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ABSTRACT

Machine learning (ML) has recently attracted attention in various fields and the performance of an ML
model highly depends on its hyperparameters. Accordingly, it is important to find the optimal hyperparameters
to improve its performance. However, there are many difficulties in hyperparameter optimization (HPO) due to
some characteristics of its objective functions and decision variables and lots of studies on algorithms for HPO
have been conducted to solve those difficulties. In this paper, we analyze the difficulties of HPO in ML and
present the trends of recent studies on HPO. In addition, we present a future direction for HPO in ML to

further improve the performance of ML.

I.M B oA ATH ZATTE B4, F8, 94, 95, Al

Z 5o vkl Akg] Holfol] gEe] olm|z] HF,

FH QlF A HokellA B F5S why shibs) B w|, A oS, 84 e, WY B A o
A A= 31 9)= 7] Al (machine learning)-S 570 Solu} geld] AA FAlA 95 s Mol
Z dlo]e]E o]g3le] B4 Hxol gt elZet 4 e, Z) Aol A3 3)F(linear regression),

Ao) e PN duelzel] dig Aol AW finear classification), H o5 w4

# o] 7 20231 ARIEAARIT 2 A1/ IR IKEIT) A7) Aol 2)g d7-%(RS-2022-00154678)
+ First Author : Yonsei University Department of Electrical and Electronic Engineering, wonjonghyeon@yonsei.ac.kr, 7 3]¢1
Corresponding Author : Yonsei University Department of Electrical and Electronic Engineering, jangwon@yonsei.ac.kr, <4131
*  Yonsei University Department of Electrical and Electronic Engineering, tls0264@yonsei.ac.kr, SH33]<]

** Sejong University Department of Electrical Engineering, kimjh@sejong.ac.kr

Tl E  KICS2023-02-026-C-RN.R1, Received February 12, 2023; Revised March 27, 2023; Accepted April 3, 2023

2

733



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

(nearest neighbor search), A3 T3S Akmeans
clustering), %173 %H(neural network) 5 T}eFgh rdlo]
EAsP, Fo921 dlolele] Hejo} s|AT A<
20 wel G5 wals Adelsle] o] 43k 4 9lrk

ARG mdo] B4 AIE oI&3 L B4 &
Aol AAE Wel7] $18ixE Fo13l dloleE o]
sl A3l sk l2pr]E](learning parameter) FLS-
Zh= FRl(training) 2Pgo] BpAolrt. 7|AIEEe]
sk lejujels} we), 7] A vl gq Zz} ok

F oo TAX R A WE slolugletr]
E](hyperparameter)2}-1L 3}, slo]z|aelnle]= &3
I Al gt vlg] AA= ] 9lo] F I 3k
o] W3] o=t} ol2gt 71AIkEe] lolsgleiry
= 37 Bd slo|g]sletvlele} duels slo]vvte}
vEE 78 5 ok 2l slelHIetre= 74
sty Bl ApAe] 25 AA SR 3o, Al el
Al 2] Z(hidden layer)®] 74} 2 2 F9] =
N4, @A 417 " (convolutional neural network)ell
Al kernel®] Z7] 5] sl dare]E sleo|s v
He 7AESY S daElss AAche e,
ZdA ks (gradient  descent)ollA9] &l<5E(learning
rate), HH(iteration) 3l So] itk

7Aool M= E3el kA SlelHEtnlE e
ZAAsto] FAH Q] 7 AISE wdls Ak, o] 7]
Agks 2dS o]83slo] F(learning)S Al YEF
Z} slo|jalEtrlE= AR o 7AIERs =Y
Asle R slo]wlelrle] Fhol| wet 7] AE)
Aol A, sfol=|getule e Ad
3}x] erom y|AE ndl g ke A
T olrh webA =2 Aes 7 7IAIE
T3] $lsli= 22 slelH T
ofof g,

slo]H = & ZA] Slex= 2 8t
o]sgl}r|e] o Eﬂﬁ‘ﬂ 7174]5% 95 S5AA
of dlet, dubg o g drolle B A7to] T g
t}. ole) w2} 7lest BE slolH e 3ES A
S8 24sjo] 249 spelsieplEE e AL
QA0 AS) Wsele) T sfolalsteirlel
o]xF&(discrete), W
(categorical) & L Sk vl vheFetar, 22| s
o]sgle}rle|uict '—T"JE u-§- clealck o]FlAl slo]
] s}lz}r| e €] 24 3HHPO: hyperparameter
optimization)oll &= oj2] WHo] &8, HPO2L| &

]S olzlgh WS slAs] Ak wWake® o
513 9,

ﬂlu.,

)

o
=

Pﬂ

zd

Al A
[e]

rgi;mb

=
Lo

i)

|

oo g0 ox o

i o) o

o

U
-

2]

3]
¢14:3(continuous),

134

15 b

T el ASEEA A% A7 (deep neural
network), IMIF AW, <3 AADRNN:
recurrent neural network) 5 1739 7|qke] w-e 7|
A mdge] ARG olzgt e g
AR RS 7P ode] didew o 7xE A
Aol 2l stolugerlelz) wig- Wk webA
HPO Foll4] 53] A4 7]k 71 A1g<s 2de] A
T S S8l AR mdl slolsgletrlElE
Asshe A77F TR glom, AT s A
A3sl7] $13F HPO ¥2]&<S neural architecture
search (NAS)zZ}a F-Ex}iel,

A7 = HPOo| T84l dare]s 7Piks- 9]
g e dd7Ee] A= QP [416lM+=
NASE Z@3le] tfx2]el HPO da]5E5s 4l
sta Qlvk 7 daE]EEe] el Hi JHES
Bayesian optimization (BO), %13 dwElE
algorithm), 733} SHHRL:
reinforcement learning), AR} 502 A2]sla
o] 715l whel darelEES ERsch [5]el4=
A8 3], g ©]% 94, Naive Bayes, ensemble
learning, clustering 5 32l 7|Agy wdES
2N} 71—71—,] o t—ﬂoﬂ i_tﬂ—E] 3}0]3;];1}2]4:]15«]% I~

(evolutionary

AhsIsic) el efel HPO <12 5} 7]
Be 2 2

ket 7]74]@% E’—%a & Zqﬂﬁl'c’ﬂ‘:]' [7]°"‘1“ HPO
daE]Ee] dubA]l "aLE slolw ey A =}
A3} A5 *7Hperformance evaluation) 22 -
7t 31408 7ate] == kare]Eel we} HPO
dE|EES ERIlslth 3 TAIskE mde] A
< FHrlslr] $1% A EE precision, mean square
error (MSE), complexity, && A7} 5-°.2 v]-¢- ¢}
ofstr olzlgh o] A XEE FAlo B4 IR A
23 HPO <d7-5°] A= glek [8]elA= o3t
th5A HPO!| thet A758& Aa/iskar glok
HPO _,_;4]4 EAJA} o:]a} \/]-XJ_O] Z:xﬂs]_o:] HPO
o] dyP|EEL olgf3 PHES sAslr] Y3t vk
ko 2 ke glz]u} [4,5,7 8]°ﬂ/<’]“ 7} ok ye|=
o] s AstaA}l gk Wl FEEkaL 9lA] k. wlebAd
B =ollAe o]zld HPO TAI1Y W3S B3t
olel we} HPO®| de|FES Avishaal gk
HPO dxE]&e] #Al A7 535 2vlish]el A
E =l WA HPOS] S #Ac). o] & 4
8 HPOS 7422 #3lslal o1 545 AvjEct 5




S R L CIENEECEEIEPE R

Alslel %43} Al (optimization problem)E VIR
2 HPOS| & w3, 7} o—raww s

HPO2| el wzt Zﬂ‘&ﬂ Feo LRk
HFH R oA 7 ﬂ Fao A £

At AT FEs Ty PDP

£ =19 AL v Zok 23 ell4+= HPOE
Aubd gl 243} FAR A8l HPOS] W&
Hehek 373ellA= A7 A= HPOP/] %ﬁ
=5 24 ol|A 1FsE Aol ulel F5F

45 Addydi) 47l = HPO—4 °4¥7}

= ‘40]‘7&}' Ho]'o = Zﬂ ]ﬂ'—lﬂ 5201-01]24 l{‘_\f‘/] 7&
Lokl

[t

o

N

il

o
)
[e}
i
rht | _V‘i _Y‘i

o o nN =\ \~>«

=

. Solmut2tolE Z=s}

2.1 sto|mui2fole] =Xt ZA|

oIzl 7|AE sy mdel| s 1 7| ASy mdle)
sfolsmlElnlE7l 71 S gl BE HEe] A3k
A F7Nsearch space)ol2far kel gHY 3712
e TAAR shte] ZARk mals AAst
FoIz1 F4 dlo|e]e} F1Z(validation) H|o]E]e]] sl
7} 7|AEHr mdle she] Ad(performance) #kol
sk 5 34 e 4 3]"/}3}"}‘* 7 7174]

olefet A% Hle

A7N Skl 4

HPO= %ug %7} qmm 7} 3 2 H%— Hisd
A= slolsisiebulel S 2 solekn ¥ 4 gk
w2} HPO+= &A1 ()3 7o) 54 <} A4
T5 XA HAE A ddz 2l 5 Qo
mini@mize J(OXr, Xya) (1.1
subject to my <6; <M, (1.2)
0, €N, (1.3)

03 € {51'02’(53:/13,3)"'}: (1.4)

A3z >mz3 (1.5)

performance evaluation

search space
training performance
(0, X Xeo)

> J(02{Xer Xva)

— ](93 ;Xm Xva)

XU’" Xva

S8 1. Spelsisieiele s W)
Fig. 1. Performance evaluation for hyperparameter.

Al (.ellM JC | )= B4 3(cost function),
o= steloFete, Xp= +7 vlolE], Xvae A5
dleefe]ch

A (D] F4 gl J(OXer, Xva) = 71713}
F9] Aes el vIg R, Folxl &1 dle]
B Xy} 25 dlole] Xyaoll tial] sto]=iletvie] @
of A3t Frr FHF vl§ o X Es 3]
7 A Oﬂ/\ﬂ—J H3t Al S *Kmean squared error),
25 LAlellAe] A} ol EZT(cross entropy) 5°]
ek A (Delld= v 5 Hadelke s
FHow g

A ()] AA Wl 0 = (04,6,,05, )= 3
A3t BAE Fal 20 (S 2} sk slelus)
2ol 5] oot stolualetrlEl= ghe] W9l
oﬂ ulz} 443 o)Ak, WiFEH o s BEIF 4 gl
43 slolslgleivlele Ag gk 54 72 W
Yo HRE 7 olE B0, SES ke Al
Yo 7P g glem R 14y slolugletulE|e]
ol4ks slelulglElrlel= o4HHRl A FHES
A2 AP stelststeblelols 1% Sol, 417
o] 29 o] e Fol obd ks ke vt
A gleng oily sjolsjgletrlElo]}. 143
afo]s L’Jrﬂ} [E1¢} o]k sfolsjglebrlel= F 5
A8 & 7H 5 ol7] vl 55 S04 A
3]'01J14‘1]r” Heparw ghel olo} de], HEd 5]"’]
bl e s 2 2hHA] o= e
Zk= slo]sigletrlElelct o5 S, /\1 o“o” o)
24 3hp(activation function)”} o]l sligkghc}. &4
3h= rectified linear unit (ReLU) 3 sigmoid &
-, yperbohc tangent 3 5o| & 4 3leH o
= B A gho] opu®, 24 e W

3
=] 7

X J

N
N

nET,VL—DJQr

03

ru

.\umlnﬂ

N o

)

3

stelstspeplelolek s, 1 Aals 57 slel
steirlelol ©)za}e] 1 ao]s|elule}rt 54
bl et EAE stolststetlel t S, o

m{m mlo

735



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

Z71%- 3lo]=5}e}]E(conditional hyperparameter)
2t gl oflE Eol, 4 ) ReLU 3+,
sigmoid <, hyperbolic < 5 = 744l
sto|s]gleinle| 7} d 8 5HA] 9|4k, parametric ReLU
(PReLU) 3 wlelli= 24 2] 25 77t 71+
715 ARz A esith o] Aae A I
7} PReLUS wellrt &gt 2714 slo]sgle}
v]E]o]ch

o|XF slo||glelrlEinic) o7l W7} ofEn,
7} stolwFletnle] o] Foizl W= A ()] Ak
Aol vied=]o] gk A (1.2), (1.3), (1.4), (1,5)= ©]
gk A|FA ] CA]E HolFErl 0,2 A5 dlolH
sietulele] oA, [my, My]e] 7715 WSIE 7kl
o} Oy o4k sfolHalEnE| 2] A7, Alds 3k
& AR 7RI O3 WFE SfolF e 9] o
A2, 7F ol ¢, o, ¢ &2 w7 5 Sl 7
4, 037} o w 2% slo|vigjeiulE ]l A3z7F &
Aste] O3 oy9b Y- slolsulein|e] A339] =4
Aow s 4 olrk 630 AN sloluglelrE
55 A% sjolsgleilel = (mas, ©)o] 77
9= 7ok

2

al A3
< 1

2.2 sfo|Hu2iole| & Xste| Lhd

HPOZS $J3lx& WA 24| ()A=] 243k v)$-
et ##o) s AAT slolu]slElvlElE A
o]% o] A3} Ale] HAsE Fafl 2] slo]v]
sleple] g AAg) SRR 7| AlSk: 2 HPOS] &
A AR ek bl ofe] Wilo] EAlght). A
72 ApE w@e HPOS] Udae|EEL oleldt WA
< djdsl] $18h whske 2 oA i) 37kellA 24
2o & HPOO| dwe|EEs Avishldl oM & A
oMi= HPO®| o] W& #AstauA} gk & =1
M= HPO®| W& =7 olelle} o] H5sisdrh

2.2.1 H|8 5o =5

b og A ()9 54 4l J(0[Xr, Xya)
= glo]#Fe}rle] @l W3l closed-form 22 e
7] ©123¥ black box functiono|th. J(O|X¢r, Xya)7}
00l 3l closed-form o2 F Aty 3lrjzte wj$-
A el 2 xdEr EAgsAAY v e s
=l A9 titolet ool wle} £ A== 3
23} dare]Eql AARIEeIY convex optimization
2l 7 = A (Dol viE Agsto] HHEE T
3= AL ok wepx] B2 P47} black box
functiono] Ay} EA1gE Zo] g1l #As) TA2] &

136

A HA 3} FA Folo] 7IHES 54 vt A
& ol AA Wi W
53 AT dhiRolck oS Bol, o] =3t
7187 |(gradient) & AlAtslol sh= ZAlsPhy 52l
U] Z5L ALE WYl M4E AR Wen

A3} 7[HES AE3P7] ole9] A% slolv e}
e R HA-EE Feb17h o daliskAlR, integer
programming®] UHFEQl LdvE|EHES A E3le] F
AHalg 78 $x ok A W13 slo]s gy
= 738 32 7R o7 wltell W3 lold]
geprlel7l WeE 23E 54 g Allokale] s
AR o R ATl HH&E ek AL vlg- old
ok 53] 2705 sle|glelrlel = ofE slo]ugle}v]
Bl kel wet &) of e} e} Alztolel W
slo]sialeirle] e} v 2 S AQl W oR &
AHalg F37|7F w- oI5tk olel wef, vhekit £
5o slolsilelrleld| A8 7last dare]F 7o)
HpAe]ar, oo i3t A7t a3t

2.2.3 sto|mmiztole{e| i

oAb o & shte] 7|Alsg Bdllolli= 4lellA] 4=
W 7Y olite] mdl slolwslelrle]e} el o]
salelr|elr} 23] gl o B 3lo|H el
7FHPOS| AA W4z E3E4= o] =2 7|Alsky
] AA5E 71dE 4= gl sA|RE e 2 43}
A= AR e 47t HelESE Balwr) 34
Al 718k olglst Adsella 71Ee] daE|ES
a2 A-8shd HAEE 8 bl AlRte] wig- &
o] 8 =AY HAsNE 2= Aol Brbssicl wef
A w50 slelFalErlEee H83 4 9le
HPO <xE]&E 7Iiksl= A7) #las]ofof gkl

2.2.4 d5 "Il AR

7B 0 2 HPOZS $1si4e 23 16443 Fof
2 slolsaletn|ejnie} 7| A|gks male] A5-S 7}
ke IAo] 4o} dukz| oz F|AERe] A5
7R e i e 978l Wi 71 dy A
7re Rt} sherslaal sk dlolEle] =17 F

5%, dolele] 47} WeE, U4 YaelFe] Ba




>

(A5 sfelsistetile A5} A7 £

E7b 2255 shgelle vl B2 ARke] &8 Flo] 7} A g=]ofof gk
o} obre] g Al EfolevlEtviElE A
N daE|Feleke 1 dae]Fe] 3 Al7te] H II. slo|mul2ilE X3t o7 Sat
dAHow Aol fAelA] AR 4= giokd 1
252 FolvskAl & Aot wEhA el 2 HPO 4| Fololli= 227 llA] A3 of=] o]
= Al arElste] A Wbl Hadh ARk ol Mew, HPO?| dare|E5-2 olzl’h \WAS a3t
At A dare]Fe] an A Y 5 e AT 7] 18k ko A gk 2 el it
F 1. solsitziolg 243 duels
Table 1. Algorithms for hyperparameter optimization.
Paper Main contribution Search strategy Types of hyperparameters Number of hyperparameters  Year
[9] GS Continuous ~10 1998
[10] RS Continuous ~10 2012
[11] RS Continuous ~10 2016
[12] RS Continuous ~10 2017
[13) Complexity of RS Continuous ~10 2017
———  cost function
[14] BO Continuous 10~20 -
[15] BO Continuous 10~20 2011
[16] BO Continuous 10~20 2022
[17] Interpolation Continuous 10~20 2017
Continuous,
[18] BO discrete, 10~20 2011
categorical
Continuous,
[19] BO discrete, 10~20 2011
Type of categorical
— hyperparameters .
Continuous,
discret
20] BO, multi-armed bandit iserere, 10-20 2020
categorical,
conditional
[21] Gradient descent Categorical Thousands 2019
[22] Reverse-mode differentiation Continuous Thousands 2015
[23] Gradient descent Continuous Thousands 2018
———  Number of — - - —
[24] hyperparameters Implicit function theorem Continuous Millions 2020
[25] NAS Discrete, Millions 2017
categorical
[26] RS Continuous 10~20 2018
[27] BO, Hyperband Continuous 10~20 2018
28] DE, Hyperband Continuous 10~20 2021
[29] BO Continuous 10~20 2013
Time fi . - -
[30] 1me for Genetic algorithm Continuous ~10 2022
— — performance
[31] evaluation NAS Categorical Thousands 2018
[32] NAS Categorical Thousands 2018
[33] NAS Categorical Thousands 2018
[34] Q-learning Continuous, Thousands 2022
discrete
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Fig. 3. Example of surrogate model in Bayesian
optimization.

739



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

functions dh}= wASA] k3 oJ2] acquisition
function FollA] ] wARk} 7 2 452 31|
Haevlel s 2E R oiEe shie
acquisition functions A=gcl vl 2Aelc}t A==
acquisition function A5 H7+e =1 & HrhE
Aes viEeR BAS v, A AR 7
acquisition function®] 74 XAkol| softmax function
2 A43lo] 7} acquisition function®] EE =S
W=tk w ARk o] EE el 7]uksled dhle]
acquisition function® FZ3}3. I acquisition
functionel] 23] =%l sto]sisletrlefe] sl ths
Aol A A% 7= 3tk GP-Hedge dhz) o
o2 acquisition AHE-3ko 24
exploitation®} exploration A}0]2] trade-off S o33}
o] Aol ¥ £ dlelHueirelE A9 7l
S =dch= ol 9o)7) srk

[16]°l4 1= #A ¢ slo]slelrle] 73 3l
AR mlE] oA gle A ARE Hkedslto]
BO®] v ©AellA] slo]sigletvelE %3 nBO
e G SS ApEeisich & 2 3 Wl 7 £
a7t HA 2] slelH e FE EE7} TR
wl, v ©A]Y] acquisition function®l] ©] & H-¥
H3}e] Al 22 acquisition functions #2]3}3ic) ©
ul, BO®| =7} zleiglol weh A§=lel g5 Ex
o] o] AA Fo|ELE 3Ih o= 53¢ 3}
o]z s}e}m]efel] 714ks}e] acquisition functionS- A&k
g 7|22 BO 7|l wlsl, sfolsigletrlele]| gk
A3 el ARE Wkl zBO7} o] 2 A5 Kol
= A& APS F9 FFssdch

BO 7]8t <3125 surrogate model 2 Gaussian
process 52 EFE EdE ARSSIth o9} W,
Hyperparameter Optimization using RBF-based
surrogate and DYCORS (HORD)!''&=  surrogate
modelZ4] ZAA]# 2wl radial basis function
RBF)& 283tk v§ e A A7 As
H7rE 2ks3k sleldeEivleEe]  RBF®
interpolation-S -85} o &3} the- whAlol|A A
o et slo|HalEirle= Al DAZA A
71k sfolH e S Af HEE o]83le] 2
A3t} HORDE BO 7]4ke] otwe]Ze] H]s)] B4t
E7} ulg- ot ol 5H vlg- FE Antele dl e
= AlzZbe] Frh= dl ¢Jef7 sick

function<-

o o ¢

-

3.2 sfo|muf2folEle| EF

sfelszlErlE= A5y, oiky, WFH, 240

740

T L F5L ohFelth A5y sfolwuEvE ¢l o
3 A8 7Fedt HPO dare|go] 71 wol <d+-=e]
ARt o e FRel slelgFebrle e AR sE 5
UEE sfo|jaerlEe] FHE 13 daElEE
121 el 3 glck
Gaussian processE surrogate model = AREE=
712l BO 7|uke] kae]Ee- o143 sfo|#uletv]
Elof] st HA-3)E 78 = ok ol [18,19]¢
4= BO°lA Gaussian process”’} obd T}E
surrogate model& A8-31o] thE F5H-<] 3le]ugle}
vlelel] M HANE 72 F e daElsE
<5 7IEsIick Sequential Model-based Algorithm
Configuration (SMAC)"*lellx= 42238 slo|u]z}e}
w|Efollat %4 7153 Gaussian process®] kernel
functionel] F7F4 0% WF3 sfo]valelr|E o= A
£ 7}58F Hamming distance 7]¥+2] kernel function
< A aefste] A WY slolsglebre &
2 aeE = glA] slgick SMACHX = wrke W
How £X3 slolHIeirled® AT + o=
regression tree 52| %<1 random forest&- surrogate
model 2 &-83l0] 233 W53 3lo]slglevly
o BF A4 7lsg BO 7t dwE|ES Akl
t}. Tree-structured Parzen estimator (TPE)!'el4] %
T2 332} W3] slolugletrleld] L A8 7hs3h
Parzen estimator-& surrogate model 2 A8-3}o] Tk
gk F579 slelsaEtrleldd] A4 7setA stk
7|AIERRe] 2704 sle|HEleble= 54 slo]d]
getrlel7l B4 3hs 7H wjelvt EAljgte] dubA
ol =3} 7oz HPOS HA S F3l7] oLk
[20]el4= W3 sle|=zletr|e|e} ofdl] oJEsh=
£ 2 sfolalEiE & #A3lsk= BO 7]
& v2]& Bandit-BOE #3513t} Bandit-BO<l|
A]i= multi-armed bandit 7S &43le] W5 3}
olsfulzr]E]e] ol t-&¥= armES Ak
Bandit-BO+= #*9] arm3} 7} armell42] 9] <
%3 slo|sEirle e Ak As FHoE 3}
v, multi-armed bandit®] Thompson sampling 7|
< BOe°ll #-&3sick
3H, o] 7R7)E ol 8dhe AARPIEE &
250 Zhdsle] Z|AIS ollA el Eg= 3 )t
Fpo] 71871 2 57t S5 delvt 77
lone Wy slolwalein|e| ] HA3le=
AP S viE 243 = glvk 21]¢4=
telglzlebrel 5 A4 slolugletrlelR Wg

F oA Ageel Axele ok

2

=

! Ay
e
T o o on o



=i 1A stolsistetule] A3 AT T

Differentiable Architecture Search (DARTS)Z}= ©]
5o daElES Aok A7de] 7t ks 22
ol &4 3E AAskr] #l3] DARTSex= 7+
A g TRl A 3hE A7) o] A FhE
ol softmax functions 483 gt& 2+ A I F
HE| 7l A 2 AR o] F A4 g FREC 4
2ol Fed] e B BHES BF O AET B
= Asle] darelFel| o] E ARSRIL o] F
= 2 A ekt o8 E A el oig
e ErolH, wEhA o] el AR E %
slo] Al s AAsl A E I E 7
A 3& 7Ple 24 35 A9k DARTS= 54
slolslgleblEl & vk S0l slolulgletrle = gt
She ololelols AMsIER: Aeld elel7} olek

3

3.3 sfo|muziolE{e] i
7AIE s mdle] EHmlc} slo]ssleinlEl e 4
£ thEARL A% SrellAE sloldulelne]7) S
oA $3 A oliko® we A% gtk HPOL A
A MR 2ol slo|HmlEnE 9] G} BeTE
o £ 7AIERRe] A 7IdE 5 sk A

AN duE|EES AA M NgvE AE wen
Q- 2=

2o

a3 4 o/ A4 W] 57} 0E dell A
Hom Ago] B s 497wk welA slols

| 3,

getle]d] Ffgrl Be el® A4 75t dare]
F2Blo] A= s g)

AP Aol 13 o] 7eE
o] g3l7] uwiiel] dubHoR Wo] sgrt welw
Aeoll FA e mIAA] Gtk ool [22-24] 9014
= sto|zjglEtrlE] e i3t B8 o] 7|27 E ol
S3lod w2 o] slelHIetrleE HA3E 5 3
= AARPH 7Eke] daElEs /sl

A3} S<(reversible learning)S- HPOO! #-8-3+
[35]0014 9] el 71AIEE Bl Fav) 25t
TpE Axg) sk 2 oA Qb whs A
g w7t wel sl FAFe] 9lrk [22]
A= olzfdt EARE A3 Sl T2 DAL
QAik 3he AR 4 gle] IFH o]z Tt
FHE] 27] sfeldletvly e AT 5 3= W
e Aksiodnk weba] 2 wnelrt flojx JHds)
h-5 53l HPO®l| A RIS 263 = A 3
o, Ags F3 A Y sleldgevE =
daE|Fe] A TRk AS Flsldck

[23]01 M= 71 A1 2le] 239 sigr gl
Fte] slelsetule]ol o3 AA e Aol F53)

od

=
)

o

o], Foizl stolHetrle el et S FerlE]
5 of|&3}= hypernetwork =21 Alokslact slo]
s|gle}rlefel] t3t #]8- 3= hypernetwork} 715
el gt g o] A FrE mHE, A4
A6l &3] sle]sizleiule] ol thet v]8- 9] 7|
<71:= hypernetwork®] 718719} 7Fg=] ol gk v]-§&-
o] 7]e7)e] Fog mawEc) ueld H#e s}
olFFe}rle]l= AAle Y daElES o83l o
deled & 9rk 231elMe o] duEES
hypertrainingo|2}ar H-2u], slo]sdlz}nle]e] 7|4
7} @& ol 7|2 BO 74F darelge] AvE d A

< 53l Akl
[24]oA= Al W R 7E7]E

S ARkl HPOel| AP S 483171 9
3 2AH 718715 o83k [23]0l141 2} vl
slo|zlgletule]o| izt v|E Fo] 71e7]E F 7]
2719 Foz ekl 5, slelsistetelel o 7}
Z*]9] 7]2€7]°l implicit function theorem (IFT)2-
A-g3te] ZAke 7187 AE fEsksick AR A
< Hessian®] Q34 AL 282 sh=d] 3lo|v]3}
ghrle|e] gyt wolAeE Aaae] A4l A|7to]
v]-$- Zo]2]7] el &3S Neumann series S 2
Satdek. FFA R A ZAkE 7187]el A

3, gk s)e] HPO A3l & dwre]Zo)
A& Holn s sletn]e] e} slo]u]s}etr]E]

| 43kl Azte] Bo] 28¥x] e
1

tle] Eghe}. [25]l141 9] =3F AAHAE, NASE 9
£ ol:= controller Q&S k= Wxe] wwl

o] Alwte] wwl sjo|zetn
| ol &85 gk

e
i

)
A
o\

2
g?l_’
to ¢
in)
ol
HF
K

34 A5 B AlZH

slelsisietlee] A% H7hE flaldE F1E:
B Folal FA wolelsh 4% Hlelelo]
shgo] Wgolel. QbR 7 AsHy ]

Sgrollt= Azte] o] ax]r] uhiel] A B71E

)

141



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

EEH R APsle] ¢33 AZRE HA3las) s
dae]FERMe] A s glel.

HPO©|4] EhislA| =3 9li= BO 7[uk &
552 A 77k stolulvletrlEE A= |
o= FrElsAIRL, v dAuicl 2 02 S-S )
of 3}7] witell 43 Ajzte] Hrk= we] gtk
Hyperband™i= 53] A|7h& Fol= Aol 24& %
# RSE 7uke® Ak A=e dare]Felch R
i AR e slo|osleln|eEric} Zh2te] A
T #ol 7= S NS dirlA] Sy geie
Hule]lE A5 whEstofof gk Wb, Hyperband
M= e dfolHeve Sl el e w=irE
o] E AAE 3w wHESE F, A A4
s vlasle] Aso] "olx= sleo|udevelE
<= Ak v A] ste]sfsletvle el dafAnt o
B2 el E FAE wiEgic). she] slosglel
E7} s w7hA] o] HAE wHESle] 1 slo]ugle}
vElE AR Ak o wue sloludletrlelE
2] A5& s AA - o k- s
2] slo|ujgletrlelE 2hs 75 o] oA, L
w24 sfelglglebrlElEe] Ass Hrlehe Wl
HdE= 3 FebelE qddle]E Ale] e Kol
7zt sfolulglEinle| o] x| dA A2 3 A A
T #Y 22t & 7= =olxIc) Hyperband &
F2]&ol| A= o]2l’t trade-off HAE sl %7]
o Aes H7Iet slolulgletule]e] slgee} v A
oA AA% slo|sglelrle] 9] nlE-E 2HT & 9l
&= g} Hyperband ¥8|5-2 BO 7|4t &g
Hrp 5~300) wE AIE HodFqlrh

Hyperband = 55 7|8t slolslgelrlel & &
ARt FF slelslgetrle] ke AdgstER AA|
3o s3] Ape|rt & sfelHTEve Fre] A
= yhsAde] 9lths RSE] EAAH]l dHAlE o413
AL gk 27160141 ol @A Bkl 9
d =2 AsS BAshs BO /M daElEs
Hyperband 2} 37 ARE3sic) 1 A- Q] da=]E&2
Hyperband & WEE|, Jeg ST 3lo]vz=lne
55 AEE o BO 7S E-83te] A3l el 7k
slolszlelrle] & A3 715405 =3tk Hyperband
7|t daE|EEE 7[EA R ) Alzke] A7) o
ol o] ofare]EE BOZE 7HA AL gl A1 o) ARk
9] A5 Hyperbands 53l Bty &
3k

[27]°14] BO 7|4t dare]E-s 53l sto]uzlen]
B] =l 7]l3k= Hyperband®] Z£A<l A&

-

[72]

N x

142

Heksldohd, [28]ol4= slelddElrleE FEF
u] Differential Evolution (DE) 7]*-2 &8s} o
1S Bekslgivk DEHBEE HHE o] el
stolglgetrlEe £ doE FE3he ikl HA 3
77k slelHgetrle e 53 4 355 DE ¢
2]&5S 38313, ©]F HyperbandS 2-8-3}%ch
DEHBX 7|#-4 22 Hyperband®] d18]&5s ul=
7] wiel #e el Ahe Bl
26-28]94= A AR 2ol flE
Hyperbandzhe= A &w2]ZS shg-sgic). wiwl [29)
Nx+= BO 7|4t daeES sl ) Aks =
ol& "S- Aokl BO 7]HF duE|EolAE Al
22 dloJe]ol] et g2 & wf 7|59 dlo[eE &
1-8317] Seatar 27] AdelellA] of
A Shggtodof itk gl A% Hrtell= Alzke] wel
2853, 53] dlolele] A7) & Afelle ARl
v wol| B3| witel ofz] ol Eel| 3t Sk
o] B ozt 79 Alzte] vl o] Lwglch o] wf
2} [29]ellA = ok A4 A sle]sgletrlE|e] A
S 71 9 o)de slolHIeirlElEY 5 A
HE o]gsle] &gy ARk Folaxl sk [29]¢]
= 712¢] BO 7|4tellA 218514 surrogate model
4l Gaussian process WAl o5 EAFgt multi-task
Gaussian process5 283}l t). Multi-task Gaussian
processE ©|-831H 1] taskE7]2]9] AFAAAE
3le] A& thE 7 dlo[elE AN 7 taskmt
o} S ARES AR 3 5 olvk o' WA
o7 oz} deJel&el el shE3i 7]52] BOCIA
A2 e dHelel 29 SsE7)e] ARE T3t
A & wHr} Shholl ok Azte] "l FolEA
ok
[30]9ll4= 4 <az2]Z(genetic algorithm)S- 7]
Hko® 3lo] Hr} A2 3o As HriE A4 &)
olzjglelnlelE & 4 9l simple deterministic
selection genetic algorithm (SDSGA)Zhe dre|&
< 7fstedeh. SDSGA: 71E2] 4 dare]FellA]
explorations 2F&}A| 7] 3L exploitationS & ©f 733}
shoick &, oA dAlelA eSS4 slolH et
HEE T Ase] £2 stelgaerles FHelA
crossover2} mutation= Z13§5}ick t}uk exploration
o] Y oFsf2]#] =5 mutation FE-S £
F o W2 99 2 F7hE FAEIES slsdck
Aokl SDSGA Fare]Ee- 718 A el W
7IE vlEl o $2 Aed Helw 7 Srw
2l e AFE B3l Elsidch

—

(e3

i

[}

=

o

(o3

il

)

¢
p:)
g
il
!
¢
L)
o

o



= 71 AIE e stolwHletele A5 A 3

3H, 250014 aHRE el 2 kel =
717} Y5 714 ImageNetP'5} 22 =717} 2 do]
Elof] A-g-3pH Qdxte] HAlste] e A|7te] v A
th= A e] ek [31]0d4+= oleld EAIAE 3
ZA3l7] 98] NASel #o| shi(transfer learning) 7]
e Seshast sick o1 o) NASS] Bl F7
o 7| & o 2 H]O]Eid]/ﬂ ﬂf—b’]u_ I A=
= dlole]ol] ARk i
A el AE ol B8 722 vhe § ol
EE550 oA WA 7 E5 ellA] AR ks
AAReh= B o v s Sl o, Sad
A2 T TS NASNet §4 F7toletar 5]
o} o]a Wlo® 4l F2E CIFAR-107} 22
HlA] =7]7F 2R dlofelel 571715, Sk At
= Z27I7F 2 dleleell AREE lAl sl o]=A
Aol¥l ke Ails  dlolelellA] 7|E daES
24 Ag3hs Zwct 38 Azte] X dEErk=
718 238 B3 A=slich

QA HPOS] A5 FhAE 7 slolsist
epolejubt BalH02 Ak wde) st Tkl
B2 gelo] =gk 7 sjolststebvlelol a5z 7]
Ak wle] S ThebolelE T ol A%
o) ol 48EA, T solssteuIEe] A 3}
A hE slolsisteilele] HEEhe S s
B AR 2asp @] diel AEAoE Hedo)
7} ol stolstsfepolelo el kel S st
B 352 A ws AR flsiAR AR F A
HAlek [32,33]0l14= & stelvivletvle| =4E AXt
5 3y SRbEE o elvgletriE e A 3
7hell &-g3te] e Hrtell msEe A EO]—L
2} sk ofolr]e]E NAS| &g3lich  Efficient
Neural Architecture Search (ENAS)PZ el = A17dwf
o] FxE AAS] 98 directed acyclic graph
(D AG) 5_]_3;]3]_0&1;}, »5]_14.,] DAG= o{uﬂ Hﬂ = ° /H
Aokl o) ol 9 7 3 )
ok ENASE 77te] A3 728 A4 sk o
4 DAGS] 7 el 4% Aeble) 2 sheeb,
S B0 ofe] AT TSN 2 S et
vlE 3 —E’«ﬂ—%}}_% gk} [33]°l41= one-shot
architecture search Jotalol =, 21739
FZ22 AAS] 9 /‘173‘37'-4 7z xxeo] 9olF gk
o @ie sl sheleh @ wsol v
e 27 ] 2E 7153 232 one-shot modelS-
olgslo] shtel vz ek, AAY FEEE
shsht 853s= 4] one-shot model2- h3d}od

L

o] Qlas7lel sk stevle] ke Thal
% stk [32,33]04= & sloloiuletrle el A4
A7) el T8 P)AS 2] S el
%k—p: thE stolsfvlebrleSele 28d 5 g%
sk Aelisds Ask daeise] 3 ARt
dasleirks |l slels) glck
B, sk 1 5 ARe) FEE Age
slolu|mleiule]e] A sh= NASTh= dae|Fo=
W el A7 QAT el PaE
ARsh= stolzivletrly el w2 sjo]viglei]
B} Zqwe] ek oleiat slolsiuieirleol oy
%, momentum, dropout rate, batch®] =7] 5°] 912
AN 7HT7P Joll 3
b RS ol Sl Sg #7
= dlell Bagh dilkedo] v ‘E%OPSD}. [34]°l14+=
olefat A7 elAe] HPOS| 5ol F-%3)e] 4174
o] 4] slo]ugelrElE F17] )8 Q-learning
= 8 daElES EElsich o] darelFelse
H=e] sjo]vlglebuel S 27| 93] Q-tables A%
Moz ofulol=ste, AeHe HHaHE 23 2]
apels) S5 z70] S, o]elet Q-leaming &
283k dae]EE 7152 RS, BO, A4 darelEe
2 Ague] Ae) sjolsistelulel: T4t wnct

.
A7

mlO S OIF fl

Fr

N

IV. SO|LIt2to|E] £Xst Oj2f 7 Wet

# =eld] 2703 HPOS kel EEe slo)s]
sepelejsl 7 AIse] SAL Selsle] 71AH B
ol AHgd He] sjolslsietuel s Asini, o]
A AY sholspeprlels ATy 2ol 4
ol =g ok ST 71718 AR Ak
ol 2lal 2| slo]slslelulelg 2 bl Azke] £
o el gt 2 2 2 A2l A
°]3) HPO<] % =i sletele 7}
s mulo] Al zﬂ:xl—oﬂ 371] &8 Fx| B3 5
Sdet w717 H Akl A4k %‘?Ur 71 A8
LAS aEste] HPOS] dare|ss A 48

7F sk

to _1& off ot

41 5<|7H§_}%L slo|Hul2to|g ZX

A% SellA] ZAlsks wale) slolsistetnie)
o5 clepste] wE slelsldelulels 2455}l
QA A7 2 vlne) Sel AL 9l et
t}. o] HA3)E slo)|wIElv|Er} weS4-E HPO

743



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

dye|Ze] BEAlr]o] =olx|7] wjiolr), ulefi] A
3t stolsieirle] o] /ig-5 £o] HPO Ywe]Fe
BAS 29 F v} 9} slo|sslelulelnic) 7174

_l
Y

Lok
o

b o] Aol viAle g3k oh=elY, HPO
duE|FE Sy willd] A e HaE e

st wale] A% sRel] Jaks ol A slols]
shebole)5g Hstat olako R Alelsh eS|
N solnelrle 54 Adsta oo A
a4 ehiz Aloz HAst Ale) A4 Was ixgﬁg
7

2 9] o]e%ﬂ] 4;{4@}51‘ 3]—0]‘1]}]‘2]—13 E1

|

Shebolrll A 2ol Shelasl SR
T Slek AE Bol, A 7 Akl 2%
o2 A SER 71AIERe] et A
ol o3gke m|x HAsE tjakow st Jd"
o7 AMgEE 2 3o Mg HHslelA] e
olt}. o]x8 gy mele] Aol m|A]E ¢d kol W}E‘r
slo|FalelnlElol] 4 98 Aosle] AR W4T
A AR slolsigletilEe] iG-S Eole dTE
& 4 ik

4.2 EM Z7lo| 37| =&

stoluizietulele] g4 F2ke| F7)= daels
&y A7kl A BFE Fo1 o] 5 M E
871 Slet i sleloisletulEle] WS E9loEH
A slolsjuleinlele] oA FAke] 7S 2 &
sk ol 5o, 82 HelE (0,1019] TAkellA
O,1]9] 7oz E]leza] A slo]uiuiatr|e ]
2 3k 2715 & 5 slrk skt e sjel
slapEilele] W7} v Sei o] o4 17}011*%
zre 4;{4_/] slolgaler|el e g mde] Als
Aol B 4 & = sl CllE =0, 5%52
o W91E (0,0.0001]9] F2 WPE o SAaghhd
o] WglelA] AIE 229 ShirBo] S mele] A
5 3RAbol| o3RS nx|R| & % gt} wleka] o]
2] trade-off FAE wefale] 7} alo]swjelv]ee]
AR AUHA 2D DA il 3
) 2718 2Asks A7} D 5 9k

e >

o°{’

nJ

i
o
L

61—1:/\]7]1;}1:4 1 E]]o]E«] oﬂ EH’O‘]— J,]JJawS] ?S:] <>]

A 5 Q7] whiell B4 g7 vlolelel] X$17] 9
EE A 2l A7) Zleo] e Fas)

o} slelststelelel o4 oleiqt FAIse] AL

144

eefale] o< 2ol HPO hatelol si7sel 3
o). s 3 w5 delelol
) S 29| Spelseprle A Aste 45
7} eele), % 71 HPO helEe 54 d
ofelel] A7 F1AErS] o] WedHsle & 3l
S, o]l 54 dlelelo] 293 AR sl
Sfeblel Sz 2 slolsfsiziol 54
dlelelol et F& A5e Wolt gkl 4+ gleh w
ehal 5 wlolelol 4947 g Al Hole]
o el 7St male] slolsislelelele A=stet
& A7t Bes

V.3 E

23 ghe 2ol 7S] ALgHel uiel, 7]
Aol el A e 719} HPO il 4
el Q13 gk EielAE HPO Aol

31, o)& sﬂﬁs}ﬂ A3l Ak <k

AEEES Zéah‘f}fﬁt}. WHW}X]C HPO <&
UAEL Ak dwe]EE
3] f‘&?ﬂl%% xﬁsbﬂ s|AsloF & HPO<]
EAgc) A7 A7E WS
ol A= 7] AEs mEle] HPO A

7} o B vzt = gl vl AT WEke AXE)

—r
2

References

[1] M. I Jordan and T. M. Mitchell, “Machine
learning: Trends, perspectives, and prospects,”
Science, vol. 349, no. 6245, pp. 255-260, Jul.
2015.

(https://doi.org/10.1126/science.aaa8415)

[21 7. Lee, S. Shin, S. Yoon, and T. Kim, “Survey
on artificial intelligence & machine learning
models and datasets for network intelligence,”
J. KICS, vol. 47, no. 4, pp. 625-643, Apr.
2022.
(https://doi.org/10.7840/kics.2022.47.4.625)

[3] T. Hastie, R. Tibshirani, and J. Friedman, 7he
Elements of Statistical Learning, 2nd Ed.,
Springer, 2009.
(https://doi.org/10.1198/tech.2003.s770)

[4] Y.-H. Moon, 1.-H. Shin, Y. J. Lee, and O. G.

Min, “Recent research & development trends



>

= 71AIRke] stel s getvle H A8 AT F

(5]

(6]

(7]

(8]

[

[10]

[11]

[12]

[13]

in automated machine learning,” Electron.
Telecommun. Trends, vol. 34, no. 4, pp. 32-
42, Aug. 2019.
(https://doi.org/10.22648/ETRI1.2019.J.340404)
L. Yang and A. Shami, “On hyperparameter
optimization of machine learning algorithms:
Theory and practice,” Neurocomputing, vol.
415, pp. 295-316, Nov. 2020.
(https://doi.org/10.1016/j.neucom.2020.07.061)
T. Elsken, J. H. Metzen, and F. Hutter,
“Neural architecture search: A survey,” J.
Mach. Learn. Res., vol. 20, pp. 1-21, Mar.
2019.
(https://dl.acm.org/doi/10.5555/3322706.33619
96)

T. Yu and H. Zhu,
optimization: A review of algorithms and
applications,” arXiv:2003.05689, 2020.
(https://doi.org/10.48550/arXiv.2003.05689)

A. Morales-Hernandez, 1. V. Nieuwenhuyse,

“Hyper-parameter

and S. R. Gonzalez, “A survey on multi-
objective hyperparameter optimization
algorithms for machine learning,” Artif. Intell.
Rev., Dec. 2022.
(https://doi.org/10.1007/s10462-022-10359-2)
G. Montavon, G. B. Orr, and K.-R. Miiller,
Neural Networks: Tricks of the Trade, 2nd
Ed., Springer, 2012.
(https://doi.org/10.1007/978-3-642-35289-8)

J. Bergstra and Y. Bengio, “Random search
for hyper-parameter optimization,” JMLR, vol.
13, pp. 281-305, Feb. 2012.
(https://dl.acm.org/doi/10.5555/2188385.21883
95)

N. Hansen, “The CMA evolution strategy: A
tutorial,” arXiv:1604.00772, 2016.
(https://doi.org/10.48550/arXiv.1604.00772)

P. R. Lorenzo, J. Nalepa, M. Kawulok, L. S.
Ramos, and J. R. Pastor, “Particle swarm
optimization for hyper-parameter selection in
deep neural networks,” in Proc. GECCO 2017,
pp. 481-488, Berlin, Germany, Jul. 2017.
(https://doi.org/10.1145/3071178.3071208)

M. Jaderberg, V. Dalibard, S. Osindero, W.
M. Czarnecki, J. Donahue, A. Razavi, O.

[14]

[15]

[16]

[17]

(18]

[19]

(20]

Vinyals, T. Green, I. Dunning, K. Simonyan,
C. Fernando, and K.
“Population  based training of
networks,” arXiv:1711.09846, 2017.
(https://doi.org/10.48550/arXiv.1711.09846)

J. Mockus, V. Tiesis, and A. Zilinskas, “The
application of Bayesian methods for seeking

Kavukcuoglu,
neural

the extremum,” Zoward Global Optim, vol. 2,
pp. 117-129, Amsterdam, Netherlands, 1978.
(https://www.researchgate.net/publication/2488
18761)

M. W. Hoffman, E. Brochu, and N. de Freitas,
“Portfolio allocation for Bayesian
optimization,” in Proc. UAI 2011, pp. 327-
336, Barcelona, Spain, Jul. 2011.
(https://dl.acm.org/doi/10.5555/3020548.30205
87)

C. Hvarfner, D. Stoll, A. Souza, M. Lindauer,
F. Hutter, and L. Nardi, “ntBO: Augmenting
acquisition functions with user beliefs for
Bayesian arXiv:2204.11051,
2022.
(https://doi.org/10.48550/arXiv.2204.11051)

1. Ilievski, T. Akhtar, J. and C.
“Efficient hyperparameter

optimization for

optimization,”

Feng,
Shoemaker,
deep learning algorithms
using deterministic RBF surrogates,” in Proc.
31st AAAI Conf Artit. Intell. (AAAI), pp.
822-829, San Francisco, USA, Feb. 2017.
(https://doi.org/10.1609/aaai.v31i1.10647)

F. Hutter, H. H. Hoos, and K. Leyton-Brown,
“Sequential

model-based optimization for

general algorithm configuration,” in Proc.
LION 5, pp. 507-523, Rome, Italy, Jan. 2011.
(https://doi.org/10.1007/978-3-642-25566-3_40)
J. Bergstra, R. Bardenet, Y. Bengio, and B.
Kégl, “Algorithms for
optimization,” in Proc. Adv. NeurIPS 2011,
pp. 2546-2554, Granada, Spain, Dec. 2011.
(https://dl.acm.org/doi/10.5555/2986459.29867
43)

D. Nguyen, S. Gupta, S. Rana, A. Shilton, and
S. Venkatesh,
categorical and category-specific continuous
inputs,” in Proc. 34st AAAI Conf Artif Intell.,

hyper-parameter

“Bayesian optimization for

145



The Journal of Korean Institute of Communications and Information Sciences "23-06 Vol.48 No.06

[21]

(22]

(23]

[24]

[25]

[26]

(27]

[28]

[29]

146

pp. 5256-5263, New York, USA, Feb. 2020.
(https://doi.org/10.1609/aaai.v34i04.5971)

H Liu, K.
“DARTS: Differentiable architecture search,”
arXiv:1806.09055, 2019.
(https://doi.org/10.48550/arXiv.1806.09055)

D. Maclaurin, D. Duvenaud, and R. Adams,

“Gradient-based hyperparameter optimization

Simonyan, and Y. Yang,

through reversible learning,” in Proc. ICML
2015, pp. 2113-2122, Lille, France, Jul. 2015.
(https://dl.acm.org/doi/10.5555/3045118.30453
43)

J. Lorraine and D. Duvenaud, “Stochastic
hyperparameter optimization through
hypernetworks,” arXiv:1802.09419, 2018.
(https://doi.org/10.48550/arXiv.1802.09419)

J. Lorraine, P. Vicol, and D. Duvenaud,
“Optimizing millions of hyperparameters by
implicit 23rd
AISTATS 2020, pp. 1540-1552, virtual, Aug.
2020.
(https://dl.acm.org/doi/abs/10.5555/3586589.35
86738)

B. Zoph and Q. V. Le, “Neural architecture
search with reinforcement
arXiv:1611.01578, 2017.
(https://doi.org/10.48550/arXiv.1611.01578)

L. Li, K. Jamieson, G. DeSalvo, A.
Rostamizadeh, and A. Talwalkar, “Hyperband:
bandit-based
hyperparameter optimization,” JMLR, vol. 18,
no. 1, pp. 6765-6816, Apr. 2018.
(https://dl.acm.org/doi/10.5555/3122009.32420
42)

J. Wang, J. Xu, and W. Wang, “Combination

differentiation,” in Proc.

learning,”

A novel approach  to

of Hyperband and Bayesian optimization for
hyperparameter optimization in deep learning,”
arXiv:1801.01596, 2018.
(https://doi.org/10.48550/arXiv.1801.01596)

N. Awad, N. Mallik, and F. Hutter, “DEHB:
Evolutionary hyperband for scalable, robust
and efficient hyperparameter
arXiv:2105.09821, 2021.
(https://doi.org/10.48550/arXiv.2105.09821)

K. Swersky, J. Snoek, and R. P. Adams,

optimization,

[30]

(31]

(32]

(33]

(34]

(35]

(36]

“Multi-task bayesian optimization,” in Proc.
Adv. NIPS 26, pp. 2006-2014, Lake Tahoe,
USA, Dec. 2013.
(https://dl.acm.org/doi/10.5555/2999792.29998
36)

I. D. Raji, H. Bello-Salau, 1. J. Umoh, A. J.
Onumanyi, M. A. Adegboye, and A. T.
Salawudeen, “Simple deterministic selection-
based genetic algorithm for hyperparameter
tuning of machine learning models,” Appl
Sci., vol. 12, no. 3, p. 1186, Jan. 2022.
(https://{doi.org/10.3390/app12031186)

B. Zoph, V. Vasudevan, J. Shlens, and Q. V.
Le, “Learning transferable architectures for
scalable image recognition,” in Proc. IEEE
Conf. CVPR 2018, pp. 8697-8710, Salt Lake
City, USA, Jun. 2018.
(https://doi.org/10.1109/CVPR.2018.00907)

H. Pham, M. Guan, B. Zoph, Q. Le, and J.
Dean, “Efficient neural architecture search via
parameter sharing,” in Proc. ICML 2018, pp.
4095-4104, Stockholm, Sweden, Jul. 2018.
(http://proceedings.mlr.press/v80/pham18a.
html)

G. Bender, P.-J. Kindermans, B. Zoph, V.
Vasudevan, and Q. Le, “Understanding and
simplifying one-shot architecture search,” in
Proc. ICML 2018, pp. 550-559, Stockholm,
Sweden, Jul. 2018.
(https://proceedings.mlr.press/v80/bender18a.ht
ml)

X. Qi and B. Xu,

optimization of neural networks based on

“Hyperparameter

Q-learning,”
Oct. 2022.
(https://doi.org/10.1007/s11760-022-02377-y)

Y. Bengio, “Gradient-based optimization of

Signal Image Video Process.,

hyperparameters,” Neural Comput., vol. 12,
no. 8, pp. 1889-1900, Aug. 2000.
(https://doi.org/10.1162/089976600300015187)
J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li,
and L. Fei-Fei, “ImageNet: A large-scale
hierarchical image database,” in Proc. IEEE
Conf. CVPR 2009, pp. 248-255, Miami, USA,
Jun. 2009.



>

ARG selsisielly A48 AT 59

(https://doi.org/10.1109/CVPR.2009.5206848)

[37] F. Hutter, H. Hoos, and K. Leyton-Brown,
“An  efficient approach for assessing
hyperparameter importance,” in Proc. 3Ith
ICML 2014, pp. 754-762, Beijing, China, Jun.
2014.
(https://proceedings.mlr.press/v32/hutter14.html)

[38] X. Ying, “An overview of overfitting and its
solutions,” J. Phys., Conf Ser., vol. 1168,
Feb. 2019.
(https://doi.org/10.1088/1742-6596/1168/2/0220
22)

[39] A. Makarova, H. Shen, V. Perrone, A. Klein,
J. B. Faddoul, A. Krause, M. Seeger, and C.
Archambeau, “Automatic termination for
hyperparameter optimization,” in Proc. Int.
Conf. Automated Mach. Learn., pp. 1-21,
Baltimore, USA, Jul. 2022.
(https://proceedings.mlr.press/v188/makarova22
a.html)

81 (Jonghyeon Won)
20204 8% : AANEgw #7]
AAge) £9)
= =7 20206 9~ At
Aol Akt
g 74
<ol HA3} olg, 3]
sistelule] A3} Rl
7] U E$ =, radio access network
[ORCID:0000-0003-3883-0379]

0
OB

Al = 91 (Jongmin Shin)

20223 29 At 37
ARy} =4

20221 3L~ : A A
A7 |AAgE} Aaals st
14

<Fltol  FAGAIVIESZ,
slo|olgletule] A 3] M|
Efm &eElolA

[ORCID:0000-0003-1447-7371]

2 M & (Jae-Ho Kim)

2017 8 : dAdstm =17]
AR WAl E4

20003~2020 : =A%
AT AEA ST ATAE
701-

20203~ A : AlZHEF R A=}
AR A g

20199 3~%A : TTA  Ape<lE Yy 2mtExs S
FFI5PG1001)2A

2021 3~8A] : ITRC Hep]~ ALES  ATAlE
ler—/{zol

<ol ARERIEY, AEASAIZE, AvEEA]
HEYE, tAEEY 2 Hep s

[ORCID:0000-0001-6597-7988]

0| & & (Jang-Won Lee)

19941 29 : AA|Rstn A=}
23k} s}

19961 24 : F=shrledAd
7] 8 gk A

20043 8% :Dept. of ECE
Purdue University 24}

20043 94~2005d 8 : Dept.
of EE Princeton University WFA} 3 o17¢]

200511 9~&A : AAIE L A7 AR 2
L A

<Fliel FAlT 2], SAIT FA s SAl
e A

[ORCID:0000-0002-5627-5914]

147



