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1. Intro

2. Hyper-parameter Optimization
) 3 . XAl (Permutation, Surrogate Model, LIME, SHAP, PDP)

4. Use-case, Etc.



Journey of AutoML Technique Intro &

AutoML in Hype Cycle

“ AutoML2 Trend2| HHZ XL AN M3 X2l Use—casesS
OIS0 L7l B2 P ZAOZ AEO| XS ©

Player S5 S4

2. Peak of Inlfated Expectations

b. Plateau of Productivity

Expectations

4. Slope of Enlightenment

3. Trough of Disillusionment

1. Technology Trigger

Time
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Coverage of AutoML Technique Intro &

AutoML in Data Analysis Process

IY9Y 9]
IY9Y 9]
216126
IYISY 9]
1919
’'GI6?
26262
21626

62626
62626

(VYY" Y V] “ @ VYT

Data } Feature } Modelin Hyper—-Parameter Measurement &
} Understanding Engineering g Optimization Model Interpretation
AutoML Coverage ‘

- o - = - o - o GG
wo w o wo wou

62616

“ AutoMLS] B89l M} sHxtg|T U ¢

“ Domain Expert, CDSE AAZ 2M0| 758t Wsto 2 XIg}
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2. Hyper-parameter Optimization



Parameter vs Hyper-parameter HPO Technique Wy

Parameter
with Hyper-Parameter Set 1 - D WFHAM =0T Ho|H=FE 87
Accuracy 0.65
@{C} Get Best Parameter Regression2| 2|##|4~(coefficient)
Data Model Ready to predict D/L2| 715 xI(weight) ..
Training © ZEX0 2loh Z2EEX] S
with Hyper—Parameter Set 2 Accuracy 0.70
@@ Get Best Parameter Hyper_parameter
Model Ready to predict - B QRoM MR A MY FE 2
Training K-NN2| k2t

D/L 2| Learning rate

Tree Model2| max depth..
- 2b5 O|O|E{of| 2lol HZE|X| 4=

with Hyper—Parameter Set 3 Accuracy 0.88

i 5@3@ Get Best Parameter

g

Model Ready to predict * Heuristics 2 HI5E S Solf 43

Training Get Best Hyper-Parameter
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Hyper-parameter Optimization HPO Technique &

% process by human

Hyper Parameter AHA
Setting Model 44
K Hyper—parameter HEHN /

Problem

«  HPOE= Z|%Q| RHE 17| 2ol Best Hyper—parameters ¥ 2 &= 1t
* Hyper-parameter Z{Z=70f| (2 Model M{sts S BIEXQI EHMapdo 2 U2 Aj7h H| 20| AQ &= HX}
* OIO|E| YO| HOIRSE, DHO| BXITT} ZI184E HAHIE2 F245| 57

© I8 B HO|EIZ MBSt HINZWO| SE, 8142 ZHSH= Hyper-parameters:2] SO0ILH= 28
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Grid Search

Concept

+ Gride| #9I9t 50| M{OHHIELST} S0{L42

Hyper parameter
A EPzt

1071
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Hyper parameter
B EFAYZ

1074

Hyper parameter
C Az

1071

A

32 ARIEOR H|m M

HUEO| 7lolg+H2= 37t

1,(”)05&

EtM2 Hyper parameter set

HPO Technique &

[Hyper—parameter EMAH | X|3t 0f|A[]

Parameter A : { ‘Entropy’ , ‘Gini’

+  Parameter B : Range(6,20,2) > {6, 8, 10, 12, 14, 16, 18, 20}

-
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Grid Search

Pros & Cons

HPO Technique &

23} 91
|2 HEsh HIL 24 B 2 US
ScientistOi A ZiZ3t EPMH QIS XIBHE & QUCHH S8

Model Accuracy

- LgjlnLgn hE||:H
+ DYUBHZIAOD TME| E0 EMO| S XL £ U --@--- 18- o ®-
DE 7S HE G570 HIESH | 5 E

qerY
S
X
[Grid Search]
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Random Search HPO Technique &

Concept

rSt

o0
X
A
Q'I_l
ol

Hyper—parameter2| B H2IZE H|gt

Random Layout

. T 7tz EMMO| OFL|2} Random EMME S5l XMs1S WSt 7isME =9

« EMMHSH °'2|2|(Random) gt £E X™ MAEHSH|0| ST sHUEE EFM ZHA

Unimportant parameter
Unimportant parameter

Important parameter Important parameter

Pros & Cons
[Grid Search vs Random Search]

- EAMEQI7L WIS 42 UuiSHE ANt LIeX| 943 (8 mjojct Z ot 440))
- APt ddEst= B Sl0f QEMY =~ US
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HPO Technique &

Bayesian Optimization

Bayesian Inference ?
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Bayesian Optimization HPO Technique &

Concept weter set2t ‘2 pair }

o Algto] M zeE E|XHO| MIIE W £~ QS T 22 Hyper-parameter= 23 HX, After 2 Steps

— Target

& Coservations

==+ Prediction

- 95% conhdence interval
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Bayesian Optimization HPO Technique &

Concept weter set2t ‘2 pair }

o Algto] M zeE E|XHO| MIIE W £~ QS T 22 Hyper-parameter= 23 HX, After 5 Steps

= Target

& (Cbservations

_ == Prediction

)élx'" gﬂl' '?'le m 95% confidence interval

10

08

06

f(x)

04

0z

3 Step Point

0o
-2 0 2 4 6 8 10
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Bayesian Optimization HPO Technique &

Concept Hyper—parameter set2} A3} pair

0|M Als#o| Mzap X|MO| Mul=E i £~ Q1S Jd ZE2 Hyper-parameterE £ 25 EX}, after 7 Steps

m— Target
& Cbservations
== PFrediction
95% confidence interval

10

08

06

6 Step Point

f(x)

04

0z
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Bayesian Optimization HPO Technique &

Pros & Cons
« Eh&3t Search MethodH|a HLCt M2 A|E2 2[Ho| ZME W & QU= 0|2X 2HE 7HX|1 US
> =2 M59| Hyper-parameters 32 = A= 715 &4

«  E[X3} EMo| £ BN
«  7|ZEQ| EMHZANE St23l= Sequential approach 0]7]0f] £ 8kAto] 5t & HE X 2| 27}
- E8(Exploitation)2} EMH(Exploration)2| Z&$t Trade—off
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Successive Halving Algorithm(SHA)

Concept

bt o, = BALK| 23510 S92

ds=2 4
2t sk ardoM M7t = A2 Early stoppingotAL,

|

b |
=

»
o
op

© & £0|7|(Halving),

AEHOZ JHE DA et B7IS Al HEr2 7|10 LIHX] =22 Ha|xy

N

e

ol

Ex) 170 =2 F7H0i 12A|12H0] 22 E|=0 OfH S Hotakd 2Holl
DS A& JHYZK| K| THEESE 2 QICHH?
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HPO Technique &



A study on Hyper-parameter Optimization

AL ZAS St
HpH = 2| £ JiM EIMRAX| =2
Hyper—-parameter
Optimization
24 ZHEg
g2
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3. XAI (permutation, Surrogate Model, LIME, SHAP, PDP)




* ModelingS SaliA sliZslOFol= B2 X, &2

3{Alo] OIS 2y

OL3 Regression Results

Dep. VYariable: MEDY  R-squared: 0.727
Mode | OLS  Adj. B—sguared: 0,722
Method: Least Sguares  F-statistic: 132.0
Date: Wed, 26 Apr 2023  Prob (F-statistic): 1.01e-132
Time: 18:05:24  Log-Likelihood: -1511.5
No. Observations 06 AIC: 3045,
Df Residuals: 495 BIC: 3092,
Df Model : 10
Covariancellype_‘____, nonrobust ————— .

T T

I coef !std err t ) Peltl 1 [0.025 0.975]

1 1

1
const : 40,0360 : 4 961 §.070 1 0.000 : 30,289 49,783
CRIM 1 -0.1185 1 0,033 -3 555 : 0.000 1 -0.184 -0.053
N ! 0.0368 : 0.014 2692 | 0.007 ! 0.010 0.064
CHAS : 3.1323 1 0.872 3.893 1 0000 : 1.419 4.845
O, 1 —21.5387 1 3,657 -5.890 : 0.000 1 -28.724 -14.355
R 1 3.8374 : 0.420 9.137 | 0.000 ! 3.012 4,862
AGE 100021 4 0,013 0157 1 0.875 | -0.024 0.079
DIS o -1.4413 1 0,189 =7.257 : 0.000 -1.832 -1.051
RAD 1 01052 : 0,041 2570 , 0.010 1 0.025 0.186
PTRATIO : -1.0035 |  0.131 -7.654 1 0.000 : -1.261 -0.746
LSTAT y —0.5562 : 0.051 -10.899 : 0.000 -0.656 -0, 456
L=
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HPO Technique

Feature Importances — Random Forest Classifier (binary)
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Easy Way? 3.

Problem
. SHEI}S7lets BHE.. Black-Box Model O{HA S1A5HOF £t7t?
. LIS UTEZS EQUSH7|IZO2 A 2 2= QST o
“ Hint= O gt RYO|CEtE 7HAHLE FO{X|= Inputt Output ”
Input Any Algorithm QOutput
Q 9
Easy Way o ,0\0/
. ¥ i aa
s Data Prediction Value
o 49| N, ([Tt i shSoiA H|uloHE M O{EI?
- B2 7R Y .
(ex: Feature7} 107421 10742] THER S 242t t&510] 42} H|) Model-agnostic
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XAl Technique &

Permutation Importance

Key ldea

ne
=
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i
M
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¢ Uolo| 2t oAl RojE?
> MA3t RandomZHEICH AR S H3 7IZ WSS M| BH}

H
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Permutation Importance

Concept for Calculation

X22| Permutation ImportanceS 82 X}

Original Data Set

o

Pre-trained Model

curb_weight cylinder_num num_of _doors city_mpg car_price
(X1) (X2) (X3) (x10) )
2765 4 2 16 21105
3055 4 4 17 24565
3230 6 4 22 36880
1874 3 4 29 6575
curb_weight cylinder_num num_of_doors city_mpg car_price | _
xX1) (X2_permuting) (X3) (x10) () [
2765 3 2 16 21105 ||
3055 /1 6 4 17 24565 -
V. Hy
3230 4 [ 4 22 36880 || |
1874 4 ‘ 4 29 6575 |||
| 1874 | T \ | 7z 79 | 6575 —
[ - _ [ - [ - [ i

Permutation Data Set (X1..X10)
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XAl Technique &

“X2 Permutation Set Error” 2}
“Original Set Error” 2| X}0|2}

X22| Feature Importance



Permutation Importance

ﬁ DataSet= &2e?

Permutation FI7} (<)
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Train Data Set

o AN E5HA O™ Feature?}
i =

7t™7t= 0] ECt

Test Data Set

Train HIO|EE
Dol e &
METDX| M-S

Train HIO|E{2 AHAHEl Fl=

HO|= Features= Ot 2|O|7}?

W=7 RS = Sl ©

XAl Technique &

A2 QR0 et SHO| LT

™ FI(Feature Importance)

gjo



Permutation Importance

Pros

HO
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g TRt 87| 20 ALt HIES B
»  HlW7} 80|5t 2Ol Feature SRS S

* FeatureZt2| §2XE0| AISHL 2 1o E
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- g uEe % 4 9l
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EA AME £ A (why? Permutation H5x, 0f| 2104 7]t
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XAl Technique &



Surrogate Model XAl Technique 3.

Key ldea

o410 0{2{2 SUIA RHO| oS0 ZASIESE ZHE 6ljA 7}
CHE] DS SESIO =M SatA DA et 2SS M3
Approximation model, metamodel, response surface model2 =2|7|= &

olr
rok
J
k-l
|

Good Surrogate Model ?
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Surrogate Model XAl Technique &

Concept for Calculation

H[O]&f =H]

Original Model (Black-box Model) Original Model 2£LE]
ey

CH2| 22l &

CH2l(Surrogate) 2 2 M7

Dat?
xn | 0 x3) ®10) | W
2765 4 2 16 21105
3055 4 4 17| 24590 )
Surrogate Model2 $E{o] 2 HEH =&
3230 6 4 22 | 36880 e I
1874 3 4 29 6575 g(x) =By + pixy + ...+ Byzp oo

- Learning .+u.014

Or
ta-set il I“m*-
Sub D2 25 N
"
X1) X2) x3) (x10) (v) b i~ =
é—

2765 4 2 16 21105

‘2| 222 Black—-Box 220
XS Me(0|ES)2 71E7? “

H i

T o g(“ﬂ:i%f{m R}

m=1
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Surrogate Model XAl Technique

CH2| 22 (Surrogate)O| Original Model2| M-S0l ZAISHK|= O{EH SHEMN?
7t M B3(Linear Model)2 AH3 S ATHEX}
R Squared(Coefficient of Determination) = 1 — RSS/TSS

Regression Line Actual Y,
__________________ ? Yﬁtted

|

Residual Sum of Squares _ :
RSS= Z(Y; — Yeyes)? Residual

|

|

Total Sum of Squares
—————————————————— TSS= I(‘t’i =Y ean)?

Nl
=

Explained Sum of Squares
ESS=Z(Yﬁtted -Y

2
mean)

Intercept (B,)
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Surrogate Model

Y
Actual Y,
_______________ T Yﬁttt:_-d
Residual Sum of Squares ) :
RSS= (Y, = Yguos)? Residual |
: Total Sum of Squares
—————————————————— TSS= E(Yi =Y ean)?
Explained Sum of Squares
ESS=2 (Y‘it‘(cd - Ymcan)2
____________________________ Yimean
Intercept (B,)
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XAl Technique &

-
Y hat from Surrogate Model
n i N z': ~ (1)1 2
— R? 1 _ RS5 _1_ Zi=1:__y_£‘_}: o y{ ])
1SS Y@ - gy

R27H 10f| 7F4CH= 2|oj= 2| 22 2| 4S0] Original Model2l

g0l 0 2AL etCh= A

R?0] 001l 7HZC}= 2J0ji= CH2| 20| Original ModelS

4FoHx| 2eirp= A



Surrogate Model XAl Technique

Pros

. SHAMO| 7MsEHH OfE DEIO|EX| AFRE! £ Ol 2015}

©  ALEXete] H2 o met el RES MEfE 4 QU0

, Multi-Surrogate 22 74 S Moi2o] M= A0 U3 U

M
Ex) D/LAIZS] Original 2HS S5 0IZ2] HIZ + M3/Tree 271X| 2|2 US S5H CIZHE MHZS HA|
Ex) WA 3| HEM ZaZ Comm.2 St YRHA > MY (2|2 A2 S5l MHAS S

Cons

- 2|22} Original 2H2| ZAFSHS MESH= 7|F0] HetX| 9I=.. R20.5? 0.87 0.997

O Sample®iA= HEIZE Original 221 ZASHK|RE, 0TH Sample®iA= 3| TS == U

h=1
AT

- M2 IE ¢ojH EQIE 5] SUFXK| LS
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XAl Technique &

Surrogate Model

ol=Cl, 2| Z&2| R?=0.75, Ol= =

Think
Case 1)
© EUHADUI SYM [2|ZHE CART QAHHPERS &8
450l §F3| 7FZAR|T 2AHotX|= Yths RS 2|0[3. THef R? 7t 0.942HH?
Case 2)
- SaidiAapde MEIYAE 22U CART QAHENMER|SE &825)= -" CH2] BEo R2= (.14, Cl2| B9
ol =S 0127 =t0F E7?
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LIME (Local Interpretable Model-agnostic Explanation) XAl Technique &

Problem

ture Importan EE7HAO CH= Hi RO|2 = MHSE A ol=2 712

(RRRLE ROLTRED)

AYY”‘CB 2
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LIME (Local Interpretable Model-agnostic Explanation) XAl Technique &

Key ldea

7t S A2 BEX|0| =HSE RHF0AM sy 753 CH2|(Surrogate) ZES ESsix

SiA10] ZES HITOIM ST ZERIO| W &S HCh T &

* Local Surrogate M |
H|A1&4 &1 0|

X2

° Customer A ° ‘

Customer A

X1
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LIME (Local Interpretable Model-agnostic Explanation) XAl Technique &
Local Surrogate Model2 2l E&?

HH|Q] ZEk0| OF:l 74 Instan 5t sfAat §I91 0| 20|
* i Instance(ZiH 1124, )0j| CHSt SHAHS MISH2 2N =2 HEH
71E(As-Is) 2H2 & HF

ol £(To-Be) RAOIM= HSS & Roh= EX 7h UCHA..

rir
o2

*  7|Z HlOIF EXZ2t CHE MER Instance2| H3F TOSH{Of SHCHAH..
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LIME (Local Interpretable Model-agnostic Explanation) XAl Technique &

Concept for Calculation

Original Data2| #3i(perturb)2 E3{Al Sampling DataS 444 +  BHS0{ZI SampleS Black—-box Model(Original Model)& S3HA

T
6|E%tE ¥S(Labeling)

muin

Getting Y value by Original Model

X2 X2

X1 X1
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LIME (Local Interpretable Model-agnostic Explanation)

Concept for Calculation

- 2JtssiEE

ne
mjo
rx
ox
ol
i

ALt 5=t ?lo

22
0
e
T
D
=
[
-
D

(Informative feature

—

X2

Cuetomer A

X1

L) DEVOCEAN

XAl Technique &

explanation(z) = argmin L( f, g, 7;) + Q(g)
geG

CHE| 2RSS SollA tSstl @Fsta1X} oh= HEX|0f Lot

EEEERE

=02

X2

= Sk A
IHAS H 23 + U

rr

Feature Importance

xil

w\ediction x2 [
~

e ©® o ° o
.o . o ° . ° .
° ° °
° g °o°
[ J ° o
°® o

[ ° . o Y

° Customer A

X1



LIME (Local Interpretable Model-agnostic Explanation) XAl Technique &

2ot ol= H=X|2te| 2EL M2t 7S XIS F0ol=0l, 2o

A

ol
ol
rr
rlo

2
1o
rr

~

" Kernel widthOf| 2} 5] CHE ol M= | -~

[
o
1

Kernel width

— . *  Exponential smoothingZ O|&3dl 7|72 o= =2 715X, M
A _ Hols W 71ERIZ 2ol
Smoothing kernel0llA kernel width'= 0Lt B2 0|22 EHMEHX|
AX517] 20 I =5t
«  UHIXOZ kernel width= 0.75 * sqrt(feature count)& 0|2

* Feature2| X1H0| HOtEF ZJt EX| ¥E + UAS

Black Box prediction
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LIME (Local Interpretable Model-agnostic Explanation) XAl Technique &

Pros

- 7IE ot RS DASCRE 22 2] DUS AS5i0] SUS MHAS NI + US
Ex) “Decision Tree” &4|o| 2HE XS0 st MEXL, 7|E2| RH(SVM)EL} O L2 HIZE S MSsh=

MIPY(DL)O| YS mf, MPHZ PHSIHBIE “Decision Tree” 2| MHAZ A& XH3& 5= US

»  Local Surrogate Model2 S3aiA 31410] 0|3t FeatureZ MHH2 HIJ&t 4 U2

 Image, Text § HI'4& HIO|E{ 0| CHAHM = F-HSHA| &S

*  Gaussian #E0M HISEl= MEE2 FeatureZt8| &EEAE HtH57| MHS

- 2 WEZIQU0)E CH2|ZE0| IHS0{E! OOt/ Sampling € THOICH Z0p7t A0[8 3 U (Sample sizeE S2i2}..)

=
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SHAP(SHapley Additive exPlanations) XAl Technique &

Key ldea

FeatureZto| A5 X228 Mus| majsie 4 g2m? Feature e R = ALR9| &= mxEx}

* Inspired by Geme Theory — 2012 '8 ZX|SH =4 Lloyd Shapley

Game Theory

Sotel It Xrelel o]0l FakS 0| Z< o[} #tEsl 0|2S IS} of= =419 OJAAT

oo AFo| o2elol Fe = U= ZM| M2 - Dominant Strategy
A ETIMR BHO| FOIM RS 32 > Nash Equilbrium | P
2 BRI AU (Win-Win) 2|492] T2f S Cooperative Game (Stable allocations) | "4
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SHAP(sHapley Additive exPlanations) XAl Technique &

Concept for Calculation

X1, X2, X3 3712| FeatureE &&3al YE O
X12| Shapley Value?

i

’

Shapley Value Estimation

S|N(|F| —|S] — 1)!
3 ISIF = 1ST-1)

o= Il

[fsugiy(@sugiy) — fs(zs)]

SCF\{i}

0¥ FeatureOfLC}
D
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SHAP(sHapley Additive exPlanations) XAl Technique &

Concept for Calculation

Prediction value
Base value of observation

D N TN
l >

X1 Shapley value |

X2 Shapley value

< |

X3 Shapley value

“ Base value2} 78 Instance?| G 2f22| Xt0| = Sum(Shapley Value) "
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SHAP(SHapley Additive exPlanations) XAl Technique &
Shapley Value of Real World

« Shapley value2 74115t O|2H 7|4t} S0|22 £4S HXK|1 UX|TH ALtst7| X 22
*  Feature 371 - 8= &t

*  Feature 1071 — 1,024 g}

* Feature 207 - 1,048,576t

Kernel SHAP : Linear LIME + Shapley Value
Tree SHAP : Tree Based Model

Deep SHAP : Deeplearning based model
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SHAP(SHapley Additive exPlanations) XAl Technique &

Pros

- OISA(Y)E BHol= 7|ES 2EEUA HMe = %

*  Feature?! 2|EME 12{5HM BE FEF=HS A4t (Multicollinearity)
sk S 12§ £ US (Negative Feature Importance)

* Feature 20 T2t Y7 O{EH| Hatoh=X| 20| 7t

ojo

Cons

«  FeatureZ: 0f 2} 7|512LHO 2 S0{LH= SAHH|
«  Q(MH|E2| A2 Sample AIMEE E0|H 2XI2] 20| HE
O|&x|/MEZ2 HIO|E{0] CH3H Si=st s S =S 7tsd
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SHAP(sHapley Additive exPlanations) XAl Technique

gplanation chart

shell weight +1.38
shucked weight
higher = lower
ba x whole weight
53 3 BED 5,503 053 1.83 1267250 14,53
700 D D D T N X vicerswelon
viscera woight = 0,101 | hoighi = 0.08%  longth = 0455 seu.l =0 diamoler = 0.365 shudkod welght = DLZ245 shall waighl = 0,18 ' whoko weight = 0514 diameter
height
length
sex.|
sex.F
fix)
! sex.M
0.0 0.2 0.4 0.6 0.8 1.0 1.2 14
diameter - melan(|SHAP value|) High
shell weight - shell weight . -—-'*_- B
sex | - shucked weight - -r -
whole weight - oo e o
length 2030] ; |
height - +0.29 viscera weight --+ . 3
- - - Ly
whole weight -0 21 . diameter :
-~
2 height - - El
viscera weight . +0.12 9 §
y length . . W
sex F 0.0¢ ‘
sex.| +.
sex M I +0
sex.F
95 100 10.5 110 15 12.0 125 sex.M
EAX))
B - . - . T Low
-6 -4 -2 0 2 a 6 8

SHAP value (impact on model output)
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PDP (Partial Dependence Piot) XAl Technique &

Key ldea

-

ZQHAE 3= 2 H0| EX Feature®} Target(Y)2] BAHS MHsHaH .,

—

rir
o
0
9|£
o

CHE Feature & FeatureE ?'?_I'EE EI'AI;ID:'*'I Target(Y Gllé_o_l EEI-% J_I-'-_l"g'gHExl.

Partial Dependence — “Tt Feature2| 20| [i2} Z'H2| 0|50] | YA 2=5=71? (Hstet=71?) “

ZIE PO = QIS & AT T JHZ(plot) 2= LIEHLHXL
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PDP (Partial Dependence Plot)

Concept for Calculation

Original Data Set

curb_weight cylinder_num num_of _doors city_mpg car_price
(X1) (X2) (X3) (x10) (Y&
2765 4 2 16 21105
3055 4 4 17 24565
3230 6 4 8 36880
1874 3 4 29 6575

CtE Feature= &= Fa i/
r\/_\’

curb_weight cylinder_num num_of_doors city_mpg car_price
(X1) (X2) (X3) (x10) )
2765 4 2 8 21105
3055 4 4 8 24565
3230 6 4 8 36880
1874 3 4 8 6575
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PDP (Partial Dependence Piot) XAl Technique &

Pros
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4. Use-case, Etc.



Think about.. Epilogue &
dde 2= 02 S0 ol EA| CIOIES Train sHOF &71?

Z|MO| Metric2 2AUNN?

eme Gradient Boosted Trees Regressor with Early Stopping (Poisson Loss)

Feature engineering= O|X|2] HYQI7}?
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AutoML Use-case
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AutoML Use-case
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AutoML Benefit
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Byungsun, Park
SKZFAIS|Al C&C, Senior Data Scientist
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