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Abstract Deep learning has demonstrated outstanding performance in various Al applications, including
computer vision, natural language processing, and speech recognition. However, model performance is
highly dependent on hyperparameter settings, and inappropriate hyperparameters can slow
convergence or lead to overfitting. In this paper, we propose three evolutionary computation techniques
—genetic algorithms, particle swarm optimization, and differential evolution algorithms—to optimize
hyperparameter settings. To demonstrate the performance of these three evolutionary computation
techniques, we apply them to optimize six hyperparameters for the SimpleCNN-based CIFAR-10 image
classification problem. Experimental results show that evolutionary computational techniques
outperform basic grid search with the same amount of computation, and particle swarm optimization
in particular shows the best performance. Additionally, we were able to confirm that lowering the

learning rate among deep learning hyperparameters is effective for stable learning.

Key Words : Deep Learning Hyperparameter, Evolutionary Computation, Genetic Algorithms, Particle

Swarm Optimization, Differential Evolution
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1. ME

HHY(Deep Learning, DL)2 45 AAES &8
Sto] dlolHZEH HAS ShEole 7|&E, AlexNet
ol FA3| Wt thygt 58 FolA I3 A
=9l SR daEjyd mde Smo slo|wuleln]E
(hyperparameten) & 7HH, ol&9 24o| 2d 45
of Foigt JFFS WXt} ol=gt deid stojmutetn]
Elole o3t 22 E/do] EX gt

« 1244 (High Dimensionality): titi ZEo]
AL =204 Zeal o] slo|Hulelu] e} ZA)s
=
H]A84 (Nonlinearity): sto]mulelulelel AZ
45 2F A= B0t g B E(multi-modal)
TEE 7H
+ 14|84 (Expensive Evaluation): CPU ¥ GPU
¥y X geax, shtel 23 Hrlsh] 9

off = AIZMOIA 4= o] 288 = 9F
« 524 a3 (Dynamic Behavior): 35 27|19} 4
o HH9 gxEo] Gl 5 Al T4 B4

o] &gt

T8 sojuutu]E R S5E(learning rate), A
7|(batch size), 7FsA Z2718Kweight initialization),
Lol Hl&(dropout rate) 5°] J2m, o|&gt s}o]
HulghrlE e o5 M HEEE ook A
fcQlolgt & 4= givh. wabA stolmjutetu|E X3}
(Hyperparameter Optimization, HPO)= €&d
T AR BRoA Fa% TA7E =ik

stolwaeiulE HH5E I3 AEAQl ' 7[Ho
2= 19= 2A(Grid Search, GO9I+ F2H9] =4
(Random Search, RS)°] SIEH1]. L& B HE
stojmjuetn]E 233 AA FEHE BAskH dgolt)
SESHAEE A4 Bj8o] AfFor Zrleith HZLY)
A2 slo|HultnlE 23S TR EMc= B
ojc}. ol=3t FA9] B Tt gAET 3E20]
2= Abdo] ERlEglom, 53] gF Slo]wuizin|E 7}
Jeoll FsHA A-gol= BF B 22 52 Hlo
gel=] it

stolwaeule] XHIE ol Ho|x|Qt X3}
(Bayesian Optimization, BO) 7|H% &&= 2]
Hjo]x]¢t HH3k= 5 Tl A BEE U sto]

AT &8 7 FFZ 25 Eohooldf, FRAIQE Z2
M2(Gaussian Process, GP) T+= Tree-structured
Parzen Estimators (TPE) 7]¥te] ®o] @o] ARgH
o}, o] x|Qt HH3l= 1H|E = HUME Eol= Wl &
Ao}, 1Y FZoA= Asol AstEs AL
1=0] -‘2]’015]9.13} ol Aeeks 1‘”—4 A
Z A WhHo] AR SIA3] EA A8 & A
3= gt H HoE ARGEI itk
T2y, 7]&0] Aljke HES AY A6
7] ojgths ©o] Qltk. 2 =RoA= A9
£ 2=t E34E HE fElAaY 7 Bl g
(Genetic Algorithms, GA), 9A +8 A3}
(Particle Swarm Optimization, PSO) @ XM s}
&312]% (Differential Evolution, DE)] Al 74| Xk
At (Bvolutionary Computation, EC) 7|9H-& Atst
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211 29 X 2

+ YIESA 70| (Depth): #lo]o] 4= (f]: ResNet-50
vs ResNet-101)

« Z (Width): #lolo] Wi Ad 4= &= 7 5

2443} 3k (Activation Function): ReLU,

GELU, Swish &

A5+3} 719 (Normalization): BatchNorm,

LayerNorm, GroupNorm

2.1.2 85 ot o
» 515E (Learning Rate): HAs}o|A 7 5973+

sfolsfufetoe]
Optimizer: SGD, Adam, AdamW, RMSProp &
82 271 (Batch Size): QWIS 53t sh Q3
goll I

713}t 719 (Regularization): Dropout H|-£,
Weight Decay &

2.1.3 HIO|E/23A M=t 2

glolg &7 (Data Augmentation):
RandomCrop, CutMix, MixUp &

Early Stopping/Epochs: #&3t A& 95t 27]
=

* Scheduler: Cosine Annealing, Step Decay,

Warmup &

Jeid stoluisietulg Hdstust st B4, 48

3 geld mdo] met gekich £ erolds deld
9 wAlE Bollq A4 el AgEE WAE
ol SLkel CIFAR-10 Hole] A& B-asisict.

2.2 H|0|E{ Ml (CIFAR-10)

CIFAR-10 glolg] Ale 10719] Sej2(|37], A5
2}, Af, 3ol Ak, A, JitE, &, Hll, ER)E ARt
60,000%<] 32x32 RGB oJu]A&2 FAJ=]o] 9tk o]
% 50,0007 <58, 10,0007 ElAERO R A
=o] glon, 10719 SHAER 53 AeE LAH
of Jltt. A2 7], 49 F3 FHA X, B2 WOl
2= E4 gi, st 9 ARjAolA AHE—_I o] 4
52 Yrboksd #EFoE g AMSEHI Utk 9
12 CIFAR-10 dloJg] Al9] 107 SeiAd olnjz] ME
< BojF1 IoH4l

airplane 3“-..9 V...a&

frog
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[Fig. 1] CIFAR-10 Data Set
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stolHuttule &3}t AG-E 213t CIFAR-10 HolE
Al olmz] R EAlo] G AHHConvolutional
Neural Network, CNN) o214 & -85} tH5], [6].
B gl st AATWCNN)9 7|15 L2E sl
PR S5 5847 124 T3S SAl0] st

A Ao, D F8F AF(SimpleCNN)
olz} P st & A-tolAl ARESE SimpleCNNE] of
7194 25 EF 2 YEYA toloj o R A7
3} shd 19 29 gt

Input Conv1 MaxPan Conv1
32323 B3 —1 22 | 3
(C1) (€2)

MaxPool FC2
\— 2x) |—| Flatten 'Dmpout (Classes)

[Fig. 2] SimpleCNN Architecture Block Structure

Network Diagram

SimpleCNN2 2719] 3% S(Conv Layer), 174

9] &4 A % (Fully Connected Layer) © 17§9] &

o Fom 7Aulo] glor], ARAe ee thest Ze.

1) Convl Layer

« 4= 33d RGB o[9[A] (32x32x%3)
« Conv2D: @E = = convl_channels
« Ad F7]: 3%3, padding=1

« 243} 34 RelU
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* Pooling: 2x2 MaxPooling
« &% 37] : (convl_channels x 16 x 16)

2) Conv2 Layer

+ 49 Convlel &9

« Conv2D: TE| 4 = conv2_channels

« A9 37]: 3%3, padding=1

« 243} I RelU

* Pooling: 2x2 MaxPooling

« 3 37| (conv2_channels X 8 X 8)

3) Flatten Layer
« Conv2 £38& Hlgz #g
e 37]: conv2_channels x 8 X 8

4) Fully Connected Layer (FC1)

» 918 A} conv2_channels X 8 x 8
« &9 A fcl_units

« 243} I RelU

* Dropout: p = dropout

5) Output Layer (FC2)
A=: fcl_units
220 10 (CIFAR-10 22 %)

« &43} 1L (CrossEntropyLossOllA] softmax #2])

SimpleCNN-2 CIFAR-10 tloJg A& tjifoz 3t
718291 CNN oA, B4e YA o] by
T AzAoln], slolunteiule HHskE B3 A )

9] A7} A=F AAE I

2.4 Sl0|HIt=t0|E

B AFoAE CIFAR-10 £5E 3t SimpleCNN
9] 8 sto|uEE R F/3F Ad 5= 27 (convl,
conv2), ¥HAZE 249 R F(cl), e<5E(learning
rate), =Eor(dropout), ¥ix] Z7](batch size)9] 6
N2 Agsielcy. Z stolmjmietn|gof gt A2l

He % 542 ohet 2ol 8l

2.4.1 Convl ZHE 2= ( G = convl_channels )

C R WA GHE A 29 A 22 Qg

« A BB Be] A £F B g 2

g

o miehlE W Akl QlojA AP E= & ABA
o7 g vA

* F7F= Conv2(¥E A2t FCIFHHAC R HH|)
o] WiFfHE FHAIA A BlE Ve FE
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< T A EF ASY &9 Ad 5 Aulsh
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o A ol AF Ee & AFHCR JIFES
Gk

FC1 48 A (8 - 8 - ¢) I7|E ZAAIE=E, =}
gl 9 oz E39] 2kl

G 37k= FC1 TuE g oG « B2 st
2, o3 9 gkg B o] 3
CIFAR-10°4= G < [64,128] Q] o= HH
Stk Aol HAsital A glom, FC13 ¥

Aol =
« getlE FEE 8.8 G) « HE AP 27}

g 9 Huy ¥ @4 a4 £ s
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of setuleiet Ahael SaE £4S 483 &
e, A 2AY 71EE ofde] Fiike
o8] 27] SgBo] A9 27] AEBL 4
5 9 sk &0 S U

* CIFAR-10°1A Adam¥} A ARE3F AlofA= &}
1

ol

HES 100410779 20 AAD A=Y HH9
#Ho g AAsl= o] HEst, 7] warmup E
£ cosine decay & AAEH S WYstH A

Fge 70T = e

245 EE 0t ( 8= dropout )
CFCIS] $HE S A B HEF ol B
Sk st 7IHEHAE Al AAY )| 8

)
=4

+ co-adaptations AL HHFS Aslol= 9
S st

. BEgt S0kl AT oFlE Y A 2 A%
Aot 2 & As

4% CNN+FCOAlE o< (0.3,0.5] 9] gro=
A8t 2ol Mg olztar A glen, Conv
of EForS F7Ioks A9 HlES o A 4%

e A VAL UL

2.4.6 HiX| 37| ( B=batch_size )

- 9 YolEd] AGHE AE S8 ulg

F 242 B o] A8 Z7MA713, ol XA e
Aot Yt P A5 & 2 B Adlol
E 9Py 9 7M1 Al 5 glom Qs ot
g U 5 U

+ & Po GPU BBE 9 AFES Y 412 4 90
U olme A8FE Bol Hlelste] S7K

O
Be [32.128] W919] gLo= dAsto] sf=gef %
ShEEI Zol F7dshe 2ol Q. wiA 27
€ 59 1 ek 2ol 59W ¥ A o

+940] S

dedolA stoluutniE s Y 729} 35 3
= ok B 4R, T e A0l & IF
& Ft} CIFAR-10(32 %32, 34d)at 22 43 ou|A|
gole Ale EASNES Yo 8K capacity) g3t
(regularization)-# &3k optimization)-A¥
(resource) 7+9] @0l BasIT 2 AFFoA AREEE
SimpleCNN  (Conv-ReLU-Pool)x2 + FC +

Dropout + Linear2 g% o] Qlt}t. 07| A, m}ehulg]
o} QA2 2 A9 4(convl/conv2) ¥ FC 4
Sl sl 2A=, sy AL SsET HiAl
=710 osfl, Auteh= EFore vix] 271 A A
Treholl o A4

AF7HA 249 s Fde sl A3} sford
sto]waefu]elo] tjs] AW EIt o FofAl= Stol
Hulhu|g 2A2tE fJof -8 75}t A4t 7S
tisf Amact

3. Tl=t Albt

X5} Atoled AAo) X}t Aol B dol 1ot
Akt 7o 41 uElE, 5 =273 (Genetic
Programming, GP), &8} Z2F (Evolutionary Strategy,
ES) 5= 345t HETHI]. dutxoR 45k "o
2= JHoiE ob7] o8 e, i 2E B 5
£ A Blof sk 23 435} EA(Combinatorial
Optimization Problem)& d123s}7| ¢8| &%t

A5kt sk FAIE %13} Alktol] 28517 1A
= 9A of #d WEE AAsoF gt & AqtellA of
ojlHuletnlE A3t ZAIE 3t At 710 48517
Qlall, 19 33 Zo] 6719 stolHu=EE 670 A
o ¥go] SAPIES of 28 WS A

¢ ¢ H 0 § B
| 186 [ 559 [ 1233|0002 [0035] 152 |
o 012 B [ (6

[Fig. 3] Solution representation

o) ol = 67 A W] Wit S A
WS gh2 67R9) Sloluistetelels] o fheshs
o theat 2o 2Hoz A,

1) G (Convl AE &)

[16, 64] W9 A4

o 2 0 AEIA FHS (16, 64] W19 A= A%
S #E 0 AFA9 G2 4257 A AoA] vt
29sto] F4E HEsto] of-&

2) G ( Conv2 A4 &)
+ 132, 128] 919 B%
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& 1 AUA ZES [32, 128] H919] Alea M7
A 1 A2 FE A5 HA Z]oA] wvt
slo] F4=2 WHelslo] ofSat

o o b
o ke H
¢

3) H(FCl &4 94 )

(64, 512] WY} A&

S #& 2 QA 2R (64, 512] HYQ] A4 4%
3 B 2 A9 FHe 457 AR AEoA §E
S3slo] H4r HIlslo] g3t

4) 7 E&EE)

¢ (10741077 WY AL

< o e 3 QYA e [10741077] WY deE
A7

< 3 2E 3 9L g IH= dis

5) 0 (EF °oF2)

+ (0.0, 0.6] H9J9] A

3 Ed 4 A ke (0.0, 0.6] B Az A7
of #& 4 JEA FS IYE i

6) B (¥ix] =271)

© 32, 64, 128 9 37 gt & St B

3 BE 5 duA gL [0, 2] HWHY Az B
o B 5 AYA9] FE A5 AR A oA gt
Zsto] F= Wglelal, 00]H 32, 1°01¥ 64, 2
olw 1289 ol o83t

CIFAR-10 +57 A 18 913 SimpleCNN 3}0]
Hujetn|e HHsE 9%t sk AL 71H2 19 49
Zo] RS FASIFTHI0]. HA, A A 5 £33
WS 285f0] %7]3KInitialization) ZES S &
o2 5 ke ATt o dAlolAlE At &l
o] 7} 352 FH7HEvaluation) IS S8 A==
Atotar, 7k 218} A4 71 9] Ao Fitoke 23t o
AHEC operation)e 435t ot Hrlel A4S
T2 2AS ST g7k whEEch

of7]A, H7to] Ig2 Flo QA FHES AAR 2
2o whet 67H9] sto]mutEtulE Fho 2 WIHT-§)st
SimpleCNNojJ 2835t & CIFAR-10 Hlo|EAlS 28
5to] sk 9 A S AAX =& F&=(accuracy)
e AT ol AR ARSI

£ AFollA= stolwmietulg X5t gt 13} A

R4 LuEE, YA 24 HAs A8 2
o} FuelEY 3714 WEL At ool 37
A) sk AR 7S] ek 7heks] A7loh 188 A5t

| Initialization |

0
=]

P e S AEY] X3t e HHeh HAst
7oz 19759 £ S;M=(John Holland)oll &J&f A&
270 A1), F5 Sf(solution)E 7HAl(individual)
Z Ao5lal o] FtHpopulation) T2 |5,
A& YHE(teration)mftt 19 59 Z2 Al
(selection), WAZHcrossover), EAWO](mutation) A
4H9] 218} AAbE Bl AHAE AAste] HAAHoE o
98k S 2 ZSHAZITE 2 Aol ot 22 A
3} Aito] ARGERATHI2].

s \
. A
i Selection |
1 1
i it |
1 I
| | Crossover | !
1
: : :
t Mutation 0
~ P

g

[Fig. 5] EC operation of Genetic Algorithms
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« FARIE 2719] AAIE AdEstar, B 435 AP =
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o #¥ WA} (Uniform crossover) Z-& i Prest - Gpest Update | !
I

F R Y 2 RRA e 9% e 1E | ) |

So] A2 Ak A4 : | Velootylupdate | !

1 1

:. Position update :

AY ’l

2
- g s saeE Aeg shiol £

IretolE)E WYl ol ARe ghow W

3.2 Xt 2 E|X3s)

P+ HHzl= AAoA A wY R olF
(Swarm intelligence)ollA] IS ¥ &% 23}
7o 2 19954 AAA AYY(James Kennedy)2l &
A o ¥3IE(Russell Eberhart)ol] 2]a A2 71 At
[13]. §4 SagEY 27|38 498 SR Jd

< Aot SHHE YK particle)gtal FEot. 2
A= 1A (position, & AFtollA= stolufxietnlE M|
B2} &% (velocity)E 74, ™ ¥HE(iteration)vhct
% 63 22 R} A4kE Bl 73AlEnt 2 Aol
= AR 94 2 & 74 flof e 22 $24]0]
ARG ATH14].

D A9 2 A HAHs) gl
o | AR R ARl HFE () 734l
o AA JAF Aol A HHs) (4) 7JA

2) &% A4

C A AR SRS The S0l mat Al
Ul(t+1) = w Zét) +e oy <p§)est _JQ(}))

+ ¢y o7y <!f:est xl(_f))
3) 94 B4
<1 WA AR HA()E TS 4lof whet Al
x(.Hl) — x(;) +v(.H1)
1N, w B A o % oE S A 7Y

ry = 10, 1] 910) ol

[Fig. 6] EC operation of Particle Swarm Optimization

3.3 Xt Xlst
aRHos og £ Ut M AL duFEoes,
19979 Storn} Price] 23] #-2 A= ALH15]. ©]

odn2E

LEHE Bas ProlE BP9 A B4 Aol
92sto] chepet st EAlo] AgHn YUk LolA

ARe 2717 71R(FA daElE, IR A HAshat

ZE}‘O] E"..X]—_rli oH PSE]-—Q— /Kﬂ/(-]o]-;__ 27]_’6‘4— jq-X‘]jq- Aﬂ/\"i

H SH&iE FHrlehs 2 sYotA 39t 1 o

S-2 " (iteration)ulc} 18 73} -2 Al€(selection),

=d®ol(mutation), WAHcrossover), A4+e] s}t A
O

ARS B3 AlF HE|(Trial vector)E AJAJsto] MR 0
2 ¢ 955 2 JFA|FI B AFoAME et ¢
2 X3} Aito] ARE I
1) A=
= Ao o3 Al HE 49 71E A
Ade7t o L3t St ohg Ao 23k
u it fu) < fla;)

z; , otherwise

2) Sl

* ke 40l ofsf E<dHol

N

Sastol gy

o
b
ek
O:

v =a+Fe+(b—c)

oJ71M, @b = AR B2 Al ZiAloIH, Fe (0.2)=
2ALE HE Y

3) WA}
- The 2418 F83te] FY WX (Uniform

crossover) &

Y ; ,1fmndj < CRorj=
7\, otherwise
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N

=9wo] | WEQ] 7y JHo] &&
CR(Crossover Rate)Z A|g HEof vy

___________________

ra ~
! Selection ;
: ! I
A Mutation | i
i I |
t Crossover | A
~ s

S e R R e R e et g

[Fig. 7] EC operation of Differential Evolution

4. M3

2 doMe A7 AHE f4 €L

st W AR A5k SueEe 374 W} AR

ACh
;TN
1A
Y

=3
7S SimpleCNN 7|8t CIFAR-10 o]u]A] & FA|
[e]

'3 sto|wnletn|E | H3lo] #-goto] FHw g
A} 5 FRls) Eot 2|1, 9y Sto|wulatug
FHste] 7]1EAQl duEEel 1 A ZE 1
A%-S B3 Fols) Erf, upx]eto 2 SimpleCNN 7]
"k CIFAR-10 o|"|A] &= 2A19] geld sto]wutzin]
El7} A= ol vjx= dFol diell 45 2ot

41 &9 2 H LuE|E He 23
1) 49 &7
&Aool A8 AFY €92 AMD Ryzen 9

7900 12-Core Processor®} RTX 4060 Ti GPUE AR
Sto] CUDA % CPU BHEAE 11, 64GB Memory,
window 10 64bit 2FAACTH, i 852 Anaconda3
2025.06-0(Python 3.11.13)9] jupyter notebook=
ARgslion, g3yd ZdYYIE PyTorch 2.5.1&
ARE5FATE

2) gaEE ¥ A%

37FA19] A} Ak 719l Hish thet 2ol datElE

WS AAsHI

3% = 0.5, EQM] BF = 0.2
45k Q7 4 = 10, 912 4 = 50, w

TS T I AT AN B IHs Bl
S(QIAF 49 x WHE 212 37 71 B 5008] AL
s Aot

4.2 st ALt 7[H M5 H|W 24

CIFAR-10 £ dolg A £A si2& g
SimpleCNN9] sto]mntatule] SIS 9lal 37149
A} AR QU EEHA LS, AR 23 HHS -
2R Agt duElE)e Fesinh IY 82 kA ¢4
259 A%52 vlngt 2¥E HojFy it AR 2g)
LT EE AR} 5= 10702 ohE 2719] dare]Ee] vis|
AZF A FO] HEert W uh g 4= 5RE o2 4
259 Aol 2Fste] HHE 4= 10 o] TR EE Yo}
= AL 3eIg 4 Qltt. & A3 E3) slo]uuletu]E
ZZs}o] QlojA, dAF - FHs), AR At e

=%= O = A L O A5O3 S A~
F 74 algE 08 el s i 4
Art.

Performance Comparison of three kinds of
Evolutionary Compution methods

0 5 10 15 20 25 30 35 40 45 50

Iteration
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