt 2 £&//0F0HX Xt 5X£ 0|8 d-&8E stumpdAf 37 24t

« =AHCE f5E stumpZt 2EFHE 27 A 0= 200 0K & &2 25 OHS

=l

Stump 1 Stump 2 Stump 3
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Adaboost

% Adaboost 7|2 X

+ StumpZt 2 £&//0F0HX Xt 5X£ 0|8 d-&8E stumpdAf 37 24t

« =AHCE f5E stumpZt 2EFHE 27 A 0= 200 0K & &2 25 OHS

Stump 1
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Adaboost

% Selecting stump

« 7| weight= 2= 25X €0t 4 &

« Sample Weight= stump 7+=50f| AFE & 2 25X kS 9|0

Weight Love Sample
(kg) Candy Weight

Male

Male 44 68 No 1/5

Male 58 76 No 1/5
Female 15 35 Yes 1/5
Female 25 54 No 1/5
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Adaboost

% Selecting stump

7| weight=

EI: —||_X

Sample Weight=

= SSX0f st 4

—

stump 50| AHE &

Love Sample
Candy | Weight

s
HA
&

Gender=F

Correct Incorrect

Correct Incorrect

Male 27 88 Yes 1/5
Male 44 68 No 1/5
Male 58 76 No 1/5
Female 15 35 Yes 1/5
Female 25 54 No 1/5
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Adaboost

% Selecting stump

«  Z7| weighte Z& 2EX|0| 323t 24t &0
» Sample Weight= stump 750 AFEE 2F 25X|9| A2

Gender=F

m Correct Incorrect [l Correct Incorrect
Candy | Weight

Male 27 88 Yes 1/5

Male 44 68 No 1/5

Male >8 76 No 175 Correct _Incorrect Correct Incorrect

Female 15 35 Yes 1/5

Female 25 54 No 1/5
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Adaboost

% Selecting stump

«  Z7] weighte 2= 25X[0f 3Lt ¢t £
» Sample Weight= stump 750 AFEE 2F 25X|9| A2
Gender=F
Weight Love Sample Correct Incorrect Correct Incorrect
(kg) Candy | Weight
Male 27 88 Yes 1/5
Male 44 68 No 1/5
Male >8 76 No 1/5 Correct Incorrect Correct Incorrect
Female 15 35 Yes 1/5
Female 25 54 No 1/5 Weight<70

Correct Incorrect Correct Incorrect
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Adaboost

% Selecting stump

«  Gini IndexZt 7} &2 stumpE ST EHA2| weak learner® ALE

Gender=F
7/15 Gini Index
EE——
Correct Incorrect Correct Incorrect
4/15 Gini Index
Correct Incorrect Correct Incorrect
Weight<70
7/15 Gini Index
(e

Correct Incorrect Correct Incorrect
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Adaboost

% Selecting stump

«  Gini Index?t 7} &2 stumpE Y THAI2| weak learnerE AHE

7/15

4/15

7/15

Gini Index

Gini Index

EEE——

Gini Index

Yes Love Candy

1 1

Correct Incorrect

Yes Love Candy

1 2

No Love Candy

2 1

Correct Incorrect

No Love Candy

1 1
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Adaboost

% How much say this stump

. XZEEHo
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ZAtof| chet shY stumpll E2FE
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1-Total Error)

1
¢ Amount of say = Elog( Total Error

Weight Love Sample
() Candy | Weight
88 Yes 1/5

Male 27

Male 44 68 No 1/5

Male 58 76 No 1/5

Female 15 35 Yes 1/5
P e e e e e e e e e e e = e = = = e 1 Correct Incorrect
| Female 25 54 No 175

Correct Incorrect
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Adaboost

% Update sample weight

o Stumpl| EF Z1tE BHFSI0 sample weight YO0 E
«  Sample weightE ®H0|ESIY 0|2 WEE[= stumpZt LEFE 2EX|0 SSHA &
\
\ e O
® \
® ®\ ® o ®
® ® ° ®
o o ©
\
L. egma max

s ZX]

Weight update =X Sample weight Zf2~ Sample weight 57t

New sample weight | Sample Weight x e~Amountof say

Sample Weight x eAmountof say

‘,,,,-..
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Adaboost

% Update sample weight

« Stumpl| 2&F ZtE BHFSI sample weight Y HIO|E
=

«  Sample weightE 4|0

New sample weight | Sample Weight x eAmountof say Sample Weight x e 4mountof say

oo v L
(X)) Candy Weight
Male 27 88 Yes
Male 44 68 No
Male 58 76 No

Female 15 35 Yes
Female 25 54 No
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Adaboost

% Update sample weight

« Stumpl| 27 Z1tE

- Sample weightE 00|

5l0f sample weight 2|0 E
MMEE|E stumpZt 2

otol 0=

New sample weight

Sample Weight x eAmount of say

Sample Weight x e 4mountof say

Weight Love
(kg) Candy

Male

Male
Male
Female

Female

44

58

15

68

76

35

54

No

No

Yes

No

Sample
Weight

0.4

1
= xe% =04
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Adaboost

% Update sample weight

. Stumpo| £2 A1

- Sample weightE 00|

New sample weight

Sample Weight x eAmount of say

Sample Weight x e 4mountof say

Male

Male

Male
Female

Female

27
44
58
15

25

Weight Love
(kg) Candy
88 Yes

68
76
35

54

No

No

Yes

No

Sample
Weight

0.1
0.1
0.1
0.1

0.4

1
— X —0.69 _ 0.1
5 e
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Adaboost

% Update sample weight

- QYOHO|E = Sample weightE AFESHY CHE THA Q| stumpE T&5H7| I3t dataset 44 -d
« MAME dataset2 MZ2 HHE stumpZt A stumpUlM LEZE 2EX[0f| S HESHA &

Weight Love Sample Weight Love Sample
(kg) Candy Welght (kg) Candy Welght

Male Female
Male 44 68 No 0.1 Female 25 54 No 04
Male 58 76 No 0.1 Male 58 76 No 0.1
Female 15 35 Yes 0.1 Male 27 88 Yes 0.1
Female 25 54 No 0.4 Female 25 54 No 0.4
7|F dataset MZ& dataset

s
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Adaboost

% Adaboost (adaptive boost)

o JHE BEX[2| weightlf stumpl| S&HZS =XEHo = A4t
- X[BZH2E amount of say2| &2 &3l classification

Weight Love Sample
(kg) Candy Weight

Male
Male 44 68 No
Male 58 76 No
Stump 1 Stump 2 Stump 3
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Gradient Boosting Machine

% GBM (Gradient Boosting Machine)

« Single leaf2 A|Z5H0], 0| Z+ THA O A O] tree9| errorE BtETH M2 2 tree 713

»  Tree= O|F CHAIOIM LSt residualE Ol 55t= HAILE shs

ot

Residual fitting

Ground truth

tree 3
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Gradient Boosting Machine

% GBM (Gradient Boosting Machine)

« Single leaf£ A[Z5}0], O] 4

Zt CHAOf| A O] treel| errorE Bt
« Treec O[T GHAIO A 2Tt

=
E
At residual& 0| 55t= WAL= o
T
(m) (kg)

Got MZ2 tree 75

[
=]

Male
1.7 Male 44 68
1.7 Male 58 76
1.5 Female 15 35

= S

"Ar S

Tree 1

Single Leaf Tree 2
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Gradient Boosting Machine

% First step: Single leaf

- R SEAO| A single leaf ‘47
+ Regression task@l 42 "W, Classification task®l 2<% log(odds) A&

« Single leaf 2t= AFESH HEHM THA Q| residual A4t

Height Weight

1.8 Male 27 88 Average Weight
1.7 Male 44 68
1.7 Male 58 76
1.5 Female 15 35
1.6 Female 25 54
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Gradient Boosting Machine

% Calculating Residual

- R SHAO| A single leaf ‘47
*  Regression task@ A< E#, Classification task®! A< log(odds) AHE

« Single leaf &{= AFESH0] M THAIQ| residual Al Lt

88
68

76

35

54

Residual = & A4} - 0| =4k
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Gradient Boosting Machine

% (alculating Residual

« AW A M single leaf

= AH A
= oo

*  Regression task@l A2 HEat, Classification task?l A2 log(odds)E AtE
« Single leaf 2t= AFESH HEHM THA Q| residual A4t

Height Weight
it o e [

Male
1.7 Male
1.7 Male
1.5 Female
1.6 Female

44
58
15
25

68
76
35
54

Average Weight
3.8

11.8 -

-29.2

-10.2

76 —64.2 = 11.8
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Gradient Boosting Machine

% Making Tree

=KX O 2 size7t DHEl tree MM

O EAOM T3t residuals AHESHA SHE HA 2| treeS tE

Height
(m)
1.8

Weight :
e || W
88 23.8

Male 27
1.7 Male 44 68 3.8
1.7 Male 58 76 11.8
1.5 Female 15 35 -29.2
Gender=F
1.6 Female 25 54 -10.2
m) B2 =) ([EOEE
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Gradient Boosting Machine

% Making Tree

=KX O 2 size7t DHEl tree MM

O EAOM T3t residuals AHESHA SHE HA 2| treeS tE

Height
(m)
1.8

Weight :
e || W
88 23.8

Male 27
1.7 Male 44 68 3.8
1.7 Male 58 76 11.8
1.5 Female 15 35 -29.2
Gender=F
1.6 Female 25 54 -10.2
m) B2 =) ([EOEE
2
KOREA Data Mining

UNIVERSITY

.‘\

Quality Analytics



Gradient Boosting Machine

% Making Tree

=KX O 2 size7t DHEl tree MM

O EAOM T3t residuals AHESHA SHE HA 2| treeS tE

Height
(m)
1.8

Weight :
e || W
88 23.8

Male 27
1.7 Male 44 68 3.8
1.7 Male 58 76 11.8
1.5 Female 15 35 -29.2
Gender=F
1.6 Female 25 54 -10.2
m) B2 =) ([EOEE
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Gradient Boosting Machine

% Making Tree

=KX O 2 size7t DHEl tree MM

O HtAIG|M T2t residualE AFESHY SHE THAQ| treeE St

Height
(m)
1.8

Weight :
e || W
88 23.8

Male 27
1.7 Male 44 68 3.8
1.7 Male 58 76 11.8
1.5 Female 15 35 -29.2
Gender=F
1.6 Female 25 54 -10.2
m) N ) e
» Predicted Weight = 64.2 + (—10.2) = 54
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Gradient Boosting Machine

% Making Tree

o TXHORE sizeZ} DHE tree MM

. O SHAHOIM T8 residual@ ALE SO BT EH7Q| treeS Bt

(m)
1.8 23.8

Male 27 88
1.7 Male 44 68 3.8
1.7 Male 58 76 11.8
1.5 Female 15 35 -29.2
1.6 Female 25 54 -10.2
» Predicted Weight = 64.2 + (—10.2) = 54 LS KT o I
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Gradient Boosting Machine

% Learning Rate

XE o= 2atof tieh siE ZREO| 7|0 =& scalingdto] ItNg U] K

Learning rate= 00| A 1AFO|2| g} X|H

Height
(m)
1.8

Weight :
e || W
88 23.8

b

Male 27
1.7 Male 44 68 3.8
1.7 Male 58 76 11.8
1.5 Female 15 85 -29.2
Gender=F
1.6 Female 25 54 -10.2
m) N ) e
» Predicted Weight = 64.2 + Learning Rate X (—10.2) = 54
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Gradient Boosting Machine

% Making Tree

o MEZ MME oE 7S AFE Tt residual AlAF U MZE tree 7+ HHE
« ResidualO| & O|& Fo|0|SHAH ZASHA| &= TH7HX| EHE A[H
mm |
Male
1.7 Male 44 68
17 Male 58 76
1.5 Female 15 35
1.6 Female 25 54
Single Leaf Tree 1 Tree 2
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Light Gradient Boosting Machine

% Light GBM (Light Gradient Boosting Machine)

Tree 1 Tree 2 Tree 3
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Light Gradient Boosting Machine

% Light GBM (Light Gradient Boosting Machine)

« Leaf-wise tree 22 A S A5 0|5 25 &4 XAt

> Leaf-wise tree £ YAl GradientZ} 7H& 2 nodeE &=X}d oz B3

Level-wise tree growth Leaf-wise tree growth
GBM Light GBM
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Light Gradient Boosting Machine

% Light GBM (Light Gradient Boosting Machine)

« Randomly drop2 E3l gradient?} 22 HZX| ZOAM = LEO ALE
> S &L gy A 22 AMEE tE 2at
Randomly drop &-&
Small Gradient Big
Sl En=pl BN SNy e =Nsl Eh=AlGl N =S
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Categorical Boosting

% (CatBoost (Categorical Boosting)

« Gradient descent Al O 2 SHESIH, BT W BT B2 datasetOf| A =2 H&
(@)

« Level-wise tree 2% HtAl: treeQ| Y E S X|St= HHAl

Tree 1 Tree 2
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Categorical Boosting

% CatBoost (Categorical Boosting)

. Y B N gy Ht% S SHEAIZH B
.o e H42 X2/5}7)

KOREA
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Categorical Boosting

% (CatBoost (Categorical Boosting)

MEstD leafE Tt 7
HF A

tree structureE 24 5}= ordered boosting 24

« Tree structureE

GBM CatBoost

o
ot

Data Mini
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