MIMANINEaTan YN Tteuiidadnlaglidane3nudalinmnis

1ae

WIBFIVINT) SAUITNIUG

31/1sJwﬁwuﬁ‘ﬁlﬂudauwﬁwaamsﬁﬂmmwé’ﬂqmﬁmﬂsimmamumﬁmﬂm
anymmnsulniilazaoNnIAes WY A LUU N 2 SzAUUSgeududs
AAenssuli
UuinInedy unanerdufaling
Un1sAnwn 2562

AVANSVRIVUNNINYIRY WINe1asdauIng



NsMAIINEALNaATaINTusIREnngldana3NuITaunis

Tne

WIITIVOVIST SAUITNIUG

31/1mﬁwuﬁ‘ﬁlﬂudawﬁwaqmsﬁﬂmmwé’ﬂqmﬁmmimmamumﬁwﬁm
anngIrnssulniuazAouimes LU N WUU N 2 seaulSyumUuda
AAensIulvi
UuNnINe1dy unIneraufauing
Un1sAnwn 2562

UENSVRIUUTNRINYRY URNINLIaYAaUINT



HYPER-PARAMETER OPTIMIZATION FOR DEEP NEURAL
NETWORK USING AN ISLAND-BASED GENETIC ALGORITHM

By

MR. Rashrita RATTANAVORAGANT

A Thesis Submitted in Partial Fulfillment of the Requirements
for Master of Engineering (ELECTRICAL AND COMPUTER ENGINEERING)
Department of ELECTRICAL ENGINEERING
Graduate School, Silpakorn University
Academic Year 2019

Copyright of Graduate School, Silpakorn University



Wite NIMAMINEaNTanveINTsseuanlaglddanes i

IaunIg

oy YN TAUITNIUA

AU Aenssulavuazaeuiines Weu n LUy A 2 seaudsaan
UMU9

958U nwIvan HYILANENTIANTE AT ENTUT L3IFUAT

v a a [

Unudinivends uninende@aling lisuinnsaneydflidudiuniweanisiine

ANUNBNENTIAINTTUAAR TUAU U

Y

____________________________________________________________________________________ ANUATMTIRINE R
(599A1871513715¢ A3.9L5501 Tunily)

a 3

fasaniuseulny

____________________________________________________________________________________ U3gsIunITung
(§978NanI13158 75.83389A WS Tan)

____________________________________________________________________________________ 91A1FENUTNWMEN
(§928ans19138 93.6015U1 1333UA")

____________________________________________________________________________________ AVSINIAINIEUBN

(A5.AUN WIUNDY )



60407210 : Iamnssulniiuagasuiimes Wy n LUy A 2 seaudsgaumduda
AAARY : NISEUSLTEN, SaneITUBITAUINTS
WY 51N SAUITNIUA: N1TVIANNNIEANNFAVEINTToUTTeAnlaeld

8aN037IUIITAUINT 0193ENUTNY TN TINUS © JA8AansI91Td A3, ENSU 19ITUA

a

NuAdeatuillaaueidnismanugauign (hyper-parameters)uaanisiseus

& @ ~ odad

a = o A a awv o a= o a aou v & a
L%QaﬂiﬂﬁlaaﬂaimuL%Q'J’J@Ju’]ﬂ']ﬁ I@?J@aﬂ@iVIlW]La@ﬂi‘%ﬂsu(ﬂu’rlQUQUUNLUU@@ﬂ@iWNWN%@?’]

Island-based genetic algorithm %358 ISLGA sanes7iudidusanasyunildnvuziaud

[

wANAedanes gl Tauinisiivde Tudanesfiudasinisuususzansmauadungy
g08 Natunay waztiiunalnnsuandeuyszvinsseninanie AnNanyueANaItinli
Aneuvaslgy wislunuided A1 hyper-parameters imlaligiingenlanmilasuiuly

vibirilsdaindanesfiutudun hyper-parameter Alvnzaufandmsunsisousizedn

TBnsigniausdsenaumedestunoundn lawn n15m1eA1 hyper-parameter

waznsinaeuniseusgdn weilunsunauslsz@nsameesdanesiiu §3dulavinns
a dy
3

naavdlagnisuidanaifiutiurlglunisuidl hyper-parameter ¥09n131 58U Fdnuiln

Deep convolutional neural network (DCNN) @an1si3gusideanildlunisnaassdifuuuy

' '
= a A !

11ANNTREUSAENNHYRI Alexnet A3deldvinsidrsialasashauas hyper-parameter
lusuredlaslulguivourluldluganesna ISLGA lun1snaassfidelavinnisnaasuen

hyper-parameter 91%111#91n138013571Utaualagn 15N RENKEZATNIINGIUTBYA

kY

a =

CIFAR-10 91nN151Aa0NU18anesiuilanunsaman hyper-parameter 904015158 U31 894N

Iawungaukasdusyansan



60407210 : Major (ELECTRICAL AND COMPUTER ENGINEERING)
Keyword : Deep convolutional neural network, Genetic algorithm, Island-based
genetic algorithm

MR. RASHRITA RATTANAVORAGANT : HYPER-PARAMETER OPTIMIZATION FOR
DEEP NEURALNETWORK USING AN ISLAND-BASED GENETIC ALGORITHM THESIS
ADVISOR : ASSISTANT PROFESSOR DR. YUTANA JEWAJINDA

In this research, we propose the method using the island-based genetic

algorithm (ISLGA) to automatically optimize the hyper-parameter of deep neural
networks (DNNs). The ISLGA overall. process is the same as a common genetic
algorithm but possesses unique characteristic and method which is the separation of
the population into a small group and force the part of the population to migrate in
every set period of generation. With the mentioned characteristic, the chance of
early convolution of the answer is significantly lower which leads to better hyper-
parameters selection. The proposed method consists of two steps: hyper-parameter
searching and complete DNNs training. To demonstrate our method, we apply our
algorithm to find the hyper-parameter for Deep convolutional neural network (DCNN)
which design is based on the DCNN call Alexnet. We encode the structure and hyper-
parameters of chosen DCNN as a chromosome and then apply an ISLGA to optimize
the structure and hyper-parameters. To evaluate the performance of the proposed
method, we implemented an image classification task using CIFAR-10 dataset. The
experimental result shows that the proposed method can efficiently search for the

appropriated hyper-parameters of the DCNNs.
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Another view of GoogleNet’s architecture.
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AlexNet architecture (May look weird because there are two different “streams”. This is because the training process was so
computationally expensive that they had to split the training onto 2 GPUs)
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2.2 Convolutional neural network(CNN)

v

Convolutional neural network 3 CNN Liuszuulasstneussamiiouiidnwos
adesruulasseUsraifisaiiuguuaidnuazsuie CNN agvielddndafu input 7
Usziangunmilesanaiuamsolunisadate Feature viadnuaziaumiagaeninain
suamieldluntsidu Input 1A CNN Tneaeluszuy CNN azUsznevuluse 3 Layer

laun Convolutional layer, Pooling layer wag Fully connected layer

O Eli=

FULLY SOFTMA

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN O ECTED
kil Y
FEATURE LEARNING CLASSIFICATION

0997 3 FUNMUARINITY19I1Ye9 CNN@UALDIA
https://www.mathworks.com/solutions/deep-learning/convolutional-neural-

network.htm()

2.2.1. Convolutional layer

Convolutional layer Ju Layer Mvintnilunisanin Feature E]E]ﬂmﬁ]’m'gﬂﬂ’lwméﬁ

Ju input wisunad1alu Feature map Inglunsarin Feature Wuyinlasniswuagunw

< ! 1 1 a ! 3 ) !
pontdudlug waazdaiuazgnsundd Cell 3nnuuUInaay Cell 1INIUNTEUIUNT

[
=

Convolution U Filter wialladu Feature aanuilae Filter MYTUTUDEAUAINUADINIT

Y

Yo [HI1F0d Feature Taangunn wu vauvesgunin (Jusiu



Operation Filter Convolved

Identity [

c oo
o - o

—
- -

0 10
Edge detection 1 -4 1

0 1 0
Sharpen -1 5 -1
0 -1 0
111
Box blur 1 111
(nomalized) 9
1 11

& s 1 1 21
aussian blur =l 4
(approximation) 16 12

N 4 gUnamuans filter AlwlupITaIN feature maps@UANaIN

https.//en.wikipedia.org/wiki/Kernel_(image_processing))

2.2.2. Pooling layer

Pooling layer tJu Layer ﬁﬁ’mﬂ’]ﬁIUﬂTﬁU%U‘ZJU’mLL@%U%MWN%@Q%@%@@I’J@EJN
(Sample) lianasneuidadng Layer foluiielianunsodnszinaziuseazidenes
awldednsasuiulneiiligyidedeyadiluniniunssuaunisisnisanlenaiaimenisal
Overfitting §8nde Tuns Pooling Tuariinszuaunisiindefiunszuiunisasne Feature
maps ABNSWUS Feature map senilu Cell anntuth Cell Turunszuuns Pooling Tne
15941 Convolution U Filter 8naSamileuiiu Convolutional layer n15 Pooling Ay
nsgyiludagduiiegasaguiuufa Max pooling, Average pooling TnenszuIunIsIaEes

[

1115005 UN8 LA LKNUN NG T



12 120 | 30 | 0

8 1121 2| 0| 2x2MaxPool |20 30
34|70 | 37| 4 12| 37

112|100 | 25 | 12

DM 5 gUNIMLaRINITY9IMYeY Max pooling(@UALaIA

https.//embarc.org/embarc_mli/doc/build/html/MLI kernels/pooling_avg.html)

2x2 average poaling, stride = 2

715

NI 6 FUNIMUAAINTITYI9IUYEY Average pooling(FUALaIN

https.//embarc.org/embarc mli/doc/build/htmU/MLI kernels/pooling_ave.htmU

2.2.3. Fully connect layer

a

Layer TUsgnouRIBsEUY Multilayer perceptron (MLP) Tunisussunanadoya

1911910 2 layer Aeuniiiieduaieiuazyiniswenuezgunmesnduminnny

Connections and weights
not shown here

dog (0.01)
cat (0.04) 4 possible outputs
boat (0.94)
bird (0.02)

Figure 7 gUNIWUaNINITYIINIUYEY Fully connected layer(@UAuaIN

https.//ujjwalkarn.me/2016,/08/11/intuitive-explanation-convnets/)



2.3 9ane3NUTIIMUINTG (Evolutionary algorithm)

danesfiugaifauinailungudanesiufignimuiduniiiowdYaynideiunis

Optimization laguuan1slun1sundyn1u049anoSRUTIAULUULAZLUIAANIINATT

[ | =

Wanun1svesdaddinnafe Usssnsilumneuveslagmiaunseny, nauiug, nale

Y Py A ada I a Y] ° ) ac a
Wug, 189 Mvlouysyy1nsvesddlidinluanuduase nann15vneuvedanesAugs
FIaun1sarunsaleasuieleasaiaunineiuans ag1elsfnudanasnundsiuilsieazidond

[
@

LONENUMAGIINUGIUYBINTEUIUN UL DAY

I Initialization I
Mutation

| Selection

Crossover

| Termination |

NI 7 SUAIMUARIVANN 15119 TUYNB AN ST I TINTS

AN NUTUSENDUMIENTZUIUNISTRN 3 NSEUIUNITLALA
1. Initailization

nsvuIuNstilunszUIuNIsNARTeWanesiulaensyuIunsiilunssuiunis
a$19UsznsnguusnTulaglusianugnssuvesuszyinsasdiinysuieaAna v
Jaymieg wu lunsdlvesnuifelsiaiugnisuvesussvinsasusenauluaiun Hyper-

parameter lun1siSeusidedanfein1suuls

2. Selection

s

lunszurunisiivgyinsdiunileaggnidenlviinnisuaniuguaznaneiug

o

a

= a YR A aAda Az o v o W a &
L‘UiEJ‘ULall@‘hm'ﬁmﬁllwuqm@Qﬁﬂmﬂ?@IUﬁiimsﬁqG\%QW?IW?MﬁWUﬁqﬂiiNGU@Qﬂizsﬁ’]ﬂﬁwgﬂLa@ﬂll

d' [ a I c{'d Ly 1y |c{'d wa 1 a
miLLaﬂLUaﬂuLLazmamummL‘Uuﬂizmﬂiwusuawuqﬂiimiwmwu@mamumLmﬂmﬂﬂmﬂmu
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3. Termination

' [y

nszvrunsiilunszuiunsgavneludanesfiulineun danesiinagyinszuiunsly

Fo91 1 waz 2 ni nszvaumstiilunisidauszgnsndounengoanluudiitnisunud

mgUszrnsiivdilaannseuiumsluden 2 ilidssuinsiaeinsiimunnslalugy

£
=

solulinaau®, Anuausagey

(%
a v Y o

NANEINITaluNITITuIN1TFesvesdanasiudvinlrTulasuanudeudu
a = @ v

agrsunuegtlsinudanesiundilynseuuicdsznis wu dmeunldaindane3iiud

a1vagldlidmmeunfgaanaly, AmlddiglunsAnaiaeutiaas, w8

2.4 Island-based genetics algorithm (ISLGA)

Island-based genetics algorithm #3® ISLGA Judanesfiunilslunguuesdanaii
WATaNTg danesnulifipawnuluisesveinisinnauvalszyns aunlananunlurintedn
2.3 11993 NUTNINUINITISTINUTABN T35 19U 291N TUNI WIUNTSLAITRIUI NS

1

Usznainaiiiu ISLGA Hudindnmsiieatuusussyinsvessane3fiuiazgninlnegdu

nauaowinudaenyszansidunig (sland) e 1sdnaudgy

Migration

Island 1
® (]

Migration Migration

(]

Migration
Island 4

DT} 8 JUNIMUARINANNITYIUYEY ISLGA

TuseninanszurUNITITAIUINITAEI NS LANUAg UUTEYINTTENINBNIE LN DAIAIY

atgn1aiugnssunslungulszvnsimuatarysevinsateluinie ndnvazuay
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[
a o a = = 1 v

nszuIUn1sinduivinlidanesiuiidenvalgedne 1wy daneiiulaiunsavinlieiu

17 ¢ < a

danasiuviinduld, Armeuldainusesnsldgindenlarmiasuiuly, Wugnssuves

Usgrnsgnavaslagsnludfnaeniiaiainnalnnisuanilieudsennsseninaunie

2.5 25sunssuineafunsUszendlddanasiudealdauinislunsiseuiidedn

1. Evolutionary convolutional neural networks: An application to handwriting

recognition. (Baldominos, A., Saez, Y., & Isasi, P. (2018))

av o & o w a = a av I3 o 1
NuIFedlunsdidanesnud I Tauinsualssenaldlunisusuen Parameter

o

AneveesruulaTsteUsra sy ssan Convolutional neural network TagTunisusu

[ Ya

Atufideldiinen Parameter sireq anlfifudulumsiiaunnssyuy @1 Parameter Af3dy
8lennuavlaluusias Layer voszuuilsed
- Convoulutional layer
97U Convolutional layer
u1nvee Kernel Tu Convelutional layer LLﬁiaz%u
Tuuwee Kernel T Convolutional layer Lwiassiizu
Activation function 11 Convolutional layer Lwiaz%u’u

YUIAYBY Pooling layer a4 Convolutional layer ufazdu (613)

- Dense (Fully connected) layer
UV Layer
Snwaznsilounavesusas Layer
9UIU neuron lulmay Layer
Activation function Tuunag Layer
Weight regularization Tulsiay Layer

Dropout
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- Parameter W3l
Batch size
Learning rule
Learning rate

1 ¥ ¥

izUUIULLGiﬁgi‘lmﬂVlﬂﬁ@Uﬂ’JEJﬂ’]W?ﬂ’]ﬂi’m‘sU@i{Ija MNIST 27nN1SNAABINUINAITEUUN

9 Y

' <

fiAn Error 8¢t 0.37% Tapszuufananilnuautafe Wuszuuiidl Convolutional layer 3
Suusarduilvun 64x64, 256x256 Lay 256x256 AUA1AU flaumves Kernel ax4,2x2 LAy
7X7 ANERU VN Layer 19 Linear activation function EJﬂﬁuﬁlu%guﬁ 2 7114 Rectified linear
unit (ReLU) s¥UUT Pooling layer 911 6x6 ﬁ%uqmﬁwmm Convolutional layer Li/iﬂﬁ?u
d7u Dense layer fudwites Multilayer perceptron 97474 1 Fufifl hidden neuron
ﬁgﬂwmm 1,024 @unazsiald Acticvation function 93ia RelLU & Dropout rate 50% Sguy
ﬁgwmﬁﬂdnmﬁgﬂ Train Inglgoanasiin Addmax & Learning rate 0.001 wag Batch size

Wiy 100 Fedeiunaulaneiunanisnnasdil A lldwassuuiieassuuden ssuudundl

v
A 1

anwazwanasiuidulssvnsguideatuszuuingal Eror MlndiAssiu wenainean Error
Y a A a v a | a & Y ] ) | | a
wardamileuiudnegisfeszutlusuilasiidnwaysiuiuedaeiot1efie YUY
Convolutional layer wag Activation function Usgtan ReLU Na11@e izUUVJﬂizUUﬁLﬁu
U5291n5v0993ullaedl Convolutional layer agnauoe 1 Layer Nflvun 256x256 wagld

Activation function tJu ReL.U

2. Design space exploration -of Convolutional Neural Networks based on
Evolutionary Algorithms (Al-Hyari, A., Areibi, S)
mATeiifdnvarederdatumiseteuntuaiteunnssunssznns Taun
- Model was3zuuiild lunuideilszuuiiianliduiiuguvesnsifauinisie
N558U3TIAN Alexnet

- Tasea$revesdunladu Parameter ¥a4 Alexnet
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3. Deep Evolutionary Network Structured Representation (Assunc’ao, F.,
Lourenc,o, N., Machado, P., Ribeiro, B.)

AT PuemAdeioatunsh Deep evolutionary structured representation
(DENSER) aifupansifvadu niseenuuussuulaswieuszamifionsaluf@laeld
Fanesfudifauinis vuideiiaadszasdndniiior DENSER suAlutlyviAsadunis
sonuuusruulassthedsramifisniiorninmseenuuussuulassnedssamiionseiiot
Hunszurumsidudounarfuaneunn uenaindesiinnuiiugruieriuszuulasetig
Uszamifleuuds nsUiuen Parameter a9 way msusuUssszuuilaifiusyansamidy
Humilounsaosinansgn §1 DENSER aganunsavinlannsavinszuaunsmaiilidae
AULDILAEDIAEAINAINITOVDITANDIUTITTINUINTG

dmiunianaasidulauinmdneasiay Parameter A194911%1015 encode 1

naneidugudmsunsitauinisiag Parameter Mlgnuandlinegy
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< features> ::= <convolution>
| <pooling>
<< convolution> ::= layer:conv [num-filters.int,1.32,256]

[filter-shape.int.1.1,5] [stride.int.1,1.3]

< padding > < activation>> < bias>

< batch-normalisation> < merge-input>
< batch-normalisation> ::= batch-normalisation: True

| batch-normalisation:False

< merge-input> ::= merge-input:True
| merge-input:False
< pooling> ::= <pool-type> [kernel-size.int.1,1.5]
[stride.int,1.1,3] <padding >
< pool-type> ::= layer:pool-avg
| layer:pool-max
< padding> ::= padding:same
| padding:valid
< classification>> ::= <fully-connected >
< fully-connected > ::= layer:fc < activation>
[num-units.int,1,128,2048] <<bias>
< activation>> ::= act:linear
| act:relu

| act:sigmoid

< bias> ::= bias:True
| bias:False
< softmax> ::= layer: fc act:softmax num-units: 10 bias: True
< learning > ::= learning:gradient-descent [Ir.float.1.0.0001.0.1]

AN 9 g‘l/ﬂ77/vééﬁﬁ)v"ﬂ'7 Parameter ﬁgmﬁﬁﬁﬁ(Assungdo, Lourenco, Machado, &
Ribeiro, 2019)

szuviildannnismaassazgnuaasudienislissuuiieuiuazuenuezsuawain
F1uteya CIFAR-10 vu1n 32x32 finka 31131 60,000 U

Mnmsnaasunuiszuuiildanasifauinisduiiauansafigatuieny
ogedunalddn Asdiunaulafenuansofifiundudy umdouiusiuau Hidden
layer fisdulngszuulunguitiienuanunsogsiiandull Hidden layer advogil 22.24

T AMTUTTUUALAMNAINT0gegauuiiauwiug1egN 94.27% laeililaseasniavasseuy



LoE
he

M7 10 JuandlaNaTIevesszUUaTgailAanNn1suAaed(Assuncdo et al,, 2019)
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4. Evolving Deep Convolutional Neural Networks by Variable-length Particle
Swarm Optimization for Image Classification (Bin Wang, Yaan Sun, Bing Xue and
Mengjie Zhang)

mu%%aﬁﬂumu%%’aLﬁanﬁumiﬂ%’UﬂqﬁzwimwwﬂwamLﬁamﬁm CNN
(convolutional neural network) A1edanaINuULTIATMUINITYAA Particle swarm

va o

optimization(PSO) TnegfifedianUszasdvdniiavan 3 Usznis ldud

- fieAnuSinadlunstierssuy CNN wvin1sdsauagyiingg Optimization
Mgdane3ny PSO wuulvy

- wsnsludlunisianedesifnvesnisdnswawuu Fixed-lensth iielwssuu
annsaUsuTLRYessEUUTIIYadald

- aueldndlunisysvdiuaruaidnsavesseuulaensldteyadnn dataset uA
vrsdruunufinglidoya dataset vavmaifawfinausalifunseuaunis
TIUINS

eRselalauasanesiy PSO wuuluuilndain IPPSO TaglduuiAnainnis ssuuiiod

Y Y

IP address Ml¥luszuunsdeanstayauysrandlduIuiun s siakuuaLaL uiay

Fuduvesszuu CNN szgnihundrsialaeiivuinuazdnuay Bit 695y



Layer Type Parameter Range # of | Example Value
Bits
Conv Filter size [1.8] 3 2(001)
# of feature | [1.128] 7 32(000 1111)
maps
Stride size [1.4] 2 2(01)
Summary 12 001 000 1111 01
Pooling Kernel size [1.4] 2 2(01)
Stride size [1.4] 2 2(01)
Type: [1.2] 1 2(1)
1(maximal),
2(average)
Place holder [1.128] 6 32(00 1111)
Summary 11 0101000 1111
Fully- # of Neurons | [1.2048] 11 1024(011
connected 11111111)
Summary 11 011 11111111
Disabled Place holder [1.2048] 11 1024(011
11111111)
Summary 11 O11 11111111

17

27 11 sUNIMUFAINTIIITIaA YT NaUYeTEUU CNN(Wang, Sun, Xue, & Zhang,
2018)

nguamsiadenatazgnialidsiadnasslmlumiouswa 1P address
gNf1081931NFUNN IP address NAzlAINTHARINGIIFD 2.61.18.143.2.61.35.255.27.255

IP address A3 ;p Ju@nulinnsnseyidvinlissuutuilvunandsusdadluunlasening

ﬂszmumﬁmmmia'qwasl,ﬁmﬂwmﬂwmEJSUaﬁz‘uﬂuﬂismﬂiLLﬁiasiuﬁﬁTwuauMﬂ%u

v o

SndmilefifidenenenniiauefoTBnisinauannsavessruuuutlnilngisnisd

mmmuauummmmamﬂu Pseudo code lmmu
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Algorithm 2: Fitness Evaluation
Input: The population P, the training epoch number k, the
training set Dyyqin, the fitness evaluation dataset D fitness.
the batch size batch_size;
Output: The population with fitness P;

for individual s in P do
i+ 1;
while i <=k do

Train the connection weights of the CNN
represented by individual s

end while
acey_list + Batch-evaluate the trained model on the
dataset Dyjiness With the batch size batch_size and
store the accuracy for each batch;
mean + Calculate the mean value of acc_list
fitness + mean;
P + Update the fitness of the individual ind in the
population P;

end for

return P

N 12 JULaAI8anasiiun1sInnINaIuIs0Ye sy yuk vy lvaigniauedu(Wang et al.,
2018)

5. Effective Building Block Design for Deep Convolutional Neural Networks

using Search.(Dutta, J. K., Liu, J., Kurup, U., & Shah, M. (n.d.))

ada

TunnseantuunIsseusBeanonlusmlnglunaldziiog 2 350A0 n1sas1eszuU
Y u

S & P | . . =
mqLmmmazuummimqaiwwugm LU Convolutional layer, Pooling layer Lagaue)

a

widlauAuuITeNlainisnatenauntng n3snileAanisussszuudulaiou Block Moy

= aa [d

gnifienseiug L ielimanlunisiseusidedn BUuIsnshlduwuuananmsseuiia

) IS o

ANuWUU ResNet widsfiauidediauafifanisinidnisadns Block wuu Residue building
block ilamautAfisLAnain Resnet wuvUndlagifinaaiuaiuisalaenisle hyper-
parameter ngluusiay Block anunsaizeuimenuteslddmiunsidendenislu Block
Afeildsaneifiu Random search uuwihlulunsvdnuarnmsdeudeneluresusias

Block
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Previous Block Output (depth=d_in)

Block /

conv(l). d_in>d/M4

/ \
\l

opt_o(k) opt_o(k) OPl_O(k)} opt_o(k)
|

)

opt_c(k)

\ .

conv(1), d->d or conv(l), d4>d

Current Block Output (depth=d)

N 13 sUNIMUARNULIAAAITIT building block lunisas1nIsiseugidean(Dutta, Liu,

Kurup, & Shah, 2018)

6. A genetic programming approach to  designing  convolutional  neural

network architectures. (Suganuma, M., Shirakawa, S., & Nagao, T.)

o

ay Hao 1 Y} ao P A o ] = Ay av Yo
NUAdplianvurAa 1w UIEITENUN 4 aundiauenl nanlfesulIteila
danesiudlimuinsunndanilunisainszuulassnegussamiisusnlud@nanise

Yvauale wadsninuldeiviuansneainauideneuntndaeisnasidnsva Tusnuidvadu
T sianuy CGP 1nlglun1sUnTUaILA199 99952 UULIVINNISIUN TREZIN TN 9

aq

¥ dydﬂl aa o 4 [ ! v Y v o 4
Pt iidenfsusnaInazyinlisyULaINsaUSUAT Parameter laLaq GavildssuuaIunse

uilunsidensevesiudiuinenla idelduansiegranisinuvesdaneinulisagy
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1 3 5 T i vt o N Sy e
conv | I conv pool
0 (32, 3) (64, 5) (max) 7 2
 —
2 Ta\ > |

pool conv T BT o )

(max) 4(64 3" 3 4 2 Comvolution
64 output ghmpals .' 64 output qhannel
5x5 receptive field 3x3 receptive field

{(Node no.) 1

Gonctype (00 o|2 p1o o|c31|2|cz 2 1||pl| |2||s| |4||o|s| 1

Max Pooling

32 output channels

3x3 receptive filed Stride 2

IFun tion 1D [ 1t input node na. [ 2nd input o o | [ not expressed in the phenotype

27 14 JUNINUFAIVANNITYINTISITITIaUUY CGP(Suganuma, Shirakawa, & Nagao,
2018)

£
[y o [

A a ~ A a = ' = Vo A A awv a &
AnFmilanauidedyunns1seaniufensiddaneasfmdaitauinisiaeluauide s

agli9ane3iiu Evolution strategy (1+A) ﬁié’%’um‘m%’wgﬂ wwﬁmumﬁ’?@ummi%gﬂ
nageuAIugUAIMIINgutaya CIFAR-10 tnsududugudansunisiinaoussuudiuiu
50,000 jUuay sUANEnSUNARBUTEUUIILIY 10,000 SU
ogndlsfnuAdifidouduindullymvesmidfeiie Optimization time fuiuan
fifATeerunalinudluntsyia Optimization daassiudiadldinannnedsysaa 8 -
10 Juwazgunsaiitlifesfu GPU dugs uardslundrdudionssuiiivy Optimization fu

Error filaRnszuutudsioinameanaisilaiUSouiieuiuntideiiug

7. From Nodes to Networks: Evolving Recurrent Neural Networks (Rawal, A., &

Miikkulainen, R.)

' v
= a v A

NuITeiidunuddenuanseeaniuaniuldenauntdidntesnuidedloaus

A15N15L9aND5NULTITAIUINTIUNITHAIUISEUUTATIN8USE A MR UWA9 U9 lA

'
a0

dnausiwinndlunisussliugauninvesdseyins Fedanuraulaneriunuideliena

gNshuN1TNTIvERUANAINYBIUTEYINS Tusuifelladteidevesnisnageussuudieg

(%
Y

SULUULAIABNITI T2 UUHUITAUINITWEINARBUTEUUAIENIT IS UY Fully trained ud

Luaﬂ"iﬂﬂjﬁﬂ’]ﬁumu']ﬁﬂﬁiﬂﬂuL’J’éﬂLLauV]iWEﬂﬂiﬂE}usUNEJ’]ﬂ‘i]’]ﬂm’J@EJ'N ﬁ glananaliin

Y

2x2 receptive fiek
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NdsuReunteudedld GPU fa 800 sulunisilnasuszuuiiionsussdiudssansnmusly
MuATvatu ldinaue snslutAensyunsenuaansoneuissuuissuuayd iauinis
@SalagldszuulnseneUssamifiouuy LSTM 91nmsneassnuiisnsiduisnisilana
AniuazsndaininiesanmsvaaeussuuiulddemaaeussuuRiunIsnnsi flunneu

wihigsdwmalmisnisiansagmirluvssendldlaiunmsasessuundvunalvgvule

8 . Dynamic Optimization of Neural Network Structures Using Probabilistic

Modeling (Shirakawa, S., Iwata, Y., & Akimoto, Y.)

[

luauideilfidelaansisns optimize ssuulasaineUsvamiioun1adouiuy

i
LY Ya

Dynamic tngld Jnavesenuinsiu Inglunuddetiidelaliluenarnuinazduninig
N32186UUVKUSYE Bemouli’s distribution) WWusanarslunisusuaruiminuaz e

Parameter GiN"‘ﬂsz“U

PNMIANYIMUITIIM AU NaRaUTALE 507N TN ULIYDIALANTOVRY

[ '
U =

s¥Uulag Computational time Y843z UUURNANINSEULNYNAT 1 UUIN A sagnldiu

s

Tuwaruhasduldnanesduuutenainuusyd Jeilidsnsiansagninluussandld

Tanuszuulavatnransunnty
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una 3
A5AiiunN1sIe

[
[ Y

TuaruraslunsAmRuNUITel 98Na109TUNaUNITANIUIUYBIUITeRTUN

Feanunsowdatuneunisanfunuldilu 4 Juseu fe TIuTIndeyauasimMuUATaULIATEY

nu AnvmgufinedtesiunisyssendlddanasAuaaiTmuin1siunisiseusigedn

2ENLUULATNAABUITEUUNAT1TUIINWUIAA VY wagagunanisaliuauifowasdnyii

SPNUINYITNUS FT518a21DUAVDILFALIUNDUNITALTUINUAIT

3.1 5’JU5’33J°IQJJE]HE‘1LL@%ﬁTﬂUﬂ‘UE]UL‘UWUE]\‘N’]u

Tudupeuilasidunsiing savsindeyaiiiendasiussuunu manuiliieItos udd

Undayailauyinsinset wasAMuAiaveun UL Jalsieavidunasll

3.1.1 nMmualvsunsanagldlunisadranisiseuiiteand miuniside

=

MnnsAnmaideduiiiedemuirlutiagtuiivenduifuaznwdniu
TlunseulysunsanaeinuIn s eusdan I LIULINGY 19U python, matlab,
java waraugdnunning vhllunseidesdinmsmmuantwnielusunsuiildlu
nsadanazneaeusyuy Tnslunuddeiaginiseentuusasadessuuilélunis
naaoselUsuNTILIMIAU (MATLAB) ilasanmelulusunsuuamuauiiynddad
azmnlinudsuaslisyuunmsinaounsizousiBsdniissavsnmuassnadannain
uATetudinlnan1measedileilnausdugr venvnildaddudesns
UszndanarlunsimunszuuLazdana 3
3.1.2 fvuaguteyavasgunmitlélunisvadeunasUszifiuanuanainsaves

ITUY

I‘Llﬂ’ﬁﬁ/l@ﬁE)‘U‘Ui%ﬁ%%ﬂTWﬂJENﬂ’]iL%ﬂuiL%ﬂgﬂﬁQﬂa%’Nﬁﬁu%ﬂﬂ Hyper-
parameter fildndane3fiufidenld ielvinismaaeusazUssiiuauanunsaves
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Convolutional layer

<Filter size>: : 1x1 | 3x3 | 5x5| 7x7 | 9x9
<Number of filter>:: 8| 16|32 |64 | 128 | 256
<Pooling layer> : : Max pooling | Average pooling
<Active convolutional layer>::2 |3 |45

Fully connect layer

<FCI. nodes>: : 161321641128 1256
il 16 gunmlaiaiavessruunIsseugieanilvlunismnaes
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MANNI591191UA Pseudo-code Aa3UNATNTA 16 Uaz)NHNADULATNAGBUMIUNTLUIUNTT

Hnaeunignesunglugunni 17

Algorithm 1 ISLGA algorithm
Initialize population size, stopping criteria
FOR each subpopulation P DO

generate population

fitness evaluation
ranking individual by fithess
End DO
generation number := 1
WHILE stopping criteria not met
FOR each subpopulation P DO

Crossover

Mutate random individuals in a subpopulation

evaluate and select individuals by fitness

IF[(generation number) mod (frequency) = 0] then

Send B best individual to a neighboring subpopulation
Receive B individual from the neighboring subpopulation
End IF
Produce new individuals

generation number := generation number +1
End WHILE

DT 17 n3eUIunIs ISLGA
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Algorithm Error rate (%)

CGP-CNN (ResSet) [15] 5.98
CGP-CNN (ConvSet) [15] 6.75
ISLGA-CNN, s = 4 26.93
ISLGA-CNN, s = 8 28.66
SimpleNet-1, s = 4 (PSO) [14] 48.94
SimpleNet-1, s = 10 (PSO) [14] 46.40
SimpleNet-1, s = 16 (PSO) [14] 44.92
SimpleNet-2, s = 4 (PSO) [14] 44.89
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