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Al 2% #Ab7le 2 AT B

A1E TS

D &A% 7l

AFAeE Ay st 5 QIzte] ZHAY Qe A4 58S HAFHE &
of Fdst= 71&R HFEIF 222 SHEote] JIFAE Aee T
+ HAlgd 71Ee Bol EAssh Aol A7) Tt Hgt dFAl
A AR ARE AYches deld ZIMT of7|olA ogE ohergt 2
g 7S AMgote] Q3]s REe YL E Eo7ta it} QAFAE2 o
& dlolgef Aol YA ofFof wap 2]k eh<5(Supervised Learning)d H]Z]

Tok5(Unsupervised Learning) 0= 2%, HOoHE t9 7iHAZ 2
+ =7 (Classification), A&AQ1 g2 vighst= 2174 (Regression),

olHE F+t #H3HClustering) So=2 TR Hajde mAl

B
s
Sa)

o 1% of, do L
N
2

4 % S A ¥ FRAA AYsd FEE R AFAEY
TeE] AN $HoR A5e Hos FYAAL A AAHoR
Ao BF A7 e AQEL gov], A dEsndt st o

olEl] wet S e o2 AEE 4K ABAS BDEo] AEi, A
oz 2 g1 gt
2) ABAE AP

A AAFCR JASAT it A7+ 895 JdEHL leH, 4wt

szt st dHolHol whet wie &2 o

12) Hdd, 483, 2016). 9345 e D Ag A, Tie viA=,, 23(2), pp. 23-29.
13) Goodfellow, 1., Bengio, Y., & Courville, A. (2016). Deep learning. MIT press.
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7 ANN / DNN

AFASS FASH] flste] +E2 HAZY FHo] /igE A 54l
YNN, Neural Network) I8 m4lgld W F stvolth. o=
AF AETE HoHA Zob &3 deldo] thE HAaled HRiEl Hl6)

< Ad%e Holi Q7] wiZol tiFEe A7t ANN(Artificial Neural

DNN(@Deep Neural Network)e] THE Ho] HYZFE o] gl
th ANN2 7|28 oz Izt AAWS 7|20
Ale

= = 1
Al°lEY OR Al°]E, NAND A°P|EE 3L & Q&= DJ% 1738= A2t
o8 @ AAFYeEE LAY & gl= XOR APIEE FdsH] f1%h HA
o Qoie 7S] AT ohE 4RO WHAGITHI

14) Jain, A. K., Mao, J., & Mohiuddin, K. M. (1996). Artificial neural networks: A tutorial.
Computer, 29(3), pp. 31-44.
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Types of
decision
regions

Exclusive

Structure OR problen

Classes with meshed
regions

Most general region
shapes

Single-layer
Half Plane

(Bounded by
hyperplane)

\

Two—layer

Convex
(Open or
closed regions)

Three—layer
Arbitary
(Complexity
limited by
number of
neurons)

® Q| ey O
De (Ve o

L)
’

A at

o o

(1 2-1] A

-
IN

(28 2-1]3 o] AT Fxo wet XOR Alo|EERE ofy 2}

H= O
T

X A= ol Hssi
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: . s
HEES ouz 2oz

(input layer) (hidden layer) (output layer)

(17 2-2] A5 A4TDONN) d=

DNN(Deep Neural Network) [T1¥ 2-2]9} Zo]
7R e ot S ulstH ANNS 9

171

o] o]
U |

%0
ol

T

ol
ol

2 =

ol o
2
)
i
Z,
H
>
Z,
Z
flo
-
s
ol
nrr
o, m
Jo rlo
HT1
30,
v
e
r
1o
re o
-
=2

Me Haet ok

3 E
Ao} Qutoln], B =Ro|AL DNNZ} ANNS 7

o L oo

rfr o

M)

a7 o Ab

op
ol

"|.

oA &l FAS MEgoew Erh

b CNNI9)

9 F AIHY(CNN: Convolutional Neural Networks)2 S5 7Hsgh
7tsRet Hebs 7H wo g A E o] ARt AAY FASHY. 7w
dF dES FAlst WE o HA4ks dstH Adgdor HAPAdS o
St} 20129de] oln|x] &% WAPAQl ImageNet E/olA =2 5= 4
T e oIEgAR u AFTS AMERern10, o]% olmz] EFETH

15) LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient—based learning applied to
document recognition. Proceedings of the IEEE, 86(11), pp. 2278-2324.

16) Krizhevsky, A., Sutskever, I, & Hinton, G. E. (2012). Imagenet classification with deep
convolutional neural networks. Advances in neural information processing systems, 25, pp.
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ohUst Aol GAE BR 5 PuslsHl 2857 A% 347 A
W pab ARAoR g — WY — FYF
dlolol — Ea —(F4F dlololst Eel ¥rE) — flattenin

g2 wojgiehl

th RNNI8) / LSTM19 / GRU2021)22)23)24)

=

=
Z]

b

CNN¥= &g ¢3HAAW(RNN: Recurrent Neural Network) 2@
AZkel B50 wet BAdE= HlolHE 7o FAou 4 T A%
golgE thF7lo] At Rdolty, ¢eilFY HEo] 7|2 Jfde 4
¢l HlolHE oE o dAEE M= dH o/ dAe 442 &
Aitots Waloltt, o] TA Q] Hlolg ZAFHE(Linear Projection)d} o]
ALl oy AibEel FEH(w)S ot HEHHE Hatrh. 1 AghE Al

H

A
A
=

<

arolE, stolHEE HAE, ReLU 5 HIAY @43 45 & ol &

Aol HE dizE=2 942 et oY U2 AESH0 folE ]

A =71 WolAH, AAAEEA (Vanishing Gradient Problem)257} HHAY5}
1097-1105.

17) Stanford University. Convolutional Neural Networks for Visual Recognition.
https://cs231n.github.io/convolutional-networks/

18) Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986). Learning representations by
back—propagating errors. nature, 323(6088), pp. 533-536.

19) Hochreiter, S., & Schmidhuber, J. (1997). Long short—term memory. Neural computation, 9(8),
pp. 1735-1780.

20) Cho, K., Van Merriénboer, B., Bahdanau, D., & Bengio, Y. (2014). On the properties of neural
machine translation: Encoder—decoder approaches.

21) Chung, J., Gulcehre, C., Cho, K., & Bengio, Y. (2014). Empirical evaluation of gated recurrent
neural networks on sequence modeling.

22) Chung, J., Gulcehre, C., Cho, K., & Bengio, Y. (2015). Gated feedback recurrent neural
networks. In Znternational conference on machine learning, pp. 2067-2075.

23) Chrupa ta, G, Kadar, A., & Alishahi, A. (2015). Learning language through pictures.

24) Jozefowicz, R., Zaremba, W., & Sutskever, 1. (2015). An empirical exploration of Recurrent
Network architectures. in 32nd International Conference on Machine Learning, ICML 2015, 3,
pp. 2332-2340.

25) Srivastava, R. K., Greff, K., & Schmidhuber, J. (2015). Highway networks.
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of e:H 715 dolert ARAA He AP DA At A5AQ H
olele] ©AZE AojAH, tanh ATE of2] W ShAl HL, o] o] mlEghe
0ol 1 Atelo]7] wiizef Aste] wimds=s war] 002 st He 2
AZE ler20 ol= Qs MzzupAolds & 4 gl AT B W
of 71249 RAFT B2 AL dlo[H7t 11 Aol AgstAl &
< ol & & Sl

BAAEBEAE S5 fid WHEeR ke Rdlo] LSTM(Long

Short Term Memory) Z@o|tt, LSTM RE-2 Cell State(Information
Flow)& F7Fste] dloly Ada HAH. 54 AHAA Cell Stateol] 71=
B AEZE AYA A A, o AN EREH, o] HIAY &A%} of
E AAA &7] "Wz 005 St FALEEAE AT

ok oigh olE Qo Zt7te] @AmitE |R B3 Ahte
tt. o]l& sfEsty] fs AClE $E &9 "wdE ¥ GRU(Gated
Recurrent Unit) Z@lo] A QFE St

Zh mdof digt Jfd== [ 2-3]3 227

g
_0'15
i 1

| o = Sigmoid | | tanh = tan hyperbolic ‘ | x = Multiplication | | + = Addition
Vi c Y1 i
[tanh |
c tanh *
tanh
x' Y X

Y1
Simple RNN ‘ LSTM GRU

[Z1¥ 2-3] RNN, LSTM, GRU 7HE%

26) Khan, Z., Khan, S. M., Dey, K., & Chowdhury, M. (2019). Development and evaluation of

recurrent neural network—based models for hourly traffic volume and annual average daily
traffic prediction. Transportation Research Record, 2673(7), pp. 489-503.

27) Khan, Z., Khan, S. M., Dey, K., & Chowdhury, M. (2019). Development and evaluation of
recurrent neural network—based models for hourly traffic volume and annual average daily
traffic prediction. 7ransportation Research Record, 2673(7), pp. 489-503.
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3) &Ad3}t g+4=(Activation Function)

A3 Bl ZF F(LayenolAe dF# 7H5A(W), AFab)S F
v FAAS SOl a= Wr+bsE AAtsta upz|ete] 43t F4e(Activation
Function) & AA h(z)g EYHULE A& A3} 4t AFATeR
E37 st EA7F vl olr] el Easiet 4435t g v thekst
H, AdFA5er E1A otz 2ACl wE oE 243 §4E8 Aok
Shth28) 8 A3t g o 2tk

7h AlZ1ERo]=(Sigmoid)30)

Sigmoid
o4 — sigmoid —
derivatives of sigmoid /,f'"_
/
5 rd
r
ri
/
F
i
!
f
i
Fi
F
.'l.
5 ,r"r

(1 2-4] ALRO|E F5e} mlEFS

28) 0|73, (2020). B4} e4(Activation Function) 5 9 Az
https://ganghee—lee.tistory.com/32.

29) Sharma, S., Sharma, S., & Athaiya, A. (2017). Activation functions in neural networks. towards
data science, 6(12), pp. 310-316.

30) Sibi, P., Jones, S. A., & Siddarth, P. (2013). Analysis of different activation functions using

back propagation neural networks. Jjournal of theoretical and applied information technology,
47(3), pp. 1264-1268.
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l_r[
i

Stc}, ARo|Ee] 44

o (z) =o(z)(1—0(x)) T41(2-2)

AlaRol= gho] Zho] M= [0, 1]o|H, J2ix: (19 2-4]9F £t}
AlIRo|E Qb= ™ol ofF AAY ot & ¢ 7]57]7} a2
o} Vanishing Gradientgh= @Ato] BHASHt} o] EAl=
g-gsto] ozl Ao F(Layen)E A= ©W E85lA Hojds=E 71=717}
= L=

79] 091 P }LEEOH oete] gEFoR B4

0173 —c—rr(Bmary Classification)2] 7-9-of Apggich o]zl
17]}o]H, ] EoA 0~1 Ateld] %I:% 7}A17] w<o]

def =igmo
return 1

[13 2-5] A|ZLRo|= o4 xpo]fd FE
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1}) stolmEe] BHIE (Tanh)3)

} —— tanh I

Ll | derivatives of tanh /
0N 9

(19 3-6] slolHEe SAE 5ot
SERES

gl BHE e [OF 2-6]oMA" AIRo|E 4ef frAlSH
A7F [-1, 1olgtes AT 2o, tfFE9] A9 A|dHo|EHTh
U AOHolE ket up7FA] 2 Vanishing Gradient #A417F &

o gtk stolMBLY TAE 4ol SAL HA(2-3), HEAL

tanh(z) = 20(22)—1=—%— 2=21(2-3)
e +e ”
tank’ () = 1—tanh® (z) A1(2-4)

31) Karlik, B., & Olgac, A. V. (2011). Performance analysis of various activation functions in
generalized MLP architectures of neural networks. International journal of Artificial Intelligence
and Expert Systems, 1(4), pp. 111-122.
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d35h7] st wto|x FE= (O8] 2-7]4 &

t}) ReLU(Rectified Linear Unit)32)

RelLU

Rell /
derivatives af Rell) !

(719 2-8] ReLU 3¢}t vl

ok

- =

ReLU(Rectified Linear Unit)= 714 @o] AFEE+= A4S} o]ty
Ao ZA(Q-5)9F Zom, > o00H 71€7]7F 191 HA, 1 Qo=
ot J#jx= [19 2-8]3 ot

a=max (0, z) $21(2-5)

32) Agarap, A. F. (2018). Deep learning using rectified linear units (relu).
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ReLUE Axte] B340l wol Sigmoiddt sto]mE8 &HlEC] w3
L7t ¢ w2t o] 2|4g<4=(Exponential Function)ofl oJs] b]&ES A
She B-fol= ulZgte] 0oy 1o]7] wiZelt. 55| A3 45 &
AL (SGD: Stochastic Gradient Descent)2 ARESH W] A4 $ho]
ojzoll W=7 Aito] ZHsstet. 18y » < 0¥ S 71717t 00] 7
woll fdEgtol 05 22 A¢ o ol dulelEZE HA o= wAI7t

th39) ReLU @42 7857 918 stoldd :EL (17 2-9)9} 2t

N o I

30,

©

[(19 2-9] RelU 9= mojd &

33) Lu, L., Shin, Y., Su, Y., & Karniadakis, G. E. (2019). Dying relu and initialization: Theory
and numerical examples.
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2} leaky ReLU3%

leakyRelU

- leakyRellU
derlvatives of leakyRelLl) ;"‘r.r

[1% 2-10] leaky RelLU #=9} m]&ghs:

Jol= ReLU ZAS}
FAZ 41(2-6)1}
71

SEESSIERE
=

leaky ReLU+ 4=gto] z<o0d 3% =A17F LA
T dde SESH] Sl ke 43t fbolth
o}

=

.01

fr my nSL

ow, JH=E [29 2-1017 Zoh =g AE

o Z= 9J%o] <0 A 7]€7]7}F 00] oFJz 0
f(x) =max(0.01x, x) 2=21(2-6)

leaky ReLU T@ot7] 9%k ool A== (¥ 2-11]3 2t

ot
ju

2~
T

34) Dubey, A. K., & Jain, V. (2019). Comparative study of convolution neural network’s relu and
leaky-relu activation functions. In Applications of Computing, Automation and Wireless Systems
in Flectrical Engineering, pp. 873-880
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om0 01 = 2z, 2]

(18 2-11] leaky ReLU o] FE

1) ELU(Exponential Linear Units)35)

—ELU /
& LReLU /

== Hel Ll /
c /
= /

f‘l
Frmé_—..—-ft
L x L

[1™ 2-12] FLU, LReLU(Leaky Relu),
RelLU H| 1

| if x>0
f(x>_{a(ex1> ifx<0

T21(2-8)
ELU(Exponential Linear Units)= [T1® 2-12]9F $A(2-8)oll A A&
ReLU dAHES - 12 HE 55 "5 085t 0 FAlA 4 mliZo]
7Hsotes WEdth olF o ReLUC e RF Zedshal, &2 si2
sttt I3y ReLUSt Leaky ReLUe| H]sto]  Z]4=8t4=(exponential
function)oll it mlEgk= Al4tsiof 5H7] wiiell 5= it

r{o

35) Clevert, D. A., Unterthiner, T., & Hochreiter, S. (2015). Fast and accurate deep network
learning by exponential linear units (elus).
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Hh) A X E®MA(Softmax)36)

Softmax Function

008 /
006 /

004 X

D02 /

0.00 N ——

I

E

[ 2-13] AT EWA Sk 74

ADEWMA Stps FE FYSA ARHT ATLRO|E o7t 2714

= EF(Binary Classification) —-—Z]Oﬂ e )|
Hlsff AZEWMA Qb= Al 7HA] o] AEA] F stUE A1E2Es
A FFMulti Class Classification) Aol ARHS-EHTH? TJiz= [OFH 2-
13]3F Zom3s), 422 £21(2-9)9F Lt

21(2-9)

s
&
Il
N

36) Sharma, S., Sharma, S., & Athaiya, A. (2017). Activation functions in neural networks. fowards
data science, 6(12), pp. 310-316.

37) Asadi, B., & Jiang, H. (2020). On approximation capabilities of RelLU activation and softmax
output layer in neural networks.

38) e HeEdS ol8et Akdol A7 Y& https://wikidocs.net/24987.

_34_



RS,
S

gL
B (EHlol=2)

21 5k (L oss function)

b
1]
ol
S
r

+ [ 2-14]9F Zo] AT A5 AelE AT+

= S B
oft}. o] % kel Ao, Z, At F4E £AFRe] ge AW 2}
5% EARS Fe ol AFRA BAAE BF AF oA,

=
AL A2 AERNE £APSE ST SUF5) 3L
shste = Jjo] uif wgel A1EA Web B b2 ok ol 9
& BolnE £ARG0] AHL the Fasith Fa 2L

£t

TLoof b ofr iy o
go 1o B du e >
i

)

7h B AlF L AHMSE: Mean Squared Error)

_]_1\72(3/_3;)2 Z=21(2-10)

39) e "elds ol8et Aol A SE. https://wikidocs.net/24987.
40) daYd, &A%, FHFAFLAHMSE). https://gooopy.tistory.com/61.
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) 222 JdE=Z1(Cross—Entropy)4D
—Y ylogy ZA1(2-11)
g2 dEZuE FAQ-1DMA"E AAZ(y, 0 B DI A=7H(y,

15111, Zto] B9 Aol o] #47] u
o)7] 91§ Aemmetn @ 5 9ot

N U‘”

dajydo] g&e &A1 (Loss Function)Q] HAZS 2= 728 2xz
gheh. &4 e AS3 AAIGY ZolE omgitt e ots2 &
Agao] ggho] Hast HEE = 7HEA|(weight) 2t HaF(bias)E 2=
Aolth, HAaghkE Zopbes WHE 42K Optimization)olgf stal, HA3}=
Foske oy 7HA dalElES At dare|S(Optimizer)2tal ek, EE,
geld otsndo] 7+ F9 rtEA|etel W 5 st weEtHlE o 27)g A4
A Fast

Convex Non-convex

[ 2-15] convex®} non—convex 1| H|IL

41) Zhang, Z., & Sabuncu, M. R. (2018). Generalized cross entropy loss for training deep neural
networks with noisy labels. In 32nd Conference on Neural Information Processing Systems
(NeurIPS).
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Hede Eo @sa oh BAVL (19 2-1519 22 wama
A3t (non—convex optimization)©]7] WFof42) ofg] o] BEZH 2 AZk(ocal
minimum)©] EARICE, whEbA Alzbe] wheEt HAx]HE 22 ZsH 2

= AnAd)

Gradient Descent
(BASHEE)
Momentum _
()

=
>
o
jol]
3
L
—
el
b
o
ol
3
| N
=
o
ol
3
=
. J

rlo
W
alt)
N

|
o
i)
My
o,
i)
7
s
o
=il
N,
%0,
lo
=)
N
Fo
12
e
)
|\
Mo
O,
o

=]
my
o)

AN S stelie HHs 7Mooz el AT qlov], 44

42) #2719, (2020). Convexity®?t H&{'d(Convex Function®t Convex Set).
https://skyil.tistory.com/33.

43) Ruder, S. (2016). An overview of gradient descent optimization algorithms.
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0t AAStLA S S wWEEE ojusiy, 2L gl H

o
=
nE
fin}
o
a,

e saTolH ] £4E RAsz 4L
/K]-E

2 T3] o1 wekHE dolE st WAl

44) Ruder, S. (2016). An overview of gradient descent optimization algorithms,

45) Robbins, H., & Monro, S. (1951). A stochastic approximation method. 7he annals of
mathematical statistics, pp. 400—407.
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=4 BARPEE s S meld IEE [O9 2-18]% Znt

AR AT AASPES A delert ohlet AHR w9l batch size)

Aelstie &84 AAelda FUsith sEH A

46) Duchi, J., Hazan, E., & Singer, Y. (2011). Adaptive subgradient methods for online learning
and stochastic optimization. Journal of machine learning research, 12(7), pp. 2121-2159.

47) Duchi, ]., Hazan, E., & Singer, Y. (2011). Adaptive subgradient methods for online learning
and stochastic optimization. Journal of machine learning research, 12(7), pp. 2121-2159.

48) Hinton, G., Srivastava, N., & Swersky, K. (2012). Neural networks for machine learning lecture
6a overview of mini—batch gradient descent. Cited on, 14(8), 2.
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B
(27 2-20] P24 HAg FA UYL 5T o}

A7 ek o2 si@shy] gig wHoR Agss ol BHE e,
(27 2-20]91AM(a)= AZollA H
He o] g mage] Hahx

49) Qian, N. (1999). On the momentum term in gradient descent learning algorithms. Newura/
networks, 12(1), pp. 145-151.
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50) Ward, R., Wu, X., & Bottou, L. (2019). AdaGrad stepsizes: Sharp convergence over nonconvex

landscapes. In International Conference on Machine Learning, pp. 6677-6686.

51) Zeiler, M. D. (2012). Adadelta: an adaptive learning rate method.
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A 71EA 2 AMSHA] ¢ " AAG ARE AL EAE R,
o] AL ARE 2 7HEAE Holshy] fal Afoledds 8T
th53) RMSProp& Fdsh7] f13F mold It [O7 2-22]9F #on,
decay_ratex= AMgAF 27 stolmutetrefo]al HE [0.9,0.99,0.999] F skt

£ Argi

[1%] 2-22] RMSProp mtold F&

o) Adam54

Adam2 HWET} RMSPrope R5F A8t ZAAtr Bdlldy} 5Y
Fefoletd of & groz dduo|Esta, Zt tlojgnitt S5ES t2A A
ot Aol o2 gl vl £2 HololA dwrHoz Py o] A}
HE HH3 guEEoltt. Adame FEsH] e ool IE= [OF
2-23]7 ZoH, betal, beta2, epst= AHEA7E A sh= ofo] wutatu|E o]},
747k 0.9, 0.999, 107°%& AAsH= A% £2 45 EAES)

ki
&

oL,

oo g

52) Xu, D., Zhang, S., Zhang, H., & Mandic, D. P. (2021). Convergence of the rmsprop deep
learning method with penalty for nonconvex optimization. Neural Networks, 139, pp. 17-23.

53) Zou, E., Shen, L., Jie, Z., Zhang, W. & Liu, W. (2019). A sufficient condition for
convergences of adam and rmsprop. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 11127-11135.

54) Dozat, T. (2016). Incorporating nesterov momentum into adam.

55) Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization.
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(3) wWE FX](Early Stopping)
S5 A ASAE AEZAo=w gQlste] It @ @AY
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ZE g A}8sk= 7)Ho|c}t 57

4) 7VsA] A (Weight Decay)

549 Hdo] il RdlHn FpA9t TheAol o A Ha
(Weight Decay)= ©l& ¥#I5t7] flsl st mtebug o] gro] & 7% 1o

g-&ote HEEE HEste] Foish= 7ol
V52 4 5 L1 FAI(Regularization) WAl 7]&E &49bo] st ot
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2L AR ARRRIT o] 7 & o] wol EXst= 7Rl Al
oFS T, 7teAl 2 7HeRt 29 HARR k= 8WE Fr L1 L2E

57) Kim, M. S., Lee, ]. K., Choi, Y. H, Kim, S. H, Jeong, K. W., Kim, K. L, & Lee, S. S.
(2020). A Study on the Optimal Setting of Large Uncharged Hole Boring Machine for Reducing
Blast—induced Vibration using Deep Learning. Explosives and Blasting, 38(4), pp. 16-25.

58) Ying, X. (2019). An overview of overfitting and its solutions. In Journal of Physics: Conference
Serves, 1168(2), p. 022022.
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a simple way to prevent neural networks from overfitting. 7he journal of machine learning

59) Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, 1., & Salakhutdinov, R. (2014). Dropout:
research, 15(1), pp. 1929-1958.
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60) You, K, Long, M., Wang, J., & Jordan, M. L. (2019). How does learning rate decay help
modern neural networks?

61) An, W., Wang, H., Zhang, Y., & Dai, Q. (2017). Exponential decay sine wave learning rate
for fast deep neural network training. In 2017 [EEE Visual Communications and Image
Processing (VCIP), pp. 1-4.
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), 4% o, A3 ok, &Y, Al 2718 HiAl 271, 24
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. 2WAlet 39 whE Aue] wet stolduetu WS Hast

Stolmutetye o] A3} 7oz a8t A2 (Grid Search)63), #E A

|(Random Search)64), #|o]z]Qt -FEJnto]A|o]d(Baysian Optimization)65)

5 rprg o] £, A&AY A7} ol2olA gk B AFolA
L Ao Huts wEe7] Y A7 AsE B 714e ZFH] B8d
At

62) Smith, S. L., Kindermans, P. J., Ying, C., & Le, Q. V. (2017). Don't decay the learning rate,
increase the batch size.

63) Bergstra, ]., Bardenet, R., Bengio, Y., & Kégl, B. (2011). Algorithms for hyper—parameter
optimization. Advances in neura/ mformaﬂon processing systems, 24.

64) Bergstra, J., & Bengio, Y. (2012). Random search for hyper—parameter optimization. Journal of
machine learning research, 13(2).

65) Feurer, M., & Hutter, F. (2019). Hyperparameter optimization. In Automated machine learning,
pp. 3-33.
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wat o2/ 87| wfEo|
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66) o4, o]73A. (2008). Cost—Per—Action 1 WS |83t Conversion Action Data WFAUYZ2)
W7}, Information Systems Review, 10(2), pp. 123-135.

67) 3. (2008). QUEIHl HAFY @FAAC] EA 9 FASE o] Wt A4 FFasta,
194), pp. 7-27.

68) Ax4, A4, oldid. (2011). 7|¥E AN F1 29 DB Holg] BALS &5 CPM 9 CPC HF
219] %1:6;?} A, AR ASS] A, 16(4), pp. 139-154.
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S ATE Qeke) ey o] ATk PAd dTEAol #AS Adrt

2) 22kl Fatoll A8H AdsAeel it A A+

22}l Fae] dFAE 7IHe EdshE A7 ordeAl A3 E ot
dlols FAgaLo] HA 71=0] 7RSS A&5h] ffste] JIEAlS 7IHE
g8 AFE Qom0 s AFedE 7= A AWE ZE5H
dlolHE sHstal, 5 HolHE vt HAet dazlsa 485t 4
s 59 7 e WHe Adstn. At daeEe Ha 24e B
of A& Ast=rt w2 dalEEe Aldshe dFE Ad¥stal, ol Fd 4
4 A9 $91% d5saA s oldg ArE A4 J9Ee nE
&9 dzel o B8 FAT, A4 B Ydeln A A4 719
co] 42 744 wsje] Wet WA 47 At BAT AQAE ST
AL Rat A4 A9 E €97t 5242 2L 5 YEA 471
Sold HBE RoIAAT, kE «9E AT Sl 9T IF 2o
olick, Faul AEe] AAE Tefelw B2 LE £UTE LIE A
2 wigrsA) g

295 o2 94 A d3o] dRS FE 54 7 AL A7)
Moz meWste Aol olejgt 542 g5 27]9 CTR 9% RYSe
22249 37D, naive Bayes’?), Follow the Regularized Leader(FTRL)73)

69) o4, o]74A. (2008). Cost—Per—Action T2l WS |83t Conversion Action Data ™7 U132
B7Y. Information Systems Review, 10(2), pp. 123-135.

70) ARE, BrA3] (2018). TensorFlows -85 A 7]19ES] 2] 9] & dugE. (a4l
ehel=7A],, 43(8), pp. 1347-1356.

71) Richardson, M., Dominowska, E., & Ragno, R. (2007). Predicting clicks: estimating the
click—through rate for new ads. In Proceedings of the 16th international conference on World
Wide Web, pp. 521-530.

72) Hand, D. ], & Yu, K. (2001). Idiot's Bayes—not so stupid after all?. I[nternational statistical
review, 69(3), pp. 385-398.

73) McMahan, H. B, Holt, G., Sculley, D., Young, M., Ebner, D., Grady, J., & Kubica, J. (2013).
Ad click prediction: a view from the trenches. In Proceedings of the 19h ACM SIGKDD
international conference on Knowledge discovery and data mining, pp. 1222-1230.
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At @2 CTR 95 Ed Fxo Fat 942 & d+=
Neural Network Language Model NNLM)792 5 8|4
oF o= oo} walaelA A WY wE dPels WY AHL A
stol Aglo] AFE FuY & oA Heln H4F S4L AL CIR o
ol Rdlgold "aHorg Llsk= AlFor A HA =HIA
Factorization Machine(FM)79-2 7} A-3% %27] CTR 2@ F ostdd]
o] ¥ oAl ¥l 71 &8erh 34 dolHo g dHld A=E 5
s BAEE 54 wWES dis) WE 7 Wile s3fste] 54 7 deAgs
e WAlolt) o] Aits FAAHQ CIR 52 Asts A2 ofY
, Bes] mde Whnhs A3tk oA FAE 7HIH. Field-Aware
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A (deep neural network, DNN)2 #HFE H[HE, 24 <14, 2

1 hil
of A7 okl Z As= ZAFAATNT®T80), o] Foke] HolHE2 3k

74) Bengio, Y., Ducharme, R., Vincent, P., & Janvin, C. (2003). A neural probabilistic language
model. 7he journal of machine learning research, 3, pp. 1137-1155.

75) Rendle, S. (2010). Factorization machines. In 2010 [EEE International conference on data
mining, pp. 995-1000.

76) Juan, Y., Lefortier, D., & Chapelle, O. (2017). Field~aware factorization machines in a
real-world online advertising system. In Proceedings of the 26th International Conference on

World Wide Web Companion, pp. 680—688.

77) AE7), 249, WEe d9s] 2019). A el 71 AR Al S5 AF &
FAA® N, Journal of The Korean Data Analysis Society, 21(1), pp. 6373,

78) WF, APt s, A (2016). AATRYPS o83t WIToltE BTHA HEA|H| it
AL, Journal of The Korean Data Analysis Society, 18(3), pp. 1367-1376.
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79) B4, &38. (2018). A=A AFTS 7oz ¢ g2 2o oi A EF Bd A4
BA. Journal of The Korean Data Analysis Society, 20(4), pp. 1863-1871.

80) 7%t z5H, 94, (2020). AAG dAE5S At JAFAEDY dEh-E 5+ AA. Journal of
The Korean Data Analysis Society, 22(3), pp. 1055-1065.

81) Zhang, W., Du, T., & Wang, J. (2016). Deep learning over multi—field categorical data. In
European conference on information retrieval, pp. 45-57.

82) Qu, Y., Cai, H, Ren, K., Zhang, W., Yu, Y., Wen, Y., & Wang, J. (2016). Product-based
neural networks for user response prediction. In 2016 [EEE I6th International Conference on
Data Mining (ICDM), pp. 1149-1154.

83) Qu, Y., Fang, B., Zhang, W., Tang, R., Niu, M., Guo, H., & He, X. (2018). Product—based
neural networks for wuser response prediction over multi—field categorical data. ACM
Transactions on Information Systems (TOIS), 37(1), pp. 1-35.

84) Cheng, H. T., Koc, L., Harmsen, ]., Shaked, T., Chandra, T., Aradhye, H., & Shah, H. (2016).
Wide & deep learning for recommender systems. In Proceedings of the Ist workshop on deep
learning for recommender systems, pp. 7-10.

85) Guo, H., Tang, R., Ye, Y., Li, Z., & He, X. (2017). DeepFM: a factorization—machine based
neural network for CTR prediction.

86) Zhou, X., & Shi, Y. (2020). DeepFaFM: A Field-array Factorization Machine based Neural
Network for CTR Prediction. In 2020 IEEE 4th Information Technology, Networking, Electronic
and Automation Control Conference (ITNEC), 1, pp. 2559-2563.

87) Wang, R., Fu, B., Fu, G., & Wang, M. (2017). Deep & cross network for ad click predictions.
In Proceedings of the ADKDD'l7, pp. 1-7.

88) Lian, J., Zhou, X., Zhang, F., Chen, Z., Xie, X, & Sun, G. (2018). xdeepfm: Combining
explicit and implicit feature interactions for recommender systems. In Proceedings of the 24th
ACM SIGKDD  International Conference on Knowledge Discovery & Data Mining, pp.
1754-1763.
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89) Liu, Q. Yu, F, Wu, S, & Wang, L. (2015). A convolutional click prediction model. In
Proceedings of the 24th ACM international on conference on information and knowledge
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1 WOAg 21T, SY, WA 1HSSAE DROEAAE,

UEIP O &2 ER D Ui HOX|of| =&
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19 3210 Mol 48 Fn Gt el A

dlolH o] 7191 HA Fao] FatHl= CPC Aolot. CPC(Cost per
Click)= AFEAPE AARE 23} kEE= 7|98 283 o F2571 A
ot H= HEo= 7T 4TVt ol AAEHE ado|th1h [T1F
3-2113 ol 4H7HE = 97 A Hol A
Atell 71 =7 A

th $ao] FYEL kot AW uAe] YuE 2
¥ ottt B2 Hlgo] FuME Ak FAF QBAE BEW 2o
Y ) Hlgo] SolAAT @A A £97h wobd uAo] 2elgel
"olx 7t Aol A4 R Hole] FAHA grot 1Ae] the Mol
olaflobst HelxA] o B Wit WolxA| ek AHEEH Hawleh He)

Aol IAE HolFE Fa1 A& 21329 ROAS(Return on Advertising)= 33
I AN HEHOR AHEst= Aoz Zoltt, oA FARGE FalH]
3g-goly Fa HF 199 &S HoEr ROASTY =245 33 &8

/go] #1102 ROASE #A41(3-D Zo] At & Ut

1o

101) NAVER Corp. NAVER AD SERVICES. https://saedu.naver.com/adguide/eng.nhn.
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Total AD Cost

Leakage Ratio(%) = % 100 $21(3-2)

oAlE Eof ot [& 3-1]7 &2 F 1,000709] 7|YEE st 224l
ZI9E AA Fa ARE 7PsiEAL 71E 5 AolM C7kAl 55719 7]
HEoA A wES 66.2%7F FASEL U] 945719 F|H =M=
33.8%° wiEo] ALY ot 23] Z|YE & E9F F= wiEel A=
FaHET Yot Fal pgor EoiE Hrpal TE 4 Stk o dA] ‘oA
1% DRE FE AW 71 OFo R sk, AA FarH|eA A4t

S

ZI9E dEer &230d FaME Fof Fres AMNEE 66.7%= ¢

102) Vaver, J., & Koehler, J. (2011). Measuring ad effectiveness using geo experiments. Work.
Paper, pp. 1-8.

103) Lee, Jung—Woo, et al. (2019). A study of Leakage Ratio for increasing performance of online
keyword search advertising. Restaurant Business, 118(8), pp. 308-314.
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keyword impression a | order_a | order_p1 | order_p7 | order_p14 s a ales_p1 | sales_p7 sales_pld | ad_fee
587394 | 2020-03-01 5112 853 24 11 14 x 1,355,862 683,303 873,652 = 113882
587394 | 2020-03-02 3.990 | 659 13 7 7 1 707.962 471.637 289.812 53,100 92.675
587394 | 2020-03-03 4135 692 24 16 30 6 921.053 630,614 [ 1.086.171 262.085 92.290
587394 | 2020-03-04 3.809 648 36 9 22 1 1.473.353 338.535 887.597 29,600 3.523
587394 | 2020-03-05 3843 637 10 o 3 1 372.110 168,560 60.730 15.360 78,309
587394 | 2020-03-06 3.794 601 17 7 11 - 1.108.627 349.970 647.180 5 74,723
587394 | 2020-03-07 4,027 607 12 6 8 2 603.6590 320.340 358.413 77.033 77.132
587394 | 2020-03-08 4,584 694 13 7 9 1 690,256 334,080 508.076 57.790 79,123
587384 | 2020-03-08 4701 724 19 12 13 % 692,145 593,558 687.433 = 85.679
587394 | 2020-03-10 4173 625 18 6 12 = 792,642 299,620 470.800 5 78.452
587394 | 2020-03-11 4162 | 660 16 " 1 1 716.746 578.460 422.290 46.500 79.079
587394 | 2020-03-12 3445 554 16 10 18 4 625,030 364.480 525.000 85.950 69.916
587394 | 2020-03-13 3.354 441 9 5 6 - 245.800 240.520 243.330 - 53.526
587394 | 2020-03-14 3.500 514 K| 7 6 4 317.190 173.870 151.180 108.700 63,206
587394 | 2020-03-15 4,188 648 15 & 6 = 756,901 313.382 379.410 2 78.045
587394 | 2020-03-16 3.703 | 580 16 8 1 2 554.295 312.800 305.400 81.0C0 70.873
587394 | 2020-03-17 3.812 514 21 6 12 = 1.003.788 346,020 494,674 = 64,009
587394 | 2020-03-18 3423 | 501 23 7 9 3 798,036 315.500 407.300 186,000 61,919
587394 | 2020-03-19 3.457 513 12 7 8 = 597.320 350.420 316.600 = 61.765
587394 | 2020-03-20 3.172 487 i 4 7 = 636.180 141.400 370.040 - 58.235
587394 | 2020-03-21 3.152 527 15 7 12 - 592,011 484 280 552,240 5 62,590
587394 | 2020-03-22 4,020 626 22 13 24 3 956,669 701,480 | 1.039.114 117.300 77.748
587394 | 2020-03-23 3394 | 562 n 10 5 = 474,900 466.500 229.300 S 77.517
587394 | 2020-03-24 3.337 486 12 2 6 = 320.606 50.400 218,612 = 64,174
587394 | 2020-03-25 3.553| 527 15 2 8 486.630 75,205 207.080 = 69.729
587394 | 2020-03-26 3,581 529 15 2 2 591.835 99.700 87.800 B 71.181
587394 | 2020-03-27 2.992 472 15 & 8 1 556.330 205.481 362.501 64.281 62,568
587394 | 2020-03-28 3.314 515 11 4 3 = 443177 204,900 88,577 = 69.300
587394 | 2020-03-29 3,698 583 12 9 11 1 762,715 631.620 772,650 105,675 76,912
587394 | 2020-03-30 3229 | 476 20 4 14 - | 1.006.502 222130 715.892 - 61.127
587394 | 2020-03-31 2,962 451 11 1 3 349.100 44,200 138.635 = 54.285

(17 4-9] dlol® AA Fal 43} HolH



B!

ol
it

Jo

ol

1k A48 Qe

s
=

™

file)
,_lqn_wo

o

F_o_.,_

A =

o

=

A=

=
=

H

o]

gl

.
2a0 g

@@ o

tol =JaL A=t

235

=3 74
I On/Off
~422

530

L w A gl

398%

o
~
il

o

o

ol
,,.__lo

_99_

Pythone = 7= it



2) A2 ds AR

2 AFolA Ajtehe 224l Fal A AL’ SaaS(Software as
a Service) Al&aHlow SERQE A FET] wgof stEo] 45
Al £t A §Fo] FESHH StEelE FUketd 7| wiiEe] & 9
n)7h glet. & A A’oA Fa% As Axe 24 Ased WAl ot ot

oF o] getx|A Hrt

= Hlashy] ffste] i A RE AAsfoF
? a4t 4ol £

=
=

= =] [e] =1
1E Fof] W WAt

o] fdolatH 1A 59 F H]E = CPC(Cost per Click)E 8 434
22 A=t o] CPCY ALk FAl(4-Dat Zom, o] 3= H-ES UE
Y= 2 zo|7] 7o HE&4s £2 Aoz Tt} 104)
icks
CPC= 105 (4-1)

]
FALE T WEYe vee 8 AAAER FE=rh ROASY At ¥

[e]
449 Zom, o] AEO| Fe 4B T AR TTETLI09

104) Aguilar, J., & Garcia, G. (2017). An adaptive intelligent management system of advertising for
social networks: A case study of Facebook. [EEE Transactions on Computational Social Systems,
5(1), pp. 20-32.

105) Vaver, J., & Koehler, ]. (2011). Measuring ad effectiveness using geo experiments. Work.
Paper, pp. 1-8.
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Sales

Aicks X Average CPC x 100 4-2)

ROAS(%) =

Aol F9 FHo® 39 7HYe F7H
< 3 7FdES MRRMembership

1-8-¢1 CPMR(Cost per Membership
A EE FF=th. MRRO] A4 w4

o
o AR gom, o] ARY e F4F TS AN VY

Numberof sign—ups
IMPR

MRR (%) = x 100 (4-3)

Numberof sign—ups

CPMR = ADS

W AR Aolel A e A% 24 dlo A4 Fa AFeG A

A AolE 3L Agd A% B vols A4 BIL 45Ld AL
oAl #efot= AR H= F5E&(Leakage Ratio)olth. o] F48S Falst=
Aoz FAHE Asta, 1aeo 7|¢E AMofo] ¥ €2 At HiEst
of AA F1 ATFE PN 5 otk Hrs9 AL 24(5)et 2k

- oy Low Performance AD Cost 3
Leakage Ratio(%) = Total AD Cost x 100 (4-5)
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400

1‘ ‘ |I|||| ‘I|I‘I|I‘I‘I|||I
1 2 3 4 s 6 7 8 9 10 11 12 13 14 15

week

3

o
o

CPC (KRW)
o
S
S

1

(=1
o

(27 4-11] 227 #Fid B-8(CPC) ¥

[19 4-11]2 CPC(cost per click) H]1 T2jzojct, H]-8-S H|WIF Z0]
7] Wizl el Aea& Fal Ayt 2 Zlo|th100 2 AStoA AQtst

BT ALY ALEES BT P A5G W] 7]
H] CPC7L A@ske RE 717 B¢ A2 ¢S ST 4 ek web
2 G gL Mast AWIH A5 AxHY 4Bt o EL A
2 g 4 g

106) Li, T., & Lee, K. J. (2008). Evaluation of Conversion Action Data Mechanisms in
Cost—Per—Action Advertising. /nformation Systems Review, 10(2), pp. 123-135.
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H2 35004 1077 A3yt

(£ 4-1] & BE F°

*9 2=

Period Condition(Click/Conversion) Condition(ROAS) Operation
Click occurred 0% down 7%
Click occurred Below 100% down 5%
The day ;
bef More than 1 conversions occurred up 3%
etore More than 2 conversions occurred 500% or more up 5%
More than 5 conversions occurred up 7%
0% down 10%
Click occurred more than 5 days Below 100% down 7%
100%~200% down 5%
Recent :
2d 1 conversion occurred ON
ays More than 1 conversions occurred up 3%
- 500% or more
More than 2 conversions occurred up 5%
More than 5 conversions occurred up 7%
0% down 10%
Click occurred more than 3 days Below 100% down 7%
100%~200% down 5%
Recent :
ad 1 conversion occurred ON
ays More than 1 conversions occurred up 3%
; 500% or more
More than 2 conversions occurred up 5%
More than 5 conversions occurred up 7%
0% OFF
Click occurred more than 10 days Below 100% down 10%
100%~200% down 7%
Recent -
1 conversion occurred ON
14days :
More than 1 conversions occurred up 3%
; 500% or more
More than 2 conversions occurred up 5%
More than 5 conversions occurred up 7%
Click occurred 1000% or more ON
Recent Click occurred more than 20 days 0% OFF
30days 1 conversion o.ccurred 1000% or more up 5%
More than 2 conversions occurred up 7%
e 249 S5kl WY 18] A3 Folo] wet ANE 24T
Ha7h e AfEE AWHE BRAY £9e RES 24 sde

bge A9EE 9avte BolAy

23, 2o, R

BUE A= 2o



o7 [E 4-113 Zo] 3094
=

2 %
go] Wstel ROAS 9 HlZole] Wste Salol

e = 2
(29 4-15), [29F 4-16]el4 HAAE AAY Y A7 57 4982 2%
AN F4g BE F1 G40l PAHASE AT 4 A

[# 4-2] &3 ROASS] ¥}

F8(%) ROAS(%)
4292 | F5E s e Frg g 218

A Tl A T

A 65.35 57.00 8.3 220.13 229.42 9.3

B 46.77 40.79 6.0 248.70 293.23 44.5

C 35.33 19.20 16.1 291.12 318.48 27.4

D 17.70 10.59 7.1 288.07 384.46 96.4

E 16.35 12.71 3.6 405.12 459.66 54.5

ot 8.2 46.4

S Fote] Fge] JH el Word ad=d CE 35.33%C14
19.2%=2 16.1% ZAstAct. 2= ROASE 291.12%1A4 318.48% =2
27.4% Fsstdon, ole Fo4ac] 7P wWol Robxl Ao Hlsf ROAS7L
7P Eo] AStt A2 ofddnh W E Fote] rgol 7MY AA Horl
42O ER 16.35%°014 12.17%%2 3.6% 7459k, ROASE 405.12%°]
A 459.66%F 54.5% 5ol o, o] JAl 2 AYET H|WSHS o
7V AA Attt AL otHdeh olF St el #daet ROASY &5

P} Blelske e obge & 4 gtk
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— 12.71
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0
LAO Lol
TTE TT =
e A el
(B, %) (¥, %)
(1% 4-15] %58 Te] A5 258 ws)
500
459.66
450
405.12.
400 384.46
=
2 350
2 318.48
= 300 28817 29323
291.12
248.70
250 229.42
J22813 L
200
48 e
Ze|H #Hel=
(Y, %) (g2, %)
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74 A g 2t | 3 2
A7te]l M7 HAT 47 BieES Yo ot gV MiEloR Qg
29 9 S AR o= sto] HlolHAlS FHISHTEL0N
(3 4-3] 7199=29} HlolHAl 4
HloleAl He 719 E HAof tlolEAl 4
1 AdEXLTE 9,028
2 ufj 2] 5 &} 8,506
3 AYEZXAHE 8,429
4 20t A &% 8,700
5 Bl 8,618
7k 719 Wg, ZIYE &V WA 29 5 A HolgAe (& 4-

20%E ARESIAH. ISAS EdEeS FAStL HAES

Flold-S $lote] 80%E Argsty HAES

B A2 @

—

A

-

[E 4-4] 3252 &8 Y 54 volH AN Fi A52F
Al2d A 2
e -8
OS Ubuntu 18.04.5
CPU Intel(R) Xeon(R) CPU @ 2.00GHz x 2ea
GPU None
Memory 16GB
Language Python 3.7.11
Library Tensorflow 2.6.0
A2 REgyt A4 [ 4-5]9F 2o 2dy AA W3t mE
A= E vwsty] $lste] 443t g4(Activation function)+ sigmoid 4

107) o7,
ARl =T AL

A, (2021). ANNE

S8t A&7 A dloly 7Nt 719l AAFEAL A oS,

el
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e} RelLU & ARESte] Apol& Blastyal, sksE2 0.000104 0.1714]
2] 7P A 2aE e e 23k shald dsdHlelE e &4
5}

o
BUE st Aol Z7hEA od FANEE HPstac.

T W&
Al el DNN : s]=do]o]270
LTI E 256
Dropout 20%
2| At daglE Adam
23} ot Sigmoid / ReLU
ShEE 0.1~0.0001
EATS Hat Al AHMSE: Mean Squared Error)
Epoch4= 100

I
ro
o,
s
H
>
8

c

=

a

=
rlr
bl
AR
A
=
o
)
o
38,
ul

[E 4-6] 2= (Accuracy) HW

tlolElAl | dlol"Al | &gt &8

HE == o= 0.1 0.01 0.001 | 0.0001
| 0,028 Sigmoid | 0.8291 | 0.8313 | 0.8042| 0.8286

’ ReLU 0.8247 | 0.8308| 0.8247| 0.8291

5 8506 Sigmoid | 0.8001 | 0.7995| 0.7995| 0.7995

’ ReLU 0.7995| 0.7989 | 0.7995| 0.7989

; 8420 Sigmoid | 0.7998 | 0.7998 | 0.7998 | 0.7998
’ ReLU 0.8004 | 0.7992 | 0.8004 | 0.8004

A 8700 Sigmoid | 0.8471 | 0.8471| 0.8471| 0.8448

’ ReLU 0.8362 | 0.8454 | 0.8437| 0.8448

5 8 618 Sigmoid | 0.4887 | 0.4835| 0.5450 | 0.4870
’ ReLU 0.6111 | 0.4046| 0.5926 | 0.5903
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7 A9E g, 7] 45 Gt WA w25k 39 ol A elege
(46 ek olhel AT FAT AAW B AP A
o, dlole] Axe] WA dleleAle] 47b astdrt. ol AP
golee Edlolde glstel 80% AHgetn HAES skl 20%% A
gsteick

[ 4-7] 7|9 =2} HolEAl 4

dlolE Al He 7| E HA o tlolE Al 4
1 AdERXLYE 7,286
2 ofj 2] 5 2} 7,088
3 AYEZAHE 6,562
4 20t A &% 1,289
5 HehE 6,644

Selo] gl SISt wme) A BAL ATENAGofma) S 4

Kol

&okal, EAgs dA EF A4 At o5 7 &9 (Categorical
Crossentropy)& A&ttt ey A7 Halo] whg F&EE H|wsh]
5t =EFFEENode count)E 2567 5122 AASIY] ZolE H| W5
a1, vjx]AFe] = (Batch size)T= 329 642 AHoto] zpolE H|WSHAT SHEE
< 0.0013 0.0001% dAste] 2olg st ATl &dghe

RUEESI] 5ol S7tEA e FA[HES AAstA.
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T &
Al e DNN : s]Edo]o]374
LI E 256 / 512
H| 2| Ato] = 32 / 64
Dropout 20%
| At darglE Adam
2435} g AT EWA(Softmax)
55 0.001 / 0.0001
AT o5 B &A% (Categorical Crossentropy)
Epoch4= 100

(2) A4 2%

ZI9E E2 StEE HiAAelE, kE FHREE WASe] Addsiilen,

Ad Avtz UL AHSr (Accuracy)L (3 4-8]o Aestaitt. 7199E HA
oz 2o wet k= 50% FHMIA 80% FHIZFA] Zfe]l o= A
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glolgAl node batch
W5 . accuracy
HS count size

32 0.8470

256
! 64 0.8461
32 0.8450

512
64 0.8465
32 0.8272

256
5 64 0.8271
32 0.8463

512
64 0.8262
32 0.8426

256
3 64 0.8435
32 0.8420

512
64 0.8434
32 0.8968

256
4 64 0.8976
32 0.8977

512
64 0.8968
32 0.5999

256
5 64 0.5673
32 0.5772

512
64 0.5647
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ABSTRACT

An Improvement Scheme of Online Advertising
Performance using Artificial Intelligence

— Focusing on Naver Keyword Search Ads and Facebook
Display Ads —
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Since online advertising sales volume surpassed TV advertising in
2012, the online advertising market has been continuously growing. The
e—commerce market, that is, the online shopping mall industry, which is
growing as much as online advertising, is an area that is highly
dependent on online advertising. Online advertising operation to improve
the performance of online advertising is experiencing difficulties due to
difficulties in checking advertising performance and managing too many
advertising creatives. In addition, the reduction of online advertising
performance due to the policy to strengthen personal information

protection in the global market is also a big problem. The ideal online
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advertising operation method to improve the performance of online
advertising is to check the advertising performance in real-time in units
of advertising creatives and execute advertising operation tasks according
to the performance. In reality, it is impossible to implement with human
resources, so automation is required.

In this study, I proposed and implemented an online advertising
performance analysis system with a structure that can collect and
reprocess data flexibly for the automation of online advertising
operations. In addition, based on the data analyzed in the online
advertising performance analysis system, four methods of an online
advertising automatic operation system that can improve advertising
performance were presented and implemented, and then a performance
test was conducted. First, the Facebook catalog advertising automatic
operation system is a method to prevent wastage of advertising costs and
improve performance by updating the advertising creatives registered in
the advertising media by reflecting the advertising product status of the
advertiser site. The experiment was conducted as an operation experiment
in which the advertising creatives of the advertising media are
automatically updated according to the product status of the advertiser's
site every hour which medium and large size Internet shopping malls with
annual sales of KRW 10 billion or more. It was confirmed that the
performance of the operation was greatly improved through the method
proposed in the study. Second, the automatic operation for the purpose
of conversion among the Naver search advertising automatic operation
systems is a method to prevent wastage of advertising costs and improve
performance by managing the Leakage Ratio, which is a new advertising
performance indicator. The experiment was conducted on search
keywords of medium and large size Internet shopping malls with annual

sales of more than KRW 10 billion, adjusting bids based on existing
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performance on a daily basis to manage Leakage Ratio and comparing
changes in advertising sales performance. Through the experiment, it was
confirmed that the waste of advertising expenses was reduced by
managing the Leakage Ratio and the sales through advertising increased.
Third, the automatic operation for the purpose of visit among the Naver
search advertising automatic operation system is divided into the method
of predicting the number of visitors and the method of predicting the
trend of visitors. The method of predicting the number of visitors is
predicted by using the advertising cost for each search keyword as an
input value. For the experiment, Al training data was created based on
the operational data and performance data of search keywords for a
year, and an Al model was implemented to compare the accuracy of
predicting the number of visitors. Fourth, the method of predicting the
visitor trend is a method of predicting the increase or decrease of the
visitor by using the advertising cost for each search keyword as an input
value. The biggest difference from the method of predicting the number
of visitors is that it does not predict a wide range of visitor numbers but
only predicts three trends. The experiment is similar to the experiment
for predicting the number of visitors, but an experiment was conducted
to compare the accuracy of visitor trend prediction by changing the Al
modeling and implementing it. The prediction accuracy as a result of the
third and fourth experiment is under 90%, which is not high compared
to the previous studies, but it can be applied to the actual industry as a
reference for the manual operation of online advertising.

When the automatic online advertisement operation methods proposed
in this study are applied to actual industries, it is possible to reduce
human resources, and enable ideal advertising operation methods that
were not previously possible, and through this, the effect of improving

advertising performance can be expected. The prediction method through
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Al can also directly help with the advertising cost planning strategy of
manually operated online advertising. Through these advertising operation
methods, it will be possible to operate advertising that can increase
advertising performance without wasting the advertising costs of

advertisers.

[(Key word] Online Advertising, Online Advertising Performance, Online

Advertising Auto Operation, Performance Marketing, Artificial Intelligence
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