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Abstract

Recently, there are many companies that use systems based on artificial intelligence. The accuracy of
artificial intelligence depends on the amount of learning data and the appropriate algorithm. However, it is not
easy to obtain learning data with a large number of entity. Less data set have large generalization errors due to
overfitting. In order to minimize this generalization error, this study proposed DGA which can expect relatively
high accuracy even though data with a less data set is applied to machine learning based genetic algorithm to
deep learning based dropout. The idea of this paper is to determine the active state of the nodes. Using
Gradient about loss function, A new fitness function is defined. Proposed Algorithm DGA is supplementing
stochastic inconsistency about Dropout. Also DGA solved problem by the complexity of the fitness function and
expression range of the model about Genetic Algorithm As a result of experiments using MNIST data proposed
algorithm accuracy is 75.3%. Using only Dropout algorithm accuracy is 41.4%. It is shown that DGA is better

than using only dropout.
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2. Dropout Genetic Algorithm
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Fitmess stmog: 11010011
i 0: 011010611 3 stmagd: 0110100101
string 1; 100101100 0 EI\|/> stiong: 011010011
-\.l!rll'l:.'!:' 1010110

stmogl: 1100001010 2 &
SIMAE & © 1ol 10

drng3: 001101001 1 string3: 001101011

Figure 1. Roulette Selection

Figure 1 2 E3! M=ol CHE of & LIEHHCH 21Zo| AERER ofH| RZE 2 & £ it o] ofiy|
2neo| My HHHM RLEZMYE AEZL| I+E BIHAAE 7 &7IE HAMZM FERZ
2o AE-E MEHECH F, B8 MUE2 AEZEO| METO HEHStod BRRE MEE HES
BIMAZAF = Yoot stX(gt E2E &7| ol 7HA 2718 HHF7| «Is f a22lel ZRoMes F
He| AERE MHE F RZ2 AEZES MEHECH Ui ¥ MEiStD LM T AEZE o{EA
MM ME2 X2 MAMSH7| Qs ARZAQH{(Crossover)E AIESIC I ZAQH Qd4HKIQ
EREE HY ™ I ZALH|{(1-Point Crossover), Ct& IAR2AH(K-Point Crossover), L&
A2 AH{(Uniform Crossover)7t J/2H, B AT E |FLIE AZALHE AMSEICH RUE AEREARHE

ALERO 248 F FE2TE FHRIE E2E0L &8 SEETHUmbarkar and Sheth, 2015).

Sample : 101000111
Parent 0 : D11010011
Parent 1 : 00101110

OffSpring0: 110010110
OffSpring 1 : 001101011

Figure 2. Uniform Crossover
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2.2. EEO}R (Dropout)
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HEE|o 2 ol Ho|E{oll= M= CHE 5t K| RstE &EHE L etCH(Srivastava et al., 2014).
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Figure 7. Signal Transduction Process between hidden layers
047|M &1% 2:&so| = 2 A1 oM mh QEXR 2H&0| Lt £8 MM Z EJ|5HH, Figure 7 2
FeE 20ich vk BI% 2450l i ool RE% 2450 jHN L8 MZstE IEXIE
E7IECH &, M¥ = 2E-0| &4F o CiE 7HE5XIQ| 0|2 22 AZ Z5tod Mo 22 FIstod ZE
HAE CEh gfo= ALSetot. Mol 2f2 0|2 2tel 37|82 Tedst7| /504 Ab& 5Tt
Algorithm 1: DGA
Initialize : bestFit < argsort(new<"s) DESC

Iter : Train Iteration max number

PN : Population Number

rn¥% : Node number of line k hidden layer
S — S5 5. Hrare]0,1] (String)
P— 51, 5:,..., 53,..., Sep (Population)
t—20
Train :

while t not liter do

te—t+1

oy
P> PR
e §=1i=1 g

newFa, newF — GA(Fs,JC)

best < new-F[bestFit]
m—20
while m not len(best) do
if sum(best[i]) > len(best) / 2
bestString «— best[i]
break

end while

mask «— best*ones(net.shape)

net «— net*mask

end while

return
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Figure 8. DGA Pseudo Code
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Figure 9. MNIST Dataset

CIOIE{= Figure 9 2| MNIST HIO|EHE AFE3ti2m MNIST 2 EZOO|EHE 55000 7HE
O|F01X4 (The Mnist Database, 2017). £ A&o|A= THE 2 R 5t7| 2I5H FE2(Z 300 7H2]
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Figure 10. Standard Dropout Figure 11. Applying DGA
flo| agle s ph=ol IHE &fe MEES LIEHHCH Figure 10 2 SEE0IREH AHEH J|Z 9]
ol Cft BB LIEHYD, Figure 11 2 2 =20lA g8t DGA B AFg3tod shast
Do MFES LIEHCH 7|E Y2 e 7ol oiLkx| eixlet H2 MEES EUC
J0f Bt DGA = =2 MZES 2t
Table 1. Experiment results of Standard Dropout and DGA
Loss Train Acc. Test Acc.
Existing method
1.74 53.3% 41.4%
200 round
Existing method
1.08 65.3% 50.2%
300 round
DGA
0.022 100% 75.3%
200 round

fjo

Table 1 2 =240 2 2 A 2T} ZZE 0| H| I E LIEHHACH Loss = 24 Zf Acc = MEE

LtEHAHCH,

4. Conclusion

st&rololEel nt gng|&Fo| MEgdol met AUSX|se MFE0| ZHEELCH F&OH0[ES
¥o| SE doe gnelEe MNUSHII fMMez Te4EDh sHX|EF C|o|E 2| 0|
SEHX| of2 Aol YUte RAE 2|AStste W0l ZRSICH 2 =& 0BTt Z26t%|
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ol g0 =HE ¥Fof AFSUCE MM S|F|IHEEX| CiFt o|0|X| HIolE Z2 O|o|H
=71 Mx|ot BRZ00t Eotof st= A7t Uch OlXMH CIOIEe] =71 SESX| &2
BLEO| Ho| YME= o o|H BAR0l= DGA & ArE5t7|ol MESICH DGA = AMEEE
7|89o| EEotol MY 7/HQl M g12E2 M8t dnEl&olctk DGA £ |T
gdng|Ee B8 ME RLIF I 2ALH], 2018H0|, HoFo|E M8 ¢ E[FO0ICH DGA 2o
MEdE Hotstzl fs MNIST CIOIEE #835tod BR&E&aS stict 4™ 2%, 7I1ES
AMAL0| EZ0tRE MB350 HE&E B 41.4%° MEEO| Eols Aol HIEH, AeHE
2 12|E DGA £ 75.3%2| MZES ZERCH 0| S5l DGA 7t LS QX E HAAFIE W
201 & 4= QIRICH EFH DGA £ HEXQ! WOl EFotR 9| HIYE M| Cigt EXME HME =
AUACH
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