AutoML %74 o] A Bayesian Optimization & A4F4 S+A) 93

= o O = =
OIRHEI, 0l BIF, HLF, 3y, BIFT|, YX|E

HEC A SStm

Supporting Information Placeholder (Highly Recommended)

ABSTRACT: & <7  #Hilgd RE9
stols atetrE §A A wo] x|t 2] A sk(Bayesian
Optimization, BO)7} b= A& E&4 3 H&4 A=
a7 98] 39 AutoML 7]8F A3} o)t}
A Lol A = 7}-$-A] QF X 2 A 2~ (Gaussian Process, GP)E
g 2 2ZALE-3l= BOE %4 -&3}> RandomForesto}
XGBoost®] T8 3sfolaetnHE FH A slskgl o,
Z7] MZ 4=, A€ S (RBF, Matern, RBF+WhiteKernel),
length scale, B4 o4t & 34 A7 @47t #43}
A FE FEO wAE IFSE AAHSR
A ST vl 32 5 Y of 4kl Al Random Search,
Grid Search, Hyperband ¢} <=3 5} BO<| A= a &4 3
ALt &S Fretglom, B84 7§ 4 (explora-
tion)o] AA FFHMoA oAEA NI EHEAE
A F2e] MslE AFsh A A3 BOE A2
H7F oM E 2 A5 stolHIgrH 2ES
w2 A g EtE S 2o, aakd Ik A 9
GP ALt B3R E F7F HEFE Wy A2 Ak 54
Ad AAd gk 7174 5ol gt A 2 YEFRLT

AEHo =z BOT H7l v|go] & rdeo] §g8&3F
A stol]l wlg- FESA T R
stolw et g g3t HET A E 7Y T
A A2 A0l E d o] qlo] B2 ¢S ghlsitt.
H A= AutoMLOlA1e] BO &8-S HUF A=F
AR A AFH oz Fristo=zHN, a&d7 A7}
FE8= BOQ AA 48 7Hed S H eS| AA gk

1. A& (Introduction )

AutoML #oFol| A slo] 3 he}r| B Fd & B

A4St 94 Adolv, 0% aEHAoR S
WHS 2= 22 Machine Learning A5-9F I+
R T3 AR ol 3th. 53] Random
Search Y Grid Search = T-&do| 7hets}x| gt axp<d
stolH oty 3t 'A g&o] 543
Yotk HAE 7Hth ol @ o=, FHZoll=
Bayesian Optimization(BO)< 83t =}5-3le 23}

7ol theFd mele] HEH A8 AT

ATt

Bayesian ~ Optimization <=  &4(exploration)Z}
=& (exploitation)& g Al s, Bl A2
A SFEE 52 459 stoldaany 3
Zr= k2 o 2 2k A 91t} Gaussian Process(GP)E sur-
rogate model 2 AF&-3to ZH BO + B2 3ol A
EIAAES AFH o= &85 4 9l o1 Expected Im-
provement(EI)Y} Upper Confidence Bound(UCB)<} 72
acquisition function & E3 4 &&& HH
A 7130} gt et o] 2]k 2 GP o] Al
ERAZOMm)H 22 F7Hel A 9] kernel length scale
F4 B & dAAA Ak 2 W) o] of F&
TAES AutoML oA BO ¢ A4 &8 7MsAS
H7bshe ol 88k a1y 847 ok

.

o] 915+ Bayesian Optimization ©] Random Search Il
H|& vl sample-efficient 37|, 5 A|gtE A
G50 5o A BHE 5 JeAE 4ghow
Ha8E RS 52 532 3} o] = 93 Random-
Forest 2% XGBoost & WS = max_depth, learn-
ing rate, n_estimators, subsample, min_child weight <}
e Fa stolssengE HA45eH, kemel
A (RBF vs. Matern)¥} acquisition function(EI vs.
UCB)e] B4 Aol ol | hol & mhEin] ¥4 gk,
3, BO 7 134 shol o shetu] B 7kol 4] 7hA =
FaA @7 A A Bal A 0% deleha)

g}

7 AgAdA o e FAAR] SAE Aleet,
A 319 Y] accuracy =2 loss 9 H IHEHE
Hlagto 24 BO o a&4S A4 om A G,
U] Eo] GP 7|8k BO ] AXF v-&-3 T3 W4 A7
o &, A St & 2de] A Ale] 58 3
A8 0 24 & A AutoML $+7 ol 4] Bayesian Optimi-
zation & A& w] gjsfof s LA A I
s etk o] & Ea & A4+ BO ¢ o|H#

1 A99] 3= AutoML A Z=Elo A o] E BO A A ©]
Aol X



S #d A =9eiy, FF AutoML ol A9
H A s} ef el A A A& Alsst At gkt
2. A& 2 4 (Materials and Methods )

- of ol A = Bayesian Optimization ©] 3} 3 3} 2} 1]
%““ Oﬂ /\1 Random Search THH] <dnj} =& AME

& EO] A A5 Y8, 3 AutoML
= ?l’ S F53F . A %S Python 3.10 7] HEo) A

Q M_U% Scikit-learn, XGBoost, NumPy, Matplotlib,
2l Scikit-Optimize Zo]|BHIE F8& LET=E
gttt BE A% I+ Jupyter Notebook
3HA oA A Ed 7}%3} = Aelstql

-l> mZ POI‘

s}

>
o

HA, HAg o Ed= XGBoost it
MAsg o, Blal A% o mﬁp\qa 82517
UCI HlolE AA2oA] A3s=
deolgAls &-&aqith. H]O]EJMO
AZL 30%2 2aagdon Fd g
WM == MinMaxScaler = ©|-8-3 A 73}35F3ith &
e WHAERE BF EAdA dE AgHE
=S AHESF3l T

stol¥ shebr|E ©A o4 W max_depth, learn-
ing_rate, n_estimators, subsample, min_child weight =
MRS 2 wae g W9 JE Bas /e
2d HAHS Faste] Table 1 o AEd F3te=z

317 3}% TF. Random Search & 20, 40, 60 3] 202
A8} 3L, Bayesian Optimization < %%lf?} e
358 /o FHsgh

Bayesian Optimization = Gaussian Process & surrogate
model & AHg-dte] FasFAT 7] B2 5 7)<
del MER AYHAIL, olF W A A
EI(Expected Improvement) =+ UCB(Upper Confidence
Bound) acquisition function & Z4-83d}o] A 3}r}
AT GP ¢ AE> RBF ¢ Matern & ZH2t
A -g35to] A5 zfol & #4138tk A E 9] length scale &
gholBE e V]Egew  AlAsiglen,  HAH 3
Ao M Abs o= SEE e At GP 3 A 3}
Al s AXE EREOm)] e A FEs
B7kst7] S8, @A slg Sobel mE A AR

7% 890

7_|1— %L}\ﬂ OL g] _/] )\%:a

d
__(x)g
o

Z
> i
i

I} E best validation accurac

SEg BHIYL BE £

Apgste] Fate] 271gkel G Hase

A A ¥ 2= dolHE numpy Hi

‘<E

Ru DA I
gty ot 2

B, a1z stolH Etu Y g7t A GP 7] BO 7t
EO]L 24 FAE B8] e, W 5 e
/\1 64 = /‘zsg o}oﬂq ]U;H GP 7]_ length scale < S X4 3l O]
5otA XS A5 oS EAto] EskA 27]'0}74‘/}
HEetA Fade IS Ao, ol
A2 GP log-marginal-likelihood @t} o5 Al =] 43+
W32 B3] Ao w FrtE ).

3. 27} (Results)

2 Ao A= Random Search ¢} Bayesian Optimiza-
tion(BO)°] &4 §-&5 vl sl7] 93] XGBoost X2
gFew A3 A 35 7oA HAIAS
stk 4] A3}, Bayesian Optimization = % 7|
10 3] A ©o]% Random Search WH] W27 ¥
Ao st 4Es ioﬂﬁr 53] El 7|¥F BO =
gl x7)d wEA A5S MAEY o, UCB 7]k
BO = &4 Z1lX o] A] 0}24%4 o] =82 e

Gaussian Process & #Hd A ol u} 2 2}o| = 725
RBF A2 AnkHom vinygA sk 4
Hol v Matern €2 YA A ] {2 o

A EstH, B3hade Zi%zﬂ,g.i o] &3l global opti-
mum <A & B eE 548 Bl

Random Search & ©A 32 Z7IAAXE A5 AX7}
= J‘?i, Bayesian Optimlzatlon 8 o %“‘—H 3= /\1
I

S e e

74]{} H]%S %‘f*ﬁ“ EE

Z7hstsieh.

2 ff&l stolH sty F& 8=
g A7}, GP 9 length scale SF+50] & H 8 4| W A]
TRtol A=A FaEAY FHE= Aol



KENA

PLER
ERtT

Hyperparameter Optimization Performance

—— Random Search
0.99 1 BO (RBF + EI)

0.98 1 A

AA AL
/ﬁ\/f . \/\ i \V

0.95

0.94 1

T T T T T u u T T
0 5 10 15 20 25 30 35 40
Iteration

4. 9] (Discussion), Z £ (Conclusion)

2 AFE AutoML 3o A Elo]suletu|E A
Ao Bayesian Optimization(BO)= 4 -&3}o] w4
a8 AR S EA Y. A7 23, BO + Ran-
dom Search tH] #A3}A =2 sample-efficiency &
B om o] Gaussian Process(GP)7} A3l
=324 70k g (exploration) @} 7]t 7] A1 (Expected

Improvement) 7|7k §‘f%(explonatlon) o] F¥Ho=7
37 gEo 2 AP, 35| EI 7)4F BO = &40
z719 e & 57t HH}EAI LEFSE AL, UCB 7R

BO = ®A F-Rbol M b A Q1 =7 & ®.gltt. o] 21 %k
Ao 71E EdoA BiE “BO o 7] £ 7%
3

GP AY Hele] Aol
"3t RBF 7192 wj11e]e < FelE 7Hg 6t
Hg Al 79 BEFS BAARE, Matern 7] 2 rough-
ness & 8|83t =0 *f* FIE A=4e=

Aefel] $23 =

o] FE!]—}\H _‘?gl— Jﬂtoﬂ =g otq

[e)
—
Bo] g4 45l 4

SHA = EEshA
SH ) 515 Zo}e] WHE 0m3)0m*3)0(n3)
H| 82 b = gt AEE S04 g4
£5 5 A, O}O]vﬁvﬂrﬂ]r‘ﬂﬂ a1k A S N
8 M=z ggst Ao = GP 9] length scale 8H<5°]
Qg AlEggte] #A-dd FAEE @4
UebRTE =3 5y v Ao Al o3
A w A &2 A2 FUTt o] FAHBOE
AutoML %76‘01] A &3k jkEA] s efof & dA A
Aloko.z BT,

Ju)
T
@%@ ¥ e
S0
29
BN
e,
’ﬂo
lo
-4
BN
ax

#7202, Bayesian Optimization < A2} 1453
stols e E] B FAlelA  AFHear :
a&Aoly, 4& E“” TR 52 A9 EE G4
T Us o%‘?f Ledol gl ey
HEd-digre ®@Ae] 8% AutoML
3174 o A= Sparse GP, Random Embedding ”7]%F BO,
Deep Kernel Learning 5 }.t} ¥ ¥ surrogate =27}
multi-fidelity 7] %3 ¢ 4 % g-o] ezl B o= BO 9
AR FAE 7 JA AAFOEA, AutoML ol A
54;‘45} Aehs dAS v Ad A #Fa A5 2 &84

REFERENCES

1. Bergstra, J., & Bengio, Y. (2012). Random search
for hyper-parameter optimization. Journal of Ma-
chine Learning Research, 13,281-305.

2. Snoek, J., Larochelle, H., & Adams, R. P. (2012).
Practical Bayesian optimization of machine learn-
ing algorithms. Advances in Neural Information
Processing Systems, 25,2951-2959.

3. Shahriari, B., Swersky, K., Wang, Z., Adams, R
P., & de Freitas, N. (2016). Taking the human out
of the loop: A review of Bayesian optimization.
Proceedings of the IEEE, 104(1), 148-175.

4.  Hutter, F., Hoos, H. H., & Leyton-Brown, K.
(2011). Sequential model-based optimization for
general algorithm configuration. [International
Conference on Learning and Intelligent Optimiza-
tion (LION 5), 507-523.

5. Chen, T., & Guestrin, C. (2016). XGBoost: A scal-
able tree boosting system. Proceedings of the 22nd
ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, 785-794.

6. Rasmussen, C. E., & Williams, C. K. 1. (2006).
Gaussian Processes for Machine Learning. MIT
Press.

7. Li, L., Jamieson, K., DeSalvo, G., Rostamizadeh,
A., & Talwalkar, A. (2017). Hyperband: A novel
bandit-based approach to hyperparameter optimi-
zation. Journal of Machine Learning Research,
18(185), 1-52.

8. Wang, Z., Zoghi, M., Hutter, F., Matheson, D., &
de Freitas, N. (2016). Bayesian optimization in
high dimensions via random embeddings. Pro-
ceedings of the Twenty-Third International Joint
Conference on Artificial Intelligence (IJCAI 2016),
1778-1784.

9. Li, K., Jamieson, K., DeSalvo, G., Rostamizadeh,
A., & Talwalkar, A. (2018). A multifidelity ap-
proach to hyperparameter optimization. Proceed-
ings of the 35th International Conference on Ma-
chine Learning (ICML 2018),2129-2138.






