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N 2@ F=n stojm mof2toly fFYS X Ast
7] 2|8l automated ML(AutoML)O| SZ&HCH?2]. HPO &
Hol= Grid Search, Random Search(RS), Bayesian
Optimization 50| ZgEICt Olz{st 22  neural
architecture search(NAS)O|= AtEE|DY, Reinforcement
learning(RL)E NASS| &t 9| SILICH3]. HPOE= otO|m If
2t0jEfe] XX =otEg MEsl= HoZ, ol oA Fgat
ST ALtE HEQE AFo| £F Mo CHSH ZM IHE
= = ACMH, Ol RL B2HAZ AMESH= O HASIC
E&2e ug7|H0= 52T AMXYH0| ez X
Stel 7 MRSl ZHSZ on-policy €12|EC MAPPO
= off-policy ZE|E0| H|s{ 4Ys] =2 L12[F run
time 21t 10| B&S=(E= O =2) HOIH ME &
22 7HXICE O|E HIECZ 2 =F0AM 22l MAPPO
7|8k HPO BHEHE H|QtotCE
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MAPPO= PPO[4] ¥12[&FL|l H™HO|CL. pPOE= 11T
HQl actor-critic Ot7|EHIME ALESICL Actor HEYI=
27 BEE M0 actiong® ZEICE Critic HEQA
£ MEHE 4310 actor HEHYAS| & actions 7t

o<

epochOflAl &X A ZuE EQ= SOt [MatA
df 2 =&20|A= Multi-agent Proximal Policy
& YA2[ES HeHStLh 27142 O[OjX| &/ HIO[H MEO st 4
%z = YYEL 550 AS EOELL

Sl= O AM2EICH MAPPOE EESH actor-critic OF7|EIME
AFBIX| T CHE M2 criticO| centralized 7HA| &4=E5 Hf
2CH= Zo|Ct

£ =20ME centralized training and decentralized
execution(CTDE) RHEH S X{EHSICE O] = {IA0M =
Zt Oo|MEZL ¥E9| actor-critic HEYIAE 71X R
oM, OO|ME XtA9| actor WEYIE= ZEH FOo| &
criticOfl Qlsff MHEE == UACt= o Foig Tt ULt
a8 12 o] "9 centralized training, decentralized
execution ZH LI E EAHELL

CNNe| #+ZE X833t = CNNe| AZ == 00|
Z0|Ct 2t Oo|™ES| =Y J7t2 g AHEQl dto|y
obetojE = sie Ztol 2lsf Mol=lCt UM Z7H2 o
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M BEE= dE=
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3. Ad Axt

388E 98l Intel Core i9-11900K CPUOIAM ZE &
A ne|E S HAIUCH AlZHE BYSH7| 5 CNN 2
S training® = NVIDIA GeForce RTX 3090 GPUE
AL UL}
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(Z19 1) the centralized training and decentralized

execution framework

H
2 =Z20AME RS, Anneal, Tree-structured Parzen
Estimators(TPE), Hyperband, BOHB &2| XXz 21nz|E
I 52 HAZ Hlwstiot
C. 87 X|&
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D. CNN2| HPO

O] dHOM= LeNete| HEYHI F+XE X222 HA

3 1 Details of Datasets

Default task | Datasets #Instances #Attributes
MNIST 70000 28x28x1
' mage .
Classification Fashion 70000 28x28x1
MNIST
SEf1 ot &0z = ZZe UNoEE A

LeNet-5= CNNOA ZtE Q17| Qe 2@ F otLtO|CH
LeNet-5= HEYIZE n@SIAH AASAH convolution
operation, parameter sharing, pooling 52| ¢A& AL
50 7|52 FEYEM ZFE HES UE Yt
O3 o2 25 oM FC AES AHESICH AHLCHL, X2
of e MZ2 CNN 222 olz{st HEYI F=O|M
LS ALt

H 29t 20| LeNet| 2 20]0{2| 57}X| stO| m}zto|
Efol CHoll MEsic HES ML X DL 22O 852 |
AESHE O YEHOo=E AEEE MNIST # Fashion
MNIST CIO|E MEO| CHSH LeNet2 2 Sl | ATt
E. ZAnt

zlol gt gl J|Et 7|&E Yol M A7t H=kz Y
kappa Z1t= E 31t E 40 Lt UCLH O] HOM & ==
AZO0| 2|9 WHE AlZH Hote U 7iof ZHOAM C
£ H-EC0E FofLich ARl ZHOIME CHE S0
His 2|9 HEHOo| AHEst= AM A|Zto] 3 A HHHECH
32 2= MNIST % Fashion MNIST HIO|E{Al0|| CHEE 2
2| ol stojm mztd|y ZAM A|Zto| CHE 2HH0o|| H]
of HEto R CHREQIZE Y| HOojELt

-

3t 2 Hyperparameter of LeNet

Name Type Ranges
conv_size int 2, 71
hidden_size int [124, 1024]
batch_size int [16,32]
dropout_rate float [0.5, 0.9]
learning_rate float [0.0001, 0.1]

3% 3 Performance on MNIST

Model acc time(h) kappa
RS 0.9923 2.32 0.9914
Anneal 0.9931 2.58 0.9923
TPE 0.9925 2.14 0.9917
Hyperband 0.9942 2.40 0.9936
BOHB 0.9928 2.13 0.9920
Our method 0.9942 0.96 0.9941

3t 4 Performance on Fashion MNIST

Model acc time(h) kappa
RS 0.9099 2.31 0.8999
Anneal 0.9203 2.00 09114
TPE 0.9170 2.27 0.9078
Hyperband 0.9191 2.35 0.9101
BOHB 0.9178 2.08 0.9087
Our method 0.9222 1.23 0.9137

(L9 2) Search time(h) on MNIST and Fashion MNIST

datasets of each method
4. BE
O] =&20|M= MNIST & Fashion MNISTOIA] CNN2J
HPOE +¥3t7| 2|8l multi-agent PPOE AMESICE HH
A KMot W2 Azt == HO|M RS, Anneal,
TPE, Hyperband % BOHBE S7tst= A2 = LIEFRLCH
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