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PE3VJbTATHU HAJIAIITYBAHHS TAPAMETPIB HEMPOHHUX INTUBOKHUX
MEPEX IIOJO PO3INI3HABAHHS FASHION MNIST DATASET

Ilposedeno Oocnidocenns modenei 320pmrosoi Heuponnoi mepexci (Convolutional neural network — CNN)
3 memoio nioguuyenns mounocmi posniznasanna Fashion MNIST DATASET.

3 oenady sioomo, wjo posnizHaeanHsa eremenmie o052y Habopy Fashion MNIST € 6inbw ckiadHum Hidc posnis-
Hasanusa Habopy pykonucy yugdp MNIST. Habop ooszy Fashion-MNIST pexomenoogarno 0 00CHiOHceHb Pi3HUX apXi-
mexmyp Heuponnux mepedic. Havikpawi pezynomamu sikocmi posnisnasants Fashion MNIST DATASET ompumano 3a
320PMKOBOIO HEUPOHHOIO MEPEICEIO.

B oaniti pobomi 6yno memoro nokpawumu mounicmo posniznaeanns Fashion MNIST DATASET 3a paxyrok docii-
Ooicenns pisnux apximexmyp CNN ma ix napamempis.

Obparo 08i apximexkmypu ROCIIO08HOI 320pPMKOB0I HEUPOHHOI Mepedci 3 MuX, y AKUX MOYHICIb PO3NIZHABAHHS
Fashion MNIST DATASET 6invwe nioc 93%. IIposedeno docniodcenns ix apximekmyp ma napamempis. Mooeni 6ionogi-
0aromov U3HAYEHHIO HEUPOHHUX 2AUOOKUX MePedic ma Malomy PizHy KilbKicmb wapis. B 0ocniocennsx mooenei nokazamo
enaue napamempis batch_size, validation_split, validation_data na mounicms po3nizHasants, a maKodic apianmu po3-
mawyseanus wapy BatchNormalization ma wapy axmueayii; eniue napamempa “filters” ons 3eopmrxoeoco wapy. Kpim
moeo, 6yn0 BUKOPUCMAHO 084 Gapianmu 6ubopy 6anioayitnol subipku: nepuuil — 3 Habopy oanux 015 naguanus (20%),
a Opyeuul — nabop danux mecmysanns. Ilpu pospaxynkax wucio enox nasuanis oopisuioeano 20. B npoyeci naguanns
BUPTULYBATOCH NUMAHHSL He OONYCIUMU NePeHagYaHHsl 3a O0NOMO2010 AHANIZY QYHKYIT empam.

Buxopucmano 6ioniomexu TensorFlow, Keras, mogy npoepamyeanns Python. Po3pobneno npocpammui mooyii, sKi
oyno peanizosarno y xmapromy cepsici Google Colab.

B pesynomami oocniosicens niomeepoiceno 3asn6ieHy y pobomax iHWUX asmopie mounicms po3nizHaganus >93%
Fashion MNIST DATASET ma ompumano nokpaweny mounicme posniznasanma 6 94,16% oasn oouici 3 obpanux moode-
seu. Obrpynmosaro ennus napamempy batch_size na mounicme po3nizHasanus, 06pano 3uauenus batch_size 8ionogiono
Hatkpawomy pesyivmamy posnizhasannsa Fashion MNIST DATASET. IIpooemoncmposaro, wo 30inbulenHs KilbKocmi
Oanux 01 HABYUAHHS NOKPAWYE MOYHICIb PO3NI3ZHABAHHA Npu suxopucmannui napamempa valid_data==(X test, X test
labels) 3amicmo valid_split ons oanux nasuanns. Hasedeni pesynomamu uucenbHo20 eKCnepuMenma, siki RiOmeepoicy-
10Mb BAANCIUBICMb A KOPUCHICIb 3ACMOCYBAHH MemoOig pe2ynapusayii Onis eupiuieHHs npodiemi nepeHasuaHHs.:
Hanawmyseamnis wiapie Dropout 003601U10 NOKPAWUMU MOYHICIb PO3NIZHAGAHHSL.

Kniouosi cnosa: enuboke naguanms, 320pmrosa Hetponna mepedica, apximexmypa CNN, mounicme pos3niznasamms,
nanawmysanus napamempie CNN, Fashion MNIST DATASET, PYTHON, KERAS, TENSORFLOW, GOOGLE COLAB.
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RESULTS OF NEURAL DEEP NETWORKS PARAMETER TUNING
FOR FASHION MNIST DATASET RECOGNITION

A study of convolutional neural network (CNN) models was conducted in order to obtain better recognition quality
of the Fashion MNIST DATASET.

From the review, it is known that the Fashion MNIST DATASET recognition set is more difficult than MNIST DATASET
recognition. The Fashion-MNIST DATASET is recommended for research on different neural network architectures. The best
Fashion MNIST DATASET recognition quality results were obtained by convolutional neural network.

In this work, the goal was to improve the recognition quality of the Fashion MNIST DATASET by studying different
CNN architectures and their parameters.

Twwo consecutive convolutional neural network architectures were selected from those with Fashion MNIST
DATASET recognition quality greater than 93%. A study of their architectures and parameters was conducted. The models
correspond to the definition of neural deep networks and have different number of layers. Model studies show the influence
of batch_size, validation_split, and validation_data parameters on recognition accuracy, as well as location options for
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the BatchNormalization layer and the activation layer; the effect of the “filters” parameter for the convolutional layer.
In addition, two validation sample selection options were used: the first one was from the training dataset (20%,) and the
second one was the testing dataset. In the calculations, the number of training epochs was equal to 20. In the training
process, the issue of preventing overtraining was solved using the analysis of the loss function.

TensorFlow, Keras, Python programming language were used. Software modules were developed and implemented
in the Google Colab cloud service.

As a result of the research, the recognition quality >93% of the Fashion MNIST DATASET declared in the works of
other authors was confirmed, and an improved recognition quality of 94.16% was obtained for one of the selected models.
The influence of the batch_size parameter on the recognition quality is substantiated, and the batch_size value is chosen
according to the best recognition result of the Fashion MNIST DATASET. Increasing the amount of training data has
been shown to improve recognition performance when using valid_data==(X test, X test labels) instead of valid_split
for training data. The results of a numerical experiment are presented, which confirm the importance and usefulness of
applying regularization methods to solve the retraining problem: adjusting the Dropout layers allowed to improve the
recognition accuracy.

Keywords: deep learning, , convolutional neural network, CNN architecture, recognition quality, CNN parameter
tuning, Fashion MNIST DATASET, PYTHON, KERAS, TENSORFLOW, GOOGLE COLAB,

IlocTanoBka nmpodJjaemMu

['mboxi Hertponni mepexi (CNN) y 3amagax po3poOKu CUCTEM MITYYHOTO 1HTEICKTY € OIHUM
13 HAUIMOMYJISPHIIIMX TTIIXOMIB 1 TO3BOJISIIOTH OTPUMATH BUCOKY TOUHICTH pimeHHs. Lle Taki ramysi
JOCTI/IKEeHb, SIK KOMIT'IOTEPHUH 3ip, pO3Ii3HaBaHHS MOBH, EKCIIEPTHI CUCTEMH Ta iHmmi [1].

Bixe Outbme Hixk 20 poKiB TECTyBaHHS 3aJad KOMII IOTEPHOTO 30py IOYalIM MPOBOAMUTH Ha
Habopi MNIST pykonmucHuX CUMBOMIB mUQP. 3aBASKA po3poOIi MoaeN TITMOOKOTO HaBYaHHS Ha
ocHOBI apxitektypu CNN Oyno oTpuMaHo HalKpailiii pesyisrar posmizHaBaHHs mudp 99,7% [2],
ajie He JaJi0 3MOT'M OTPUMATH TaKi BUCOKI pe3yabTatu A Habopy aanux Fashion MNIST.

AHAaJIi3 0CTaHHIX JOCTiIXKeHb | myOsikanii

B nanwmii yac 3anpononoBano Oararo apxitektyp CNN, siki npu3HadeHi i po3Mi3HaBaHHS
300pakeHb 1 TectyBaiucs Ha Fashion MNIST DATASET. Haiikpami pe3ynbratd 100 o0paHoro
Habopy 300pakeHb, a came Oinbiie 93% sSKOCTi po3Mi3HaBaHHS, OTPUMAHO 3 BUKOPUCTAHHSIM 3aropT-
KOBUX HEMpOHHUX Mepex [2]. Takuil pe3ynbTar € BUCOKUM 1 103BOJISIE 3pOOUTH BUCHOBOK, 1110 3a/1a4a
posmizHaBaHHs eneMeHTiB onsary Fashion MNIST DATASET Bxke He € akTyallbHOIO 3 TOYKH 30Dy
oTpuMaHHs Kpamoi sikocti posmizHaBaHHs. Ane Fashion MNIST DATASET moxHa BUKOpUCTATH
JUISL TECTYBAHHS PI3HUX apXITEKTYp Ta HAJIAIITYBaHHS IapaMeTPiB MOJIENIEH, 1110 HE BTpavyae aKkTyalb-
Hocti. Takum unHoMm, Habip manux Fashion MNIST gacTto BUKOPUCTOBYIOTH JJIsSI TIEPEBIPKH HOBUX
ineit CNN. B [3] posmsiayTo 5 apxitektyp CNN, siki Texx mporectoBaHo Ha Habopi Fashion MNIST,
B pe3yibTaTli OTPUMAHO TOYHICTH PO3MI3HABaHHS Tpoxu Ouibie HiXK 93%. Ha caiiti http://www.
eamonfleming.com/ [4] HaBeneHO iHITY apXiTekTypy Mozaeni CNN 3riiHO K01 TOUYHICTH pO3IMi3Ha-
BaHHs TeX Ounbie 93%.

B [5] naBeneni pesynpraru posmizHaBaHHs Fashion MNIST DATASET 3a monomororo nporpam-
HOTO 3aco0y, ki 0yJ10 po3poOieHo 3 BUKOpHCTaHHAM MoBU Python, 6i6miorek TensorFlow Ta Keras
Ta KU OyB BUKOPHCTaHUH B AaHiil poOOTI It AOCHIIKEHHS apXiTeKTyp Ta HanamTyBaHHs CNN.

Meta pocJaiKeHHs
Mertoro po0GoTH € OKpaleHHs pe3ynabratiB po3nizHaBanHs Fashion MNIST DATASET 3 Buko-
pucTtaHHsaM pi3HUX apxitekTyp CNN, HanamrTyBaHHs HapaMeTpiB Ta peryisipu3anii 1 HalaHHs PeKo-
MEHIaLi.

BukJ/iaieHHs 0OCHOBHOT0 MaTepiaJry 10C/IiIKeHHS
B pesynbrari aHamilzy AoCHiDKeHb pe3ynbTaTiB posmizHaBaHHs Fashion MNIST DATASET
obpano a8i CNN, ski BiAMOBiIaau TOYHOCTI posmizHaBaHHs 93% [3, 4]. B tabn. 1 naBeaeno indop-
Maiiiro 1moao0 oopanux CNN.
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Tabmuis 1
ApPXITEKTYpH 3TOPTKOBUX HEHPOHHUX MEPEK
ITo3naueHHs . Kinekicts Posmi
N . Apxitextypa CNN N MIP IMocunanus
MoOJel HEHPOHIB OaiT

4 3ropTKOBI MapH
1 Cnn_93 3 pinsTp. (3x3) 1637570 19 722 408 [4]
Ta | TOBHO3B'SI3HMIA 1IAp

4 3ropTKOBI IIAPH 3 3]
2 Cnn_a5 (I)IJ'IBTp; (3x3)Ta 2 1676 266 20177 840 Architecture 5
MIOBHO3B'SI3HUX IIApU

Y poborti peanizoBaHo porpamMHauii ko MoBoro Python 3 Bukopucranusm KERAS 1 Tensorflow,
po3paxynku Oynu nposeneHi y Google Colab.

Jlist KokHOT 3 apxiTekTyp pearnizoBaHo (yHKIi0 modynoBu Momeni CNN Ta ¢yHKIi0, 10
MICTHTH 1HGOpMAIIiI0 TTpo MoAenb. DyHKIIA 3 iHPOPMAIIE€0 MO MOACNI HaJae Taki MO3HAYCHHS
y 3aronoBkax rpagikis: “C” mis sroptkoBoro mapy Conv2D; “B” nng mapy nakeTHOi HOpMadi-
3anii BatchNormalization; “M” s mapy mynuara MaxPooling2D; “D” nnst mapy Dropout; “F”
st mapy Flatten; “D” miis moBHO3B si3HOTO 11apy Dense; “A” ayis mapy akTHBaIlUH.

HaBuaHHs MoJ1e11 BUKOHY€ETHCS 32 BUKJIMKOM MeTofy fit:

fit(x=None,y=None, batch_size=None, epochs=1, verbose=1, callbacks=None,

validation split=0.0, validation _data=None, shuffle=True,

class_weight=None, sample weight=None,

initial _epoch=0, steps_per _epoch=None, validation_steps=None)

OcHoBHI napameTpu MeTofa fit: x — MacuB HaBYAIBHUX JaHUX; Y — MACHB IILJICH (KJ1aciB, MITOK);
batch size — po3mip nmakera HaBYaHHS; €pochs — YKCIIO €MoX HaBYaHHS HEPOHHOI Mepexi; verbose —
1HAMKATOp Ui BUBOAY iH(oOpMarii B mpoueci HaByaHHs; callbacks — crimcok mpouemyp, mo BHUKO-
HYIOThCS B Tiporieci HaBuaHHs; validation split-3nadennst mixk 0 Ta 1, yacTka BamigamiiHUX JaHUX;
validation data — siBHa BKa3iBKa Ha BaJifalliiiHi JaHi.

Monens 3a Ha3zBol cnn_93 Mae CTPyKTypy, Ky IOKa3aHO Ha puc.l, oTpuMaHa 3a METOJIOM
summary.

[Ipu nocmimkenni moxeni cnn_93 Gyno 3'sicoBano ii ocobnuBocti [4]: map BatchNormalization
HOpPMY€E Baru HEMpoOHIB Ha BUXOJi 3ropTkoBoro mapy Conv2D; y mpoueci HaBYaHHS BallifamiiHi
JIaH1 CIIBIAJAI0Th 3 TECTOBUMH JAHUMH, a CaMe 3 TUMH, SIK1 TPU3HAYCH] JTsI TePEBIPKH (TECTYBaHHS)
MOJIeJi; MiCHsl Ipollecy HaBYaHHS BUKOPUCTOBY€ETHCS HaMKpallia MoJielb, Ika OTPUMY€ETHCS B IPOLEC]
HaBYaHHS 3aMICTh MOJIENI, sIKa BIAMOBIIA€ OCTAHHINA €I10Cl HaBYaHHI.

[IpoBeneno mocmimkeHHs Moaeni cnn 93 3 muTaHb: — BIUIMB TapameTpiB batch size,
validation_split, validation data Ha TOYHICTH pO3Mi3HABAaHHS; — BapiaHTU PO3TAIIyBaHHS LIApY
BatchNormalization Ta mapy akTuBaiii; — BB mapamerpa “filters” ms 3roptroBoro mapy Conv2D
3 iM'sitM name="93 1 4'.

Pesynbratu gociiKeHHs BIUIMBY napameTpa batch size Ha TOUHICTH po3Mi3HABaHHSA OTPUMaHI
3a TAKMX YMOB: — YUCJIO €MOX HaBYaHHS JopiBHIOE 20; — BamiHamiliHi JaHi — 3 JaHUX JJI HABYaHHS,
napametp validation split=0.2. Sk BumHO 3 TaO. 2 BUKOHAHHS OIHIET €MOXH, 31 301IBIICHHSIM 3Ha-
yeHHs batch_size, 3MeHiyBasnocs, a po3mip nakety batch size HecyTT€BO BIUIMHYB Ha TOUHICTh PO3-
nizHaBaHHs. Haiikpamii pe3ynbratu otpumani pu batch_size=96.

Ha puc. 2 nokazano rpadik 3a71eKHOCTI TOYHOCTI HaBYAHHS BiJ| €MOX 3a BapiaHToM 2 Tabm. 2.
3 rpadikiB BUIHO MIBUIKICT HAAIITYBaHHS MOJIENI: 3 5-i o 10-Ty enoxy KpyBa BaJliJalliiHUX JaHUX
MPAaKTHYHO CTa€ MapaiesIbHOI0 0Ci a0cuC (TOYHICTh PO3Mi3HABaHHS AOPiBHIOE prOm3HO 0,925).

Ha puc. 3 nmokazano rpadik 3amexxnocti (GyHKIIi BTpaT BiJ enox 3a Bapiantom 2 T1abm. 2. Ilo
¢dopmi (yHKLUIT BTpaT BUAHO, 1110 IEPEHABUYAHHS BIJICYTHE, TAKOXK € MOXJIMBICTh 3MEHIIUTHU KUIBKICTh
enox j10 10.
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Layer (type) Output Shape Param #
93_1_1 (Conv2D) (None, 28, 28, 32) 320
93_1_2 (BatchNormalization) (None, 28, 28, 32) 128
93_1_3 (Dropout) (None, 28, 28, 32) [¢]
93_1_4 (Conv2D) (None, 28, 28, 32) 9248
93_1_5 (Dropout) (None, 28, 28, 32) ¢}
93_1_6 (Conv2D) (None, 28, 28, 24) 6936
93_1_7 (Dropout) (None, 28, 28, 24) €]
93_1_8 (Conv2D) (None, 28, 28, 64) 13888
93_1_9 (MaxPooling2D) (None, 14, 14, 64) €]
93_1_10 (Dropout) (None, 14, 14, 64) €]
93_1_11 (Flatten) (None, 12544) c]
93_1_12 (Dense) (None, 128) 1605760
93_1_13 (Dropout) (None, 128) c]
93_1_14 (Dense) (None, 18) 1290

Total params: 1,637,570
Trainable params: 1,637,506
Non-trainable params: 64

Puc. 1. Ctpykrypa moaesi cnn_93

Tabmuus 2
Mogens cnn_93 ( validation_split=0.2 epochs=20)
Ne papianTy 1 2 3 4 5
batch_size 64 96 128 256 512
Yac BUKOHaHHS ONHI€T enoxu (ceK) 15 15 13 11 10
TouHicTs MOEII HA TECTI 0.9253 0.9273 0.9268 0.9262 0.9259
TounicTh HalKpaIioi Moaesi Ha TecTi 0.9251 0.9302 | 0.9268 0.9261 0.9262
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0.900
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0.825
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Puc. 2. TounicTb HaBYaHHSA-MOAeIb cnn_93

3ropTkosa Mogens cnn93
€(32,3) B D €(32, 3) D C2D(24, 3) D C(64,3) M, F128, D batch_size = 96
Nicna nasuaHua: TouHICTh Ha TecTi =0.9273 BrpaTu= 0.2535
Ann wanKkpauwoi Mopeni: TounicTh Ha Tecti =0.9302 Brparn= 0.2362
TouHICTE Y IpoUEC HABYAHHA

—— Ha HaBUBNEHIX AAHIX
— Ha sanigauiirmx ganmx

0.0 25 50 75 10.0 125 15.0 175
Enoxm

3ropTkosa Mofens cnnd3

€(32,3) B D C(32, 3) D C2D(24, 3) D C(64,3) M, F128, D batch_size = 96

DnA HaRKpaLLol Mo,

Ticna nasuanns: TounicTb Ha Tecti =0.9273 Brpatu= 0.2535
TounicTh Ha Tecti =0.9302 Brpatu= 0.2362

eni:
HKWIA BTPAT Nif 4ac HaBuaHHA

— Ha Hae4ansHux gaHnx

— Ha anigauinimx naHnx

50 75 0.0 125 150

Enoxu

Puc. 3. ®ynkuia Brpar-moaesas cnn_93

BucHOBKY 1110710 TOCITIIPKEHHS BILTUBY TapameTpiB batch size, validation_split, validation data
Ui Mozieni cnn_93: mpu po3ni3HaBaHHI 300paXkeHb eleMeHTiB ofsry Habopy Fashion MNIST: pexo-
MEH/IOBAaHO BHKOPUCTOBYBaTH batch size=96 1 sk BamimamiiiHi IaHi 3aCTOCOBYBAaTH TECTOBI JaHi:

validation_data=(X test, X test labels).

B nmoganpmux qociimKeHHIX MOIeTi cnn_ 93 3MiHUMO pO3TallyBaHHs Iapy aKTHUBALli Ta mapy
BatchNormalization. ABropu mapy BatchNormalization, skuii HOpMYye Baru HEHWpoOHIB [6], peko-
MEHJIyIOTh BCTAHOBHUTH MOTO TIEPe/l BUKIUKOM (DYHKIIIT aKTHBAIIii:
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cnn.add(Conv2D(32, kernel size=3, activation=None,
input_shape=(28,28,1),padding='same"))
cnn.add(BatchNormalization())
cnn.add(Activation('relu'))
3riaHo 3 pekoMmenaaniaMu y mapi Conv2D 3 im'sim name='93 1 1' BcranoBuMmo activation=None
ta micas mapy BatchNormalization momamo map akrtuBamii  cnn_simple model.add(tf keras.
layers(Activation('relu")).

Tabmurst 3
Mogens cnn_93 ( validation_data, batch_size=96, epochs=20)
1 2
. Conv2D (..activation="relu’ ...) Conv2D ( -activatio anone )
Bapiant Iy BatchNormalization
BatchNormalization e
Activation('relu")
ToyHiCcTh MOZEN] HA TECTI 0.9269 0.9265
TounicTs HaliKkparoi Mozesi 0.9317 0.9307
Ha TeCTi

[TopiBHsIbHUN aHaM3 posmi3HaBaHHS 300pakeHb Fahion MNIST 3 pizHuMH BapiaHTaMu
posramryBanHs mapy BatchNormalization Hagani y Ta6n. 3. BapianT «1» HiAKIOueHHS wapy
BatchNormalization micist mapy Conv2D(...activation="relu'...) € Halikparim.

PesynbraTu BrumBy napamerpa “filters” mist sroptkoBoro mapy Conv2D 3 iM'stm name='93 1 4'.
HajaHi y 1abn. 4 (batch_size=96, epochs=20, validation data). /Ina naiikpamioi Moneni TOYHICTb
cTaHoBUTH 93,35% ms filters=24; s sroprkoBoro mapy Conv2D 3 iM'sm name='93 | 4' 3HaueHHs
napamertpa filters MmokHa 3a7aBaTH B aiana3oHi Big 18 g0 64.

Tabaus 4
Pesynbratu mocmikeHHS BILTUBY QUIBTPY, Moaes cnn_93
Bapiant 1 2 3 4 5
filters 18 24 32 64 96
TouHicTh MOJIETI HA TECTI 0.9314 0.9335 0.9269 0.931 0.9251
TounicTh Halikpamloi MOJIeNi Ha TeCTi 0.9314 0.9335 0.931 0.931 0.927

AHAaJIOTTYHO JOCIIHKEHHIO MOJIEH cnn_ 93, MpoBeIeHO TOCIiHKeHHS Moze cnn_as (Tabm. 1).
CrpykTypa Mojelni cnn_as, sika OTpUMaHa 3a METOJIOM summary, — Ha puc. 4.

Layer (type) output shape Param #
a5_1_1 (Conv2D) (None, 28, 28, 32) 320
a5_1 2 (Conv2D) (None, 28, 28, 32) 9248
a5_1_3 (MaxPooling2D) (None, 14, 14, 32) 0]
a5_1_4 (Dropout) (None, 14, 14, 32) [0}
a5_1 5 (conv2D) (None, 14, 14, 64) 18496
a5_1_6 (Conv2D) (None, 14, 14, 64) 36928
a5_1 7 (MaxPooling2D) (None, 7, 7, 64) 0]
a5_1 .8 (Dropout) (None, 7, 7, 64) 0]
as_1_9 (Flatten) (None, 3136) [0}

a5_1 10 (Dense) (None, 512) 1606144
a5_1_11 (Dropout) (None, 512) [0}
a5_1_12 (Dense) (None, 10) 5130

Total params: 1,676,266
Trailnable params: 1,676,266
Non-trainable params: ©

Puc. 4. Crpykrypa moaedi cnn_a$
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Bruue mapametpa batch_size Ha TOUHICTH pO3ITi3HABAHHS MTPU MPUUHITHX YMOBaX PO3PaXyHKY
( validation_split=0.2 epochs=20) ananoriunuii gk i npu JoCiKeHHI Mojieni cnn_93. Ane TyT Baa-
JI0CS OTPUMATH TOYHICThH PO3ITI3HABAHHS TPOXH BHILY, HIX Y po0oTi [3], 3 sikoi Oys0 B3sTY apXiTek-
Typy DIMOOKOT MEPEXKH, 32 paXyHOK HaJIallITyBaHHS TileprapaMeTpiB.

Tabmums 5
Mogenb cnn_a5, validation data=(X test, X test labels)
Bapiaat 1 2 3 4 5
batch size 48 64 96 128 256
Yac BUKOHAHHS ONIHIET enoxu (ceK) 15 12 11 10 8
TouHiCTH MOZEI HA TECTI 0.9319 0.9321 0.9401 0.9365 0.9357
TouHicTh HalKpaloi MOJIeNl Ha TECTI 0.9350 0.9351 0.9401 0.9377 0.9365

Sx BumHO 3 Tabm. 5, mpu batch size=96, BamigamiiiHUX NaHUX CHIBMIAJAIOUYUX 3 TECTOBUMHU,
OTPUMAaHO TOUHICTH 94%.

Mopens cni
€{32,3)C(32,3)MD(0.25)C(64,3)C(64,3)MD{0.25)F512D(0.5) ba
Nicnn nasuanns: TouHicTs Ha Tec 8 BrpaTn:

93!
Pinn mApeie Mol 8 HASTE HeST v

05

04

03

02

01

Puc. 5. ®yHkuisg BTpaT B npoueci HABYaHHA cnn_as

[IpoBeneno O611b1I peTenbHUA aHaAMI3 Mozesi cnn_aS npu batch_size=96 Tta validation data=(X
test, X test labels) mmsixom Oinbln TprBaIoro HaBUYAHHS MOAENI 3a KijbKicTio epochs=50. Pe3ynb-
TaTH HaBeJIEH] Ha puC. 5, e HagaHo rpadik 3auexHOCTI PyHKIIIT BTpar BiJ enox. Y pa3i MU 6auumo
TepeHaBYaHHs MOJIEII.

Jl1s ycyHeHHs siBUILIA TepeHaBYaHHs 3aCTOCY€EMO OJIMH 13 METOAIB peryisipu3aiii (3arpyoneHHs)
MoOJIeNli, a caMe 3MiHMMO apameTpH mapis Dropout (3 iM'asmM name="a5 1 4” ta 3 name ="a5 | 8”).
Pesynpratu po3paxyHkiB HaBeieHO y Tabi. 6

Tabmunsa 6
Mogens cnn_a5 ( validation_data, batch_size=96, epochs=50)
Bapianr 1 2 3 4 5 6 7
Dropout “a5_1 4” 0.25 0.3 0.35 0.4 0.45 0.5 0.6
a5 18
TO‘*HICTT‘; E“T‘i”lem Ha 0.9358 | 0.9343 | 0.9394 | 0.9377 | 0.938 | 0.9383 | 0.9360
Tounicts ‘;gﬁffc"‘;fd MOZETE | 69406 | 0.9404 | 0.9404 | 09414 | 0.9416 | 0.9413 | 0.9343
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BuCHOBOK 110710 TOCTIIKEHHsI BIUIMBY MapaMeTpiB mapiB Dropout (3 im'sm name=as | 4
ta 3 name =a5_| 8) mpu batch size=96, validation data, epochs=50 ans mozeni cnn_aS5: TOYHICTH
HalKkparioi Mozerni Ha Tecti ckinanae 94.16% mnpu BcTaHOBIICHHI TTapaMeTpa mapis Dropout 3 ime-
Hamu “a5 1 4” Ta“aS 1 8” nHa piBHi 0.45.

I'padiku ¢ynkuii Brpar (puc. 6) Ta TOYHOCTI HaBYaHHs (pUC. 7) BIIMOBIIHI Mojendi cnn_as
(Tabm. 6, Bap. 5).

Mopens cnn_a5

€(32,3)C(32,3)MD(0.45)C(64,3)C(64,3)MD{0.45)F512D(0.5) batch_size = 96 m —_
TicAn HaBuaNNR: TouHICTS Ha TecT] ~0 938 BTparie 02100 €(32,3)C[32,3)MD(0.45)C(64,3)C(64,3)MD(0.45)F512D{0.5) batch_size = 96

Micna HasuaHHA: TouHicTe Ha TecTi =0.938 Brpatu= 0.2109
[na HaRKpawoi Mogeni: TouHicTe Ha TecTi =0.9416 BrpaTu= 0.1996 - - - . -
A P MO e T T amianma P Rna waikpautoi MoagA; TouicTs na Tecti ~0.0416 BTpaTu= 0.1996

Mopens cnn_a5

— Ha HaB4ansHux ganm

— Ha sanigauiftnx gaHux 0.96
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0.4 4
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0.82 4
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T T T T T T 0.80
0 10 20 30 40 50 . ' " y 4}3 5‘0
Enoxu

Enoxu

Puc. 6. @yHKIis BTPAT — MoJeIb cnn_as Puc. 7. TounicTs HaBUaHHSA — MOZIeIb cnn_a5

BuCHOBKH MO NOCHTIDKEHHIO MOfeNi cnn_aS5: oOpani mapamerpu batch size=96 Ta mapame-
Tpu mapiB Dropout 3 imenamu “aS 1 4” ta ”a5 1 8” mo3BommiM OTpUMaTH TOYHICTH PO3ITI3HABAHHS
94.16%, 6e3 nepeHaBuaHHs, 110 Kpallle HIXK HaBEJCHO B [3] pe3ynbTary po3ni3HaBaHH, SKUN 10PiB-
HI0€ 93.56%.

BucHoBku

[IpoBeneno posmizHaBanHs 300paxenb Fashion MNIST DATASET 3a meTomamu TIHOOKOTO
HaBYaHHS Ta JOCIIDKSHHS MOJIeIel ABOX apXiTeKTyp HEHPOHUX MEpexK.

[TinTBepKeHo 3asBieHy y poOotax [3, 4] TOouHICTH pO3Mi3HABaHHs 300pa)K€Hb Ha JIaHUX
Fashion-MNIST 93%. Jlns moneni cnn_a5, sika Biamosigae CNN apxitektypu 5 podotu [3], oTpu-
MaHa TOYHICTh po3mi3HaBaHHs B 94,16% 3aBAsKU HaJIaro[KEHHIO TapaMeTpPiB Ta peryispu3arii.

OOrpyHTOBaHO BIUIMB mapaMmeTpy batch size Ha TOYHICTH PO3Mi3HABAHHS, OOPAHO 3HAYEHHS
batch size BiANMOBiAHO HaWKpamoMy pe3ynbTary po3mi3HaBaHHA 300paxeHb HaOopy Fashion-
MNIST. IlinTBepmKeHo, 1m0 301IbIICHHS KUTBKOCTI JaHUX JIJIsl HABYAHHS MMOKPAIy€e€ TOYHICTh PO3-
Mi3HaBaHHs Npu BUKOpUcTaHHs napaMmerpa valid data==(X test, X test labels) 3amicts valid split
JUISL TaHUX HABYAHHS.

Pexomenmarii a1 momanbioro T0CTiHKeHHS] OOpaHUX MOICITICH:

— ans 3017bIICHHS KUIBKOCTI JaHUX TiJ 4Yac HAaBYaHHS MOXKHA BUKOPHCTOBYBAaTH METOIU
Tensorflow 11t renepartii 101aTKOBUX HaBYAIBHHUX JTAHHHX (3pa3KiB) IUISIXOM HE3HAYHUX 3MiH (PO3-
Mipy, TOBOPOTY, 3MIIIIEHHSI TOIIO);

— JUIs1 aBTOMaTUYHOTO HACTPOIOBAHHS TillepriapaMeTpiB BUKOPUCTOBYBATH IHCTPYMEHT keras-tuner.
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