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Overview of the Decision Tree Model
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Overview of the Decision Tree Model
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Overview of the Decision Tree Model
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Overview of the Decision Tree Model

Data —> Algorithm —> Model(Output)
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Overview of the Decision Tree Model

Data

Input

Output

—>

Algorithm

Datas 27/ll or 21 O]

At
o

9|

Model(Output)



Overview of the Decision Tree Model

Data —> Algorithm —> Model(Output)
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Overview of the Decision Tree Model
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Overview of the Decision Tree Model

Data —> Algorithm —> Model(Output)
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Overview of the Decision Tree Model

Data —> Algorithm —> Model(Output)
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Overview of the Decision Tree Model

Data —> Algorithm —> Model(Output)
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Prediction Tree Model

— Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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m=1
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Regression Tree Model
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Regression Tree Model
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Regression Tree Model
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Regression Tree Modeling Process
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Regression Tree Modeling Process
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Regression Tree Modeling Process

. . o = gu () Xy =t
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Rl(j; S):{Xlxj SS} X; <t

X, <ty
. Y‘ \ N Y‘ \
R;(,s) ={x | x; > s}

R
argmin [min 2 (y; —c;)? + min 2 (i —¢2)° ]
J,s C1 . C2 :
XER1(j,S) X€ER2(J,S)
= argmin z i —¢1)* + z (i —€2)? ‘
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Regression Tree Modeling Process

- = ZHF(A ()2 OEA 2L

| Example
R1(j,s) = {x| x; < s}
| X X | Xs
Ry(j,s) = {x | x; > s} 2 5 1
S
3 6 7
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j,S C1 . C2 . @
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Regression Tree Modeling Process
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2. Decision Tree Model 1I



Classification Tree Model
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Classification Tree Model
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Classification Tree Model

Y= 3
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Classification Tree Model
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Misclassification rate: z I(y; # k(m)) = 1 = Pmom

N_
€ERm
Gini Index: z Pmk Pmkr = Z Pk (1 — DPmr)
k+kr
K
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Classification Tree Modeling Process
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Classification Tree Modeling Process

- () 2 ()2 OEA 2ZN
Ri(,s) = x| x =5}
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Classification Tree Modeling Process
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Classification Tree Modeling Process

« 2EFSS (misclassification rate)

- LEEQIQERSE

21/(63+21) = 21/84 = 0.25

- REESIEERE

37/(37+79) = 37/116 = 0.32

=

—

o

QLEFE = ((21/84) x (84/200)) + ((37/116) x (116/200)) = 0.29
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Example (Gini Index, Entropy)

Ol Al: A ==0of 71 d0] CtZat €& M, Gini2t entropy X|=& A4S 2f

Solalalals . Malia

Gini x| A4t Entropy X|$= A|4t
(@)= ) Pig)(1—PF(9) 0(9) == ) P9log P(9)
J j
6 1 1 6 6 6 1 1
=(3x3)+(x3) = —7log; — ;log7

= 0.2449 =0.1781
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Information Gain — Cross Entropy

® Entropy(S) = — Z pilogz p;
i=1
c is the number of class, p; is the proportion of S belong to class i

» For example suppose S 1'5 a collection of 14 examples [9+, 5-]
9 9 5 5
Entropy[9+, 5— Zpl log, p; = Elogz 12 —ﬁlogz T2 = 0.94

® [nformation gain(1G): the expected reduction in entropy caused by partitioning the data

according to this variable (58 H+E& Af%éﬂg Y entropy 242
« IG(S, A): Information gain of a variable A. (H = AE MENZ W entropy BLZH

S
1G(S A) = Entropy(S) - z % Entropy(S,)

vevalue(A)
* value(A): the set of all possible values for a variable A

 S,:thesubset of S for which variable A has value v
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Example (Information Gain)

Outlook | Temperature  Humidity

| Play?

Wind

sunny hot high false No
sunny hot high true No
overcast hot high false Yes
rain mild high false Yes
rain cool normal false Yes
rain cool normal true No
overcast cool normal true Yes
sunny mild high false No
sunny cool normal false Yes
rain mild normal false Yes
sunny mild normal true Yes
overcast mild high true Yes
overcast hot normal false Yes
rain mild high true No

Values(wind) = False, True

S= [9+; 5_] +: Play(Yes) / -:Play(No)
Wind(False)
+: Play(Yes) / -:Play(No) SFalse € [6+’ 2-] Wind(True)
STrue < [3+: 3']

+: Play(Yes) / -:Play(No)

S
1G(S, Wind) = Entropy(S) - Z %Entropy(&‘v)
6

8
= Entropy(s) _EEHtFOPY(SFalse) - 14Entr0p.V(STrue)
= 0.048

vevalue(A)

Similarly, IG(S, Humidity) = 0.151
Humidity provides greater information gain than Wind
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Disadvantages of Individual Tree Model

- ASH Fx= 25 S7Hof of2{7 ZAlSHH OrF THAE o 27 A%
- o5 HO|HO OiMst HSoE T A0 A g
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Bias High Low High

Low

Variance High High Low

Low

o oo
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Disadvantages of Individual Tree Model

- ASH Fx= 25 S7Hof of2{7 ZAlSHH OrF THAE o 27 A%
- o5 HO|HO OiMst HSoE T A0 A g
. M2 J{20| iOIEOHE AH S

Bias High Low High

Variance Hi _g\»l ) High Low

- off 2ot g YA E (Random Forest)

o o
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3. Random Forest



Background of Random Forest - Ensemble
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Background of Random Forest - Ensemble

o
- Ld=s B2 RFE

N
_ (N "(1 e)N_i e: error rate of Base Model
€ensemble = l N: number of Base Model
i=[N/2]
- O|& =0, 5712 binary classifier& base model£ 7}X|= Y42 REHO| FE2
ofz§ a2imt 20| LIEfY. Base Model2] A50| D59 B L= Z0fof &

1 -
0.9 -

0.8 -

Ol 07 -
of 06 -
ol 05 -
O 04 -
U 03 -
20 0.2 A
0.1 A

0

0O 01 02 03 04 05 06 0.7 08 09 1
Base PEIO| Q=2 &
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Background of Random Forest - Ensemble
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<H|0|g] ) {Decision tree 14>

e OIMA-LIREREZ2 Aats DEHO| bgse DRIZEN ZHE L7} =5 (Maclin et al., 1999)
+ Low computational complexity: HIO|E{2] 2 7|7 WIlst A0 R ES Wa| 253

 Nonparametric: O|O|E 220 CHet HA| 7t HRSHX| &

A O]
T M

o
=

61



Overview of the Random Forest
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T’a'“'“g data, Trammg data, e © [ Tralmng data, 1 . Bootstrap 7| I:ILI % Ol -g—'<'5|-02| E|‘—J|k— 9'
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2. ‘HGE tralnlng dataZE decision tree
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3. Ol 3
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Overview of the Random Forest

- Sl O}0|C|0f: Diversity, Random =&
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— Random subspace
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Overview of the Random Forest

- Sl O}0|C|0f: Diversity, Random =&

1. )02 712| Training data§ &-d3t0f 2t G|O|E{ Ot 7Y
H OIAMANM LD pES a=

— Bagging

0. OIAMAXNLIE DElS 1z A| HAE DXIo| 2 AMEH

— Random subspace
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Bagging (Bootstrap Aggregating)

Bagging (Bootstrap Aggregating): ZtZt2| bootstrap MEZ 5 E M= Z2S oA

Stage |: :
Bootstrap sampling [Observatlons]
S —-——
£ B\
Training subset | Training subset 2 seseee Training subset M
Stage 2:

Model training I I M g'
K N Pd

escsse Tree t=M
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Bagging (Bootstrap Aggregating)

« Bootstrapping

+ 4 2E2 ME LHE <5 Datasets 0| &
+  ZI Dataset2 =2 & FZ&(sampling with replacement)2 Soff A2l HIO|EH2| £=0tF2
ZIC 2 Mzal

7§¥ DatasetZ Bootstrap setO|2t1 £&

-

Origin Dataset Bootstrap 1 Bootstrap 2

Bootstrap n
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Bagging (Bootstrap Aggregating)

* Bootstrapping

+ 4 2E2 ME LHE <5 Datasets 0| &

« Z} Dataset2 S8 FZE(sampling with replacement)2 Sdlf &2 HO|EH 2| :=EtF2
ZhC 2 M2
~ | O O

- JH¥ Dataset= Bootstrap setO|2t1 £ &

Origin Dataset Bootstrap 1 Bootstrap 2 Bootstrap n




Bagging (Bootstrap Aggregating)

* Bootstrapping

T

- O|EHCS = ot JhM|7t StLEC| BootstrapOfl SHHE A EHE[X] &5

N N
1 | 1
p=\1-% - lim 1-= = ¢~ 1 =0.368

s

=



Bagging (Bootstrap Aggregating)

* Result Aggregating

* For classification problem
* Majority voting

n

Ensemble(y) = argmax z 1(37]- =1i),i €{0,1}
i

Jj=1
Training Accuracy Ensemble population P(y=1) for a test instance  Predicted class label

0.80 Model | 090 |
0.75 Model 2 L 0.92 |
0.88 Model 3 - 087 |
091 Model 4 034 0
0.77 Model 5 04l 0
0.65 Model 6 084 |
0.95 Model 7 014 0
0.82 Model 8 0.32 0
0.78 Model 9 098 |

I

0.83 Model 10 | 0.57




Bagging (Bootstrap Aggregating)

* Result Aggregating

* For classification problem
* Majority voting

n

Ensemble(y) = argmax z 1(37]- =1i),i €{0,1}
i

70

Jj=1
Training Accuracy Ensemble population P(y=1) for a test instance  Predicted class label
0.80 Model | 090 | n
0.75 Model 2 09 | z 1(9,=0) = 4
0.88 Model 3 - 087 | =1
091 Model 4 034 0 )
077 Model 5 | 041 0 Z I(j;j _ 1) — 6
0.65 Model 6 084 | =
0.95 Model 7 0.14 0
0.82 Model 8 0.32 0 Ensemble(9) = 1
0.78 Model 9 098 |
|

0.83 Model 10 | 0.57




Bagging (Bootstrap Aggregating)

* Result Aggregating

* For classification problem
* Weighted voting (weight = training accuracy of individual models)

71

n . A~ .
o~ j=1(TramAccj) - (yj =10\
Ensemble(y) = argimax< T (TrainAcc) ,i €{0,1}
j=1 j
Training Accuracy Ensemble population P(y=1) for a test instance Predicted class label
0.80 Model | | 0.90 I ;-l:l(TTainACCj) . 1(5;] — 0)
0.75 Model 2 0.92 I n Traind = 0.424
0.88 Model 3 087 | j=a(Traindcc)
0.91 Model 4 0.34 0 n : 5
| —1(TrainAcc;) - I1(J; = 1
0.77 Model 5 0.41 0 =l T ) y Oi=1 _ o576
0.65 Model 6 084 | j=a(Traindec;)
0.95 Model 7 0.14 0
0.82 Model 8 0.32 0 Ensemble($) = 1
0.78 Model 9 0.98 I
I

0.83 Model 10 0.57




Bagging (Bootstrap Aggregating)

* Result Aggregating

* For classification problem
* Weighted voting (weight = predicted probability for each class)

n
1
Ensemble(y) = argmax Ez P(y=1i),i €{0,1}
i :
J=1

72

Training Accuracy Ensemble population P(y=1) for a test instance Predicted class label
0.80 Model | 090 | o 1 TPO=D
0.75 Model 2 0.92 | iz P(y = 0) = 0.371
0.88 Model 3 087 | 10
091 Model 4 0.34 0
0.7 Model 5 04l 0 1 <
0.65 Model 6 084 | 1—02” (y =1) = 0.629
0.95 Model 7 0.14 0 =1
0.82 Model 8 0.32 0 Ensemble($) = 1
0.78 Model 9 0.98 I
|

0.83 Model 10 0,57




Overview of the Random Forest
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Overview of the Random Forest

- Sl O}0|C|0f: Diversity, Random =&

1. 012 712| Training dataE &-d3t0f 2t G|O|E{ Ot} 7Y
H OIAMANM LD pES a=

— Bagging

D IOAMAXNLIE DES 2= A| HAE DXIO| 2 AMEH

— Random subspace
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Random subspace

Original training data

m

Training data, Training data, ) o @ Training data,
Tree; Tree, / j Tree,
e O O

x1 X2 x3 | x4 x5 X6 x7 x8 x9

x10

x11

x12

x13

x14

x15

x16

Tree
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Random subspace

Original training data

m

Training data, Training data, ) o @ Training data,

Tree, Tree, / Tree, \ :
e o o -

Hel

A | x1 | x2 x3 | x4 | x5 x6 | x7 | x8 | x9 | x10 | x11 | x12 | x13 | x14 | x15 | x16

Ha

JE

H A x3 x5 X6 x10

1. Aef HieE 5 2 750 A 2 BHeZ FAHR=E AE

Tree
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Random subspace

Original training data

Training data, Training data, ) o @ Training data, @

} | |

Tree, Tree, / Tree, \ ‘

B A x1 | x2 x3 | x4 | x5 x7 | x8 | x9 | x10 | x11 | x12 | x13 | x14 | x15 | x16

X6
4=
%I =< |
b a X3 X5 | x6 x10
=T




Random subspace

Original training data

Training data; Training data, ) ® ® Training data, @

} | |

Tree, Tree, / Tree, \“. ‘

B A x1 | x2 x3 | x4 | x5 x7 | x8 | x9 | x10 | x11 | x12 | x13 | x14 | x15 | x16

X6
4=
%I = |
B : x3 x5 X6 x10
T

A X HB AL = —_— -
2. MEHZ| Ol Hr & 22 HE MEH 5 bl treeo] 2™l 28 HAE = 11




Random subspace

Original training data

m

Training data, Training data, [ ] o @ Training data,
Tree; Tree, Tree,

2lg

EJ x1 | x2 x3 | x4 | x5 | x6 | x7 | x8 x10 | x11 | x12 | x13 | x14 | x15 | x16
Hap

ol=2d

= x x5 x9 | x10

Hp

3. Ol2{st IS full-grown tree?t & [77HX| HHE

Tree

Full-Grown Tree
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Random subspace

« Random subspace

S SHAE I, Y7f B0 £ECHHE 40| H4E Yo|2 MEBIO
jaro= 3

o O|A|-7=II-I |_|-|:I O| _Il?__j

|
OHl:l- HAS=0I2 _T'_E1

~
O
T =2 L= L

« OflAl

Bootstrap i (X in R%)

o @)

7 ° e 0|l e @
e @ € Q09
Q.'

6

oo
o
| © 1060 %
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Random subspace

« Random subspace
- SJArEE LR 2| S MY I, Rl Haof =20 A
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ofd Birsths A Hg2=2 &

« OflAl
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Random subspace

« Random subspace
- SJArEE LR 2| S MY I, Rl Haof =20 A

O O
ofd Birsths A Hg2=2 &

« OflAl
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Random subspace

« Random subspace

. OMZH LpRo| BI|HS

offd BHastls A5
« OflAl

Bootstrap i (X in R%)

EFAMSH I 22 Ha=0| &=HCI &

rlo

o)
7 o o @0'0
Q | @ @ 09
QC o
6
© 0
e |20 | ®
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Overview of the Random Forest

- Sl O}0|C|0f: Diversity, Random =&

1. 0§21 7HQ]| Training dataE A3t 2 H|O|E{ OFC 74
& O|AFAF LIS pElS _—er

— Bagging Diversity 2t

0. OIAMAXNLIE DElS 1z A| HAE DXIo| 2 AMEH
— Random subspace Random ZfH
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Random Forest — Generalization Error

. 247ko| Y treel= T4 =

>
|_|-|
$0
ojo

Ot

» Random Forest= tree =7 &3] ¥2 Uf Strong Law of Large Numbers0i| 2|3 2t gt &

A ofl2{= limiting valueOl| =& &
p(1—s?%)

Generalization Error2| Upper bound

Generalization Error <

s2 EHoH Hs+E £3)
p : Decision Tree AtO|Q| H ABAA <= Decision Tree 72| A= HELE2EEHE) =2
s: SHFEA| 0| 53t tree?t R 0|53t tree = XH0|2] HE <=7t 255 23 (B<k £98)

o {8 treel| H2It 25 s 37

» Baggingdl Random Subspace 7|#2 2t RE S| ZEd, gitst FXAdS 2=t
D7 M2 pE dAAIE

O - L—

o 04 Treel| M2t =2//H0| =245 Random Forest?| 4s0| =0

I

85



Random Forest — Selection of important variable

- H3o F8E

ﬂ
|
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i
=
HL
ﬁ
>
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-
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« Random Forest= A& A=
Fo|eHA|of Ciot HEE Xﬂ%axl E’s*% (OEI-E:le_l s8I
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N
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x
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I

. {4l Random Forest= CtZ1h &

« 1EHA|: A2l DatasetOf| CHSH Out of Bag(OOB) ErrorE ++¢&
E

o 2CHA: E™ Hp9| 4h2 Qo2 F M2 Datasetd CHSH OOB ErrorE ++&

« 3EHA:

I:I 17—

N
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Random Forest — Selection of important variable

« Out of Bag(OOB)

- Bagging2 ALEE
&
R
«°
&
QP°
) ©}
Ol @ @
] ©)
@ Q9
6
..'
©)
.| @ o
1 3
Bootstrap0f ZZ& &l data

©) O
@ Q
) o
©)
eee o
1 2
BootstrapOl & &|X| &2 data

(OOB Data)
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Random Forest — Selection of important variable

/ Tree, Tree, Tree,
CQX] gl. o
/ Tree, Tree, Tree, \
(@% g\l. o
(3) dl = € —71; (l = 1,2, ...,t)
t t
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OOB Error Al 4t
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Random Forest — Hyper parameter

1. Decision Tree2| %=

- String Law of Large numbersE BtEA[7|7] 2|3l 2,0007H O| 2| Decision Tree &

2. Decision TreeO|A L E

. YUEHH o= Bi4o| 40 ket CHEdt 20|

28 Al 2

2 MEE|s Baol 4
Z

=M & (Dias-Uriarte et el., 2006)

. Classification: / HZ=2| 2=

* Regression: H==9| /3

2. Hyperparameter —

Original training data

m

Training data, Training data, @ ® [ Training data,
x, Y | |
X3 Tree, Tree, Tree,
X7
X12 e o o
L _J
|

1. Hyperparameter (Base”} T|= Decision Tree <)

e
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4. Boosting



Overview of the Boosting

® Boosting Idea

« 03] 79| learning model& =XIX O 2 =1

- 07 ‘| AM238HE learning model2 O Ghst & E
v EhEsh BE Model that slightly better than chance

2 APE S BY 10| 242 13

o ZFCHAIO|M MZ& base learners st&6H0] 0| H

-
[

ASE AKX Z&0| X+ i d - boosting

EHOZ oA (Ensemble)

CHA Q| base learner?| E

X%E

2

—
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Types of Boosting Algorithm

* Adaptive Boosting (AdaBoost)

% Gradient Boosting Machines (GBM)

»  XGBoost

% Light Gradient Boost Machines (Light GBM)

» CatBoost
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Adaptive Boosting (AdaBoost)

/

% Adaptive Boosting (AdaBoost)

o ZF CHAIO|A] A 22 base learnerE 25610 O| ™ THA|2| base learnerl| HHEHZ2 H 2t

» Training error/t 2 #=X[2| MEH =F (75 X]|)& Z0|1, Training error?t %

BEK|O| ME 2 W=

- 2 EHAIOM =FEE ZECHSK)Z 7|82 R CHE THAO|M AFEE Training dataset=

« LA R EAZ &

22 ZF DEo| MSX|EE 75X 2 50 ZT (Ensemble)
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Adaptive Boosting (AdaBoost)

% AdaBoost Algorithm

L)

1. SEtWi =

S e

,1=1,2, ..., n (impose equal weight initially)

2. forj=1 to m (m: number of classifiers)

Stepl. Find h;(x) that minimizes L; (weighted loss function)
i=1 Wi I(y; # h;(x))

Li =
! i=1 Wi
StepZ. Define the weight of a classifier: a; = log (—1;L1)
J

Step3. Update weight: W; « W;e%! Oi#hj(x) j=12..n
End for

3. Find boosted model: h(x) = sign[¥.;2, a;h;(x)]



Adaptive Boosting (AdaBoost)

SetW; = %, i=1,2, ..., n (impose equal weight initially)

=
Il

0.1

0.1

0.1

0.1

0.1
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Adaptive Boosting (AdaBoost)

hq(x)

‘ ‘
- -

‘H 01
0.1 0.1 0.1
0.1 0.1

0.1 0.1
0.1 1

o
o
o

' W, 01x10 =

=
= log () = 10g[o22) ~ 0.37
= og L] = Log 03 ~ U.

VVC - Wieall(yiihl(x)) — 0.1e937%X0 = 0.1

Wy « W;e@!0i#hi) = 0,1¢037%1 = 0.14

» EHO[ A7|(2e] =AhE oie S5X|7t ChE THA Ll o5 datasetd HUEE =E5 2[0| *



Adaptive

Boosting (AdaBoost)

—
u 0.1 0.1 u o

-

I 0.1
o 01 0.15

0.15

0.1 0.1
0.1 0.1 0.15

T oW I(y; # hi(x)) 0.1x3
L, = 2=t PV F ) =03 « 1074 & 37 &=
2 W, oix7+o01ax3 03 <M I eER
(102N
G2= 00\ To27 )T

W, « W;e®!0#F2(0) = (0.1 or 0.14}e%43%0 = 0.1 0r 0.14 « HESF ZZX| 71EX|
Wnc — WieaZI(yiihZ(x)) = 0_160'43X1 = 015 — E—E—% -FLI'%X' 7|'§I|

» EHO[ A7|(2e] =Ah& oY S5X|7t ChE THA 2l o5 datasetd HUEE =E5 2[O
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Adaptive Boosting (AdaBoost)

I I 0.16

) 13 () )
G 0.15 0.15 0.15
0.15 0.15 0.15
041 0.1 0.1
0.15 0.15 0.15

= WilG # () 0.1x 3
L, = 1=1""1 l J — = 0.24 1 TN = 27 E—E—E
’ =1 Wi 0.1 x74+014x3+0.15%x3 0 « 107l & 271 =
_ 1—0.24 05
= 09708 )7

W, « W;e%!0izhs(¥)) = 0.1 or 0.14 or 0.15}e%5%9 = 0.1 0r 0.14 0or 0.15 « JEF HFAX| 715X
W, « W;e®l0i#hs()) = 01051 = 0.16 « LEF ZEX| 715K

jo
10
1=

2

> E80| A7|(ote] xhE ST BHEX|7E CH B O] & datasetOll MEHE &8



Adaptive Boosting (AdaBoost)

h(x) = sign

0.37

h(x) = signl

+ 0.43

i=1

=3

h, (x)

‘H 041
0.1
0.1

+ 0.5

99




Adaptive Boosting (AdaBoost)

% AdaBoost Algorithm

L)

1. SEtWi =

S e

,1=1,2, ..., n (impose equal weight initially)

2. forj=1 to m (m: number of classifiers)

Stepl. Find h;(x) that minimizes L; (weighted loss function)
i=1 Wi I(y; # h;(x))

Li =
! i=1 Wi
StepZ. Define the weight of a classifier: a; = log (—1;L1)
J

Step3. Update weight: W; « W;e%! Oi#hj(x) j=12..n
End for

3. Find boosted model: h(x) = sign[¥.;2, a;h;(x)]
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Adaptive Boosting (AdaBoost)

Training Sample ~ ---------------------- > hy(x) =
!
Weighted Sample  ---------------------- > hy(x)
| m
Weighted Sample  ---------------------- > h3(x) o h(x) = sign [; 2y (X)]
!
|
Weighted Sample  ---------------------- > hyp(x)—

h(08 BHE1 0|5 HELR h,mE YED, 0I5 HELZ hy(v), .



Bagging vs Boosting

single bagging boosting

___________________________________________________________________________________________________________________________________________________

&

Parallel Sequential



Gradient Boosting Machines (GBM)

s GBM

« Gradient Boosting = Boosting with Gradient Descent

o X B CHAOM 2E tree1Soll YE 0= / 5 UM A 22 tree2 S5 Residual 0=
— O 7| A 2ASE ResidualS 22 tree3Z 0|

« XX} Residual &0}

« Gradient Boosting Model = tree1 + tree2 + tree3

Ground truth tree 1 tree 2 tree 3

J
- g - .
L 1 L §
- ' B ' - b
a8
° : o *
o e o
5 °
L 4 L J
L 1 J
L
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Gradient Boosting Machines (GBM)

%  Why Gradient?

1 n
L = 5;{% — (x))?

104



Gradient Boosting Machines (GBM)

%  Why Gradient?
1 n
— L 12
L = Zi;{yl f(xi)}

Gradient

o :
) —{y; — f(xi)}
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Gradient Boosting Machines (GBM)

%  Why Gradient?
1 n
— L 12
L = Zi;{yl f(xi)}

Gradient

o :
) _‘P’i —' (Xi)'}

Residual
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Gradient Boosting Machines (GBM)

%  Why Gradient?
1 n
— L 12
L = Zi;{yl f(xi)}

Gradient

o :
) _‘P’i —' (Xi)'}

Residual

JL
yi — (%) = — 3T
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Gradient Boosting Machines (GBM)

\/
0’0

Why Gradient?

Gradient

1 n
L = 5;{% — (x))?

o :
) _‘P’i —' (Xi)'}

Residual

JL
yi — (%) = — 3T

Residual = Negative Gradient
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Gradient Boosting Machines (GBM)

Original Dataset Modified Dataset #1 Modified Dataset #2

)

)

etk
x| sttt
o rebahed)
L
I

y — fi(x) = f2(x) y — fi(x) - fo(x) = f3(x)
Gradient y — f;(x) v - i)} — f2(x) vy = filx) — L)} — f3(x)
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Gradient Boosting Machines (GBM)

D; = (x;, ¥ ?=1 D, = (xi,yl —f1 (xi)):; e By = (xi»J’1 —fi (%) — '"_fM—l(xi)):;l

a

f2(x)

fFR =+ L& + -+ (X)
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Gradient Boosting Machines (GBM)

y!y_pred

y!y_pred

y!ly_pred

—
o O

S 8

Prediction (Iteration 1)

Residuals vs. x (Iteration 1)

ot
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0 2 a0 0 2 P

Prediction (Iteration 2)

Residuals vs. x (Iteration 2)
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m 4
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Residuals vs. x (Iteration 18)

30 4
20 4 o
® =
b=
10 4 01
(-4
0 F A Lo X oy N
0 20 40 0 20 40
X x
Prediction (Iteration 19) Residuals vs. x (Iteration 19)
30 4
20 4 iy
% =
°
10 4 0
(-4
01 Wa P L I b
L L L L] L . L]
0 20 40 0 20 40
X x
Prediction (Iteration 20) Residuals vs. x (Iteration 20)
w y
20 - 2
3
il 3
o«
04 A et et See)

111



m SOON CHUN HYANG
B UNIVERSITY

Thank

.
A

you

| Senseable Al Lab



