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AHHOTanua

HelipoHHble ceTH 00y4YalOTCsl C UCMOJIb30BAaHHUEM TI'PAJIMEHTHOrO CIYCKa — MeTO0/ja ONTHUMH3AIHNH,
IpY KOTOPOM OLieHKa OIUIMOKH, UCI0JIb3yeMasi Il OGHOBJIEHHs BECOB MOJIe/IM HEMPOCETH, paccyu-
TBIBAETCS] HA OCHOBE ITOJMHOXKECTBA 00yJalolero Habopa AaHHbIX. KosmdecTBo npuMepoB U3 Habopa
06y4a0IIMX JAHHBIX, UCII0JIb3YEMBIX JJIs1 OLIEHKH IPaIHeHTa OLIMGKY, Ha3bIBAETCS Pa3MepoM NaKeTa
(batch size), oH siBJIleTCS BaXKHBIM rUIeprapaMeTpoM, BJUSOIIMM Ha JUHAMUKY alroOpuTMa obyye-
HUsl. B cTaThbe npuBe/ieH aHa/IN3 BJIUSHUS pa3Mepa [akeTa 06y4eHus AJ1s1 HelpoceTel pa3HbIX TUIIOB
— HelpoceTell TTy60KOT0 06y4YeHUs], CBEPTOYHBIX, PEKyPPEHTHBIX U OOJIBIINX S3bIKOBBIX MOJEJeN
Ha TOYHOCTb MPOrHO3upoBaHus. OZHAKO, KaK BbISICHUJIOCH B IIPOIlecCce UCC/IeJ0BaHUs, HEOLHOKpAT-
HOe yIIOMUHAHKe B UCTOUYHHKAX TOT0, YTO pa3Mep batch size BvseT Ha CKOpoCTb 0Gy4YeHUs, Ha TPaK-
THKe JJaHHOE BbICKa3blBaHME He GbLIO NMOJTBEPXKJEHO 3KCIepPUMEHTAJbHbIMU 3Ha4eHUsAMHU. C 3TOHi
LesTbI0 GBI TPOBEJIEH SKCIIEPUMEHT MPOBEPKHU BJIHUSHUS pa3Mepa NakeTa o0ydarouieil BBIGOPKH He
TOJIBKO Ha TOYHOCTb pacno3HaBaHus (accuracy) v BeJIMYMHY noTepb (loss — pasHuLa Mexay noJy-
YeHHbIM 3HaYeHHEeM Npe/iCKa3aHus U peasibHbIM), HO U Ha 3aTpayeHHOe BpeMsi Ha IPoLecc 06y4eHHUsl.
Pesy/nbTaThl UCCIe[0OBaHNS pa3Mepa NaKeTa BbISBUIM, YTO OH OKa3blBaeT pellalolliee BJIUSHUE HA
TOYHOCTb Paclo3HaBaHUs W300paKeHUH CBEPTOYHBIX HEHPOHHBIX CETEH, peKYPPEHTHBIX, HeHpoce-
Tel TIy60Koro o6ydyeHUs U OGOJIBIINX S3bIKOBBIX Mojiesiel. YeM GoJibllle 3HaYeHUe NapaMeTpa, TeM
BbIIlIE TOYHOCTb IPOrHO3UpoBaHus. C APYroil CTOPOHBI, 60JbLIOE 3HAYEHHE pa3Mepa NaKeTa IPUBO-
JIUT K YBeJINYEeHHI0 TPeGOBAaHUH K BBIUHUC/IUTENbHBIM PeCypcaM.
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Abstract

Neural networks are trained using gradient descent, an optimization technique in which the error es-
timate used to update the weights of the neural network model is calculated based on a subset of the
training dataset. The number of examples from the training dataset used to estimate the error gradient
is called the batch size, and is an important hyperparameter that affects the dynamics of the learn-
ing algorithm. The article analyzes the impact of the batch size for neural networks of various types
- deep learning neural networks, convolutional, recurrent and large language models on the accuracy
of forecasting. However, as it turned out during the study, the repeated mention in the sources that the
size of the batch size affects the speed of learning, in practice, this statement was not confirmed by
experimental values. For this purpose, an experiment was conducted to check the impact of the size of
the training sample packet not only on recognition accuracy and the amount of losses (the difference
between the obtained prediction value and the real one), but also on the time spent on the learning
process. The results of the study of the batch size revealed that it has a decisive influence on the accu-
racy of image recognition of convolutional neural networks, recurrent neural networks, deep learning
neural networks and large language models. The larger the parameter value, the higher the prediction
accuracy. On the other hand, a large value of the packet size leads to an increase in the requirements
for computing resources.
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BBeaeHne KOJINYeCcTBa MPOorHo30B (yBesndeHus batch size), mpex /e yeM BbI-

B nocsiegHYe rozibl OSIBJISIETCS BCe G0JIbLIE 3a/1a4 HA OCHOBE GO0JIb-
LIMX JAHHBIX, pellleHueM KOTOPBIM SIBJSIOTCA HeHpOHHbIE CeTH
rly6b0Koro o6y4eHus1; 3To, HanpuMep, kaaccupukanua ImageNet,
06paboTKa ecTeCTBEHHOT0 fI3bIKa M pacno3HaBaHue JuL, Habopbl
JIaHHBIX 4YacTO BKJIIOYAIOT JAeCATKU MHUJIJIMOHOB H3006pa)keHHH,
TEKCTOB, TOJIOCOB WJM Jpyrod HMHGOPMALMH, COOTBETCTBEHHO,
HelpOHHBIE CeTH /11 pab0Thl C HUMU TaKKe COZep>KaT HeCKOJIbKO
MUJIJIMOHOB NMapaMeTpoB. Il TaKHUX CJI0XKHBIX 3ajlad yAesaseTcs
MHOT'0 BHUMaHHU B BOIIPOCE O TOM, KaK TOBBICUTb 3 PEKTUBHOCTD
00y4eHus.

HelipoHHble ceTH 06y4aloTCs C UCI0JIb30BaHWEM aJITOPUTMA ONTH-
MH3aLUH CTOXaCTUYeCKOro IrpaZIMEHTHOrO CIIycKa. ITOT Mmpouecc
BKJIIOYAeT B ce0sl MCIOJIb30BaHUE TEKYLero COCTOSHUS MOJen
JUISL CO3/IaHMsl MPOrHO3a, CPaBHEHHEe NPOTHO3a C OXKHUJAeMbIMU
3HA4YeHUSIMHU U UCNOJIb30BaHUE PA3HUIIbI B KaueCTBe OLleHKU rpa-
JIMeHTa OM6KU. 3aTeM 3TOT I'PaJIUeHT OIHMGKU HCIOJIb3YeTCs JJIs
0GHOBJIEHHS BECOB MO/IeJIH, U NTOCJIe NPOLecC CHOBA OBTOPSIETCH.
Batch size (pasMep maketa) — 3To runepnapameTp, Onpe/esio-
MK KOJMYECTBO BbIGOPOK, KOTOPblE HEO6XOJUMO 06paboTaTh
nepej; 0GHOBJIEHHEM BHYTPEHHUX MapaMeTpoB Mojesu. B koHLe
aHaJIM3a NaKeTa MPOrHO3bl CPABHUBAIOTCS C OXKUAEMBIMU BBIXO/]-
HBIMM NepeMeHHbIMU U BbIYMUCAseTCA omKbKa. OmubKa UCIosb-
3yeTcs AJ1d yAy4IleHUs] MOJleJId, 3TOT aJITOPUTM U3BECTEeH Kak aJi-
rOpUTM 06paTHOro pacnpoctpaHeHus omnbku (backpropagation
algorithm). CooTBeTcTBeHHO, OT pa3Mepa Habopa 06yyarIUX Oy-
JleT 3aBUCETb TOYHOCTb PACIIO3HABAHUs U BpeMsl 06y4YeHust Mo/ie-
JIM1 HEUPOHHOU CEeTH.

O/iMH U3 NPOCThIX BApUAHTOB pellleHHs I0CTaBJeHHOH 3a/1a4u —
HCIOJIb30BaTh GOJIbIION pa3Mep MakeTa o6yvalolled BbIGOPKH.
O/iHaKO B 3TOM cjy4ae GOJIbIION pa3Mep MakeTa YXYALIUT TOY-
HOCTb IIPOrHO3UMPOBAHUS MOJI€JIM U YMEHBLIUT CXOAUMOCTb [1-5],
B TO >Ke BpeMs yBeJIMUeHUe pa3Mepa akeTa oMoraeT HauTH 6o-
Jlee IJIOCKMe MUHUMYMEI [6, 7].

Korza ucnosb3dytoTcs: Bce obydarouiye caMIuibl (samples, o6pas-
I[bl) JUIsl CO3/JaHUsI OJJHOM NMAapTHUM IAKeTa, TO B 3TOM Cjyyae aJj-
FOPUTM 06Y4eHHs] HAa3bIBAETCS MAKETHBIM IPaZIUEHTHBIM CIIYCKOM
(batch gradient descent). Korza naket umeeT pasMep 0 HOro 06-
pasua, aJiropuTM OOy4YeHHUs Ha3bIBAETCSl CTOXAaCTHYECKUM TIpa-
JIMeHTHBIM ciyckoM (stochastic gradient descent). Korza pasmep
rnakeTa 60oJibllle OJHOW BBIOOPKU U MeHbllle pa3Mepa 06ydarolero
Habopa JaHHbBIX, TO aJrOPUTM OOyYeHMs Ha3blBaeTCs MHHHU-NA-
KEeTHBIM I'PaJIMEHTHBIM cnyckoM (mini-batch gradient descent). B
cJlyyae MUHU-TIAKeTHOI'O I'PaIMEHTHOrO CIycKa MoNy/spHble pas-
Mephbl IaKeTOB BKJIIOYAIOT B ce6s1 16, 32, 64 u 128 o6pasuos [8-11].

MaTepI/IaJIbl M MEeTOoAbI

Kak yxe ynomuHasoch paHee, HeHpOHHbIe CeTH 06y4alOTCs C UC-
M0/Ib30BaHMEM aJTOPUTMa ONTHMHU3ALUH CTOXaCTHYECKOTO rpa-
JUEHTHOTO CIyCKa AJisl BBIYMC/IEHHUS OLleHKU IpaJHeHTa OLIMG-
KU. ['paJiieHT OMMGKY ABJSAETCA CTAaTUCTUYECKOH olleHKoH. YeM
Gosiblle 06y4YarOLUIMX TPUMEPOB HUCIIOIb3YETCS B OIleHKE, TEM TOU-
Hee GyZleT 3Ta OIleHKa U TeM 6oJIblile BEPOATHOCTDb TOTO, YTO Beca
ceTH GYAYT CKOPPEKTHUPOBAHBI TAKMM 06Pa30M, YTOOHI YIy4IIUTh
MPOM3BOAMTENBHOCTb MOJiesiu. BoJlee TouHas olLjeHKa rpafineHTa
OWMOKH JOCTUraeTCs 3a CYET BBINMOJHEHHs MOAEIbI0 GOJIBIIETO
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YUCJIATH OLeHKY ¥ 06HOB/IATE Beca [11].Mcnosb3oBanue e MeHb-
1Iero KoJMyecTsa NpUMepoB NPUBOAUT K MeHee TOUYHOW OlLeHKe
rpajyeHTa OlM6KH, KOTOPast CUJIbHO 3aBUCUT OT KOHKPETHBIX HC-
10JIb3yeMbIX 00yJaroMxX NpUMepoB. UTo NPUBOJUT K 3allyMJIeH-
HOM OLieHKe, KOTOpas, B CBOIO 0uepe/ib, IPUBOAUT K 3allyMJIeHHbIM
O0GHOBJIEHUSIM BECOB MOJIe/IH, OJJHAKO NPHU 3TOM 3afleHCTByeTcs
Ky/Zla MeHbllle BLIYUCIUTENbHbIX pecypcoB. CTOUT OTMETUTD, YTO
MHOTI/a 3TH 3alllyMJIeHHble 06HOBJIEHHs] MOTYT IIPUBECTH K GoJiee
Ha/leXXHOM MOJIeJIH.

Kak y>xe ynmoMHHa0Ch paHee, KOIr/ja NakeT UMeeT pa3Mep 0JJHOro
CIMILJIA, aIFOPUTM OOy4eHHUs HasblBaeTCH CTOXaCTHUYeCKHM rpa-
JIUEeHTHBIM cryckoM (stochastic gradient descent). Korga pasmep
naketa 60Jiblile OZHOM BbIOOPKHU U MeHbIlle pa3Mepa 06y4darIero
Ha60pa JaHHbIX, TO aIFTOPUTM 00y4eHHs Ha3blBaeTCA MUHU-TIAKeT-
HBIM IpaZiIMeHTHBIM ciiyckoM (mini-batch gradient descent). Korga
WCIOJIb3YIOTCA Bce obydarliue 06pasibl A/ CO3JjaHUSA OJHOH
NapTUU NaKeTa, TO B 3TOM C/ly4yae aJlOPUTM 06ydeHHs Has3blBa-
eTcsl NaKeTHbIM I'paJiueHTHBIM ciiyckoM (batch gradient descent).
Pa3mep nakera 32 o3HavaeT, 4To 32 caMILIa U3 00yYarolero Habo-
pa JJaHHBIX 6YAyT UCIOJb30BaTbhCA /Ji OLleHKU IpajiieHTa OLu6-
KM 10 OGHOBJIEHHS] BecoB MoJesu. OJHa 3noxa o6ydeHUs O3Ha-
4aeT, 4TO aJITOPUTM 06y4eHHUs cZesal OAHH NPOXOJ Yyepe3 Habop
06y4arolMX AaHHBIX, Tle IpUMepbl 6blIU Pa3/ie/leHbl Ha c1y4aiiHO
BbIGpaHHbIe rpynmbl batch size.

Ha npakxTuke, yuuTbiBas oueHb 60JIblIMe HA60Pb! JaHHBIX, KOTO-
pble 4acTO UCNOJIb3YIOTCA A1 06y4eHHs HeHPOHHBIX ceTel I1y6o-
KOro o0y4yeHus, pasMep MakeTa peJKO yCTaHABJIUBAETCA PaBHbIM
pasMepy obydJaroliero Ha6opa JaHHbIX. MeHbllIMe pasMepbl NakKe-
TOB UCIOJIb3YIOTCA 110 IBYM OCHOBHBIM NIPUYHHAM:

 MeHbllIMe PasMepbl IAKeTOB CO3/al0T He60IbLIOH HIyM, IpefJia-
ras apdeKT perynspusalny U MEHbLIYIO OIKUGKY 060061eHUs.

e MaKeTbl MeHbLIEr0 pa3Mepa yNpoILAOT pasMellleHHe B MaMsATH
OJJHOTO MaKeTa 06y4alolIUX JaHHBIX U CHUKAIOT 3aTPaThl Ha BbI-
YU CJIUTebHble MOUHOCTH U HE06XOAUMYIO IaMATh.
OnTuMa/bHBIN pa3Mep nakera npu o6ydyenuu large language
models (LLM)

Large language models (6osiblire s13bIKOBble MOJIE/IM) — 3TO THII
HeHPOHHBIX ceTel Iy60KOro oGy4eHHs, KOTOpble MOLYT aHa-
JIM3UPOBATh U CO3/1aBaTh TeKCT. UX 06y4yaloT ¢ HCNO/Ib30BaHUEM
60/IbIINX 00'bEMOB TEKCTOBBIX JAAHHBIX, YTO IOMOTaeT UM Jyyllle
CIIPaBJIATHCA C TAKMMHU 33/jlayaMy, KaK reHepanus TeKCTa. I3bIKo-
Bble MOJIe/I1 fIBJISIIOTCS OCHOBOH JJI1 MHOTUX NPUJIOXKEHUH NpU-
MeHEeHHs 10 06paboTKe eCTECTBEHHOTO S13bIKa, TAKUX KaK INpeos-
pa3oBaHUe peuyM B TEKCT U aHa/u3 HacTpoeHUM. [Ipumepsr LLM
— ChatGPT, LaMDA, PaLM u T.5.0nTHMalbHbIN padMep nakeTa [12]
B 3TOM CJIyyae NMPUMEPHO paBeH CTelleHU MOTepb, U ero MOXHO
onpesieJIUTh IyTeM U3MepeHHUs LIKa/Ibl IPAJUEHTHOrO yMa, IPH-
MepHO paBHsieTCs 1-2 MUJIJIMOHAM TOKEHOB IIPU CXOAUMOCTH JJIs
caMbIX 60JbIINX MoJesield. CorylacHO uccieoBaHu0 [12], KpUTH-
4yecKMH pasmep naptuu Berit (puc. 1) moguuHsieTcss CTENEHHOMY
3aKOHY NIOTePb NP YBEJUYEHUH IPOU3BOAUTENBHOCTU U He 3aBU-
CUT HaNpsIMyI0 OT pa3Mepa Mojesu. B [12] o6HapyxuIu, YTO KpH-
THUYECKUH pasMep nakeTa NPUMEPHO yABauWBaeTCs Ha Kaxjble 13
% CcHUXKeHMs oTepb. Berit U3MepsieTcss SMIMpPUYECKU 110 JAHHBIM,
HO TaK)Xe Tpy6o NpesicKa3bIBaeTCs 110 LIKaJjle IPaJJUeHTHOrO IyMa.
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Critical Batch Size vs. Performance
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Fig. 1. Critical packet size for LLM

Hcmounuk: [12].
Source: [12].
OnTuMa/bHBIM pasMep nmakeTa npv o6ydyeHuu convolutional
neural networks (CNN)
Convolutional neural networks (cBepTouHasi HelipoHHas CeTb) —
THUIl HEHPOHHOU CeTH IIIy6G0KOT0 00y4eHHUs], KOTOpask MOXeT MpHU-
HHMMaTb Ha BX0J] U300paXkeHHe U Ha3HayaTb BaXKHOCTb Pa3/IMYHbIM
acnekTaM/o6'beKTaM Ha H306paKeHHMM U HMeTb BO3MOXHOCTH
OTJIMYATh OHO OT Apyroro. [IpeaBapuTenbHas 06paboTka, HEO6-
xoguMast B CNN, HAaMHOro HMKe 10 CpaBHEHMIO C APYyTHUMHU ajiro-
pUTMaMM Kjaaccupukanuu. OHU NPUMEHSIOTCA B Paclio3HaBaHUU

n300pakeHUH U BU/IE0, PpEKOMeHAaTeNbHbIX cucTeMax [13] kusac-
cuduKanuy U306pakeHNH, CerMeHTalluy U306paKeHUH, aHaIn3e
MeJJMLMHCKUX U300pakeHUH, o6paboTKe eCcTeCTBEHHOro s3blKa
[14], uaTepdericax Mo3r-komnbioTep [15] 1 GUHAHCOBBIX BpEMEH-
HBIX psAgax [16].

[lponecc onTuMusanuu ¢yHkuuu F(w) Ha3bIBalOT 06y4YeHHEM
cetn. CToXacTU4eCcKUi rpasueHTHBIN cnyck (SGD) u ero BapuaH-
ThI YaCTO UCHOJIB3YIOTCS /111 06y4YeHUsI CBEPTOUYHbBIX ceTel [17].
I3TH MeTO/bl MUHHUMU3UPYIOT LieJieBy0 QyHKuMw F, uTepaTuBHO
BBINOJIHSAS LIAarK B GopMe:

1
Wip1 = We— 7] ﬁz Vf(x,we)

rzae B - maket (batch), oTro6panHbIit us X;

|B| — pa3smep nakera;

1) — CKOPOCTb 06y4eHUs;

t — MHJEeKC UTepalHu.

ITHU MeTO/bl MOXKHO MHTEPIIPEeTUPOBATh KaK I'PafiIMEHTHBIN CIIyCK
C MCIO0JIb30BaHWEM 3alllyMJIEHHbIX I'DaJIUEHTOB, KOTOpble 4acTo
Ha3bIBAlOT MHUHU-NAKETHBIMU TpaJIMeHTaMM CIyCKaMU C 3a/laH-
HbIM pa3MepoM. SGD 1 ero BapHaHThI UCNOJIB3YIOTCS B MeJIKOCe-
puitHoM pexume, rae[8-10], [18].

CoryiacTHO HccleloBaHuIo [17], BMsiHMe pa3Mepa NMaKeTa Ha TOY-
HOCTb Pacllo3HaBaHUs CBEPTOYHON HEMPOHHOM ceTH Ha NMpUMepe
nartaceta MNIST nmMeeT pearouiee 3HaueHUe (pUC. 2) U COCTOBJIS-
et 1024 cemmia, yTo npuMepHo paBHO 10 % 06 obuiero pasmepa
oby4arolieil BBIGOPKH.
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P u c. 2. TouHOCTb IporHo3upoBaHus o6yyeHHoi CNN Ha HaGope gaHHbIXx MNIST npu pa3/jimuHOM pa3Mepe nakeTa

Fig. 2. Prediction accuracy of a trained CNN on the MNIST dataset for different batch sizes

Hcmounuk: [17].
Source: [17].

OnTuMa/ibHbIN pa3Mep makera npu o6ydeHuu deep neural
networks (DNN)

Deep neural networks (HelipoceTb r/Iy60KOro 06y4eHus1) — HeM-
pPOHHasl CeThb cojeprKaljas He MeHee JBYX CKPBITBHIX cioeB. O6y-
YeHHe IVIyOOKUX HEHPOHHBIX CeTeH C MOMOIbI0 CTOXaCTHYECKOTO
rpaiJueHTHOr0 CIIycKa WJIM er0 BApUaHTOB TPe6yeT TIATeIbHOI0

Vol. 19, No. 2. 2023 ISSN 2411-1473 sitito.cs.msu.ru

BBIGOPA KAaK CKOPOCTH 00y4Y€eHUs, TaK U pa3Mepa nnakerta. B To Bpe-
Ms1 KaK MeHbIIHe pa3Mepbl TaKETOB 00bIYHO CXOASTCS 32 MEHbLIIee
KOJIMYECTBO 310X 06y4eHHUs, Go/bLIe pa3Mephl TAaKeTOB obecIe-
YUBAIOT OGOJIbIIMI MapaJliesu3M U, CJ1e[J0BATeNbHO, JYYIIYI0 Bbl-
YUCJIUTEIbHYI0 3)PEKTUBHOCTb.

CroxacTUuecKMid TpasueHTHBIN cnyck (SGD) m ero BapuaHTBhI

Modern
Information
Technologies
and IT-Education



328

TEOPETUYECKME BOMPOCHI UHOOPMATUKN, MPUKIAQHOW MATEMATUKY,
KOMMbIOTEPHbIX HAYK 1 KOTHUTUBHO-MH®OPMALMOHHbBIX TEXHONOT WA

A. A Jlncos, A. [. Boamunnos,
B. I YpmaHos, C. A. MaHunwes

SABJIIIOTCS HauGoJsiee LIMPOKO HCIOJIb3yeMbIMH MeTOAAMHU OG-
yenuss DNN. 3TOT Tum ceteil uMeeT GOJIBIIONA pa3Mep, U MPOIiecC
06y4eHHUs TpebyeT 60/bIINX 06BEMOB JaHHBIX. [loaToMy npu pe-
aJM3anuy 06yvarolyo BbIGOPKY 0OGbIYHO JeJIIT CepUI0 NMaKeTOB
HEKOTOpOoro pUKCHPOBAaHHOTO pa3Mepa, MeHbLIEro, 4eM pasMep
oby4aroleil BBIGOPKH, U 60JIbIIEH, YeM O UH [6].

OnTuMa/JbHBIA pasMep nakeTa NHpU OGy4YeHUM recurrent
neural networks (RNN)

Recurrent neural networks (peKyppeHTHbIe HEUPOHHBIE CETH) —
3TO THUINl UCKYCCTBEHHOM HEHPOHHOMN CeTH, KOTOpasi MUCIOJIb3yeT
rocJjie/ijoBaTeJibHble JJaHHbIEe UM JJaHHble BpeMeHHBIX psAl0B. ITH
aJITOPUTMBI ITyGOKOr0 06y4eHUs1 06bIYHO UCIIO/Ib3YIOTCS IS 110-
PSAKOBBIX MJIM BpeMeHHbIX 3a/lay, TAKHMX KaK f3bIKOBOH NepeBo/,
06paboTKa eCTeCTBEHHOI'O 3blKa, pacllo3HaBaHHWe pe4yu U CyOTH-
TPbl K U300pakeHUsIM. PeKyppeHTHble HepOHHBIE CETH OT/IMYa-
I0TCSl CBOEH «IaMsATbIO», IOCKOJIbKY OHHM 6epyT MHpOpMalUIo U3
MpeAbILYLIIUX BXOJI0B, YTO6ObI BJUATh HAa TEKYLMHA BBOJ, U BbIBOJ, B
TO BpeMs KaK TPaJIULIHOHHbIE ITTyO0KHe HEHPOHHbIE CETH MPeAIIo-
JIaraloT, YTO BXO/bl U BBIXO/Ibl HE3aBUCUMBI APYT OT JIPyTra, BHIXOJ-
Hble JlaHHble peKYPPEeHTHbIX HEHPOHHBIX CeTel 3aBUCAT OT NpeJ-
LIeCTBYIOIIHUX 3J1eMEHTOB B I10C/Ie/10BaTEIbHOCTH.

[TocKo/IbKY JaHHBIN THUIl HEWPOHHBIX CETEH OTJINYAETCH OT HEUpPO-
ceTel ry1y60Koro o6y4yeHHs HaJIM4YueM CleliualbHOMN «I1aMATH», TO
BapHUaHT C MaKeTHbIM IPaZIMEHTHBIM CIIyCKOM B 3TOM CJIy4yae Io-
TpebyeT ele 6ojiee 3HAYUTENbHBIX BbIYUCIUTENbHBIX PECYPCOB.
[loaToMy Ha MpaKTHKe TaKXe MPUMEHSIOT MeTOJ, C MUHU-NIAKeT-
HBIM IpaZJUEHTHBIM CIIyCKOM. C TOYKH 3peHHsI IPOU3BOAUTEJIBHO-
CTH Y COOTHOLIEHUs pa3Mepa lakeTa K 06yyalolei Bbl6opke 6bL10
NpoBe/ieHO uccienoBaHue [19].B aTol craThbe 6bL1a NMpejcTaBJie-
Ha 3¢ peKTUBHAA peasu3anusl BbIYUCIEHUs NOTePb U rpaZiueHTa
RNN-T nyteM ¢popMys1MpoBaHHUsl NPSAMON U 06paTHON PEKYpPCUU B
MaTpU4YHOU popMe. ABTOpaMu OblJIM TPOBEJEHBI SKCIIEPUMEHTHI C
pa3IMYHOM JJIMHOM NOC/Ie10BaTeIbHOCTEN U pa3MepaMH aKeTOB
Ha pasHbIX annapaTHelx apxuTekTypax (CPU, GPU u TPU). Pe3ysb-
TaThbl TECTOB MOKA3bIBAIOT, YTO NPH YBEJIMYEHUH pa3Mepa nakeTa
¢ 1 10 32 MO>XHO NMOBBICUTH NMPOMYCKHYI0 CIOCO6HOCTDb B 22,9 pasa
Ha GPU u B 3,2 pa3a Ha TPU. KpowMe Toro, npu pa3Mepe nakera 32
OHU CyMeJIu JJOCTUYb IPUMEPHO B /1Ba pa3a 60JiblIeld MPONyCKHON
CrocoGHOCTH NpH paboTe Ha ofHOM szpe TPU mo cpaBHeHHIO C
rpadudeckum npoueccopom Tesla P100.

IIpoBepka Noiy4eHHBIX JAHHBIX U3 NPUBEJEHHbIX BbILIE HC-
c/1eI0BaHUIA

Kox anisi mpoBesieHMs1 SKCIepUMeEHTA BJIMSHUSI pa3Mepa Make-
Ta HAa TOYHOCTb, IOTEPU U BpeMsl 00yuyeHHs 6bLI pa3paboTaH HA
miatdopme Google.Collab Ha s3bIKe mporpamMmMupoBanus Python,
OCHOBHBIM (ppelMBOPKOM 3a/layM JIJIs MAIIMHHOTO 06yY€eHHs sIB-
asncs TensorFlow, a Take cnenuanusupoBaHHass OUOGJIHOTEKA
Keras p151 yio6HOM pa6oThl ¢ pperiMBopKoM. PazpaGoTaHHbIN KO/,
nporpaMmbl MOXKHO HaiiTu Ha GitHub ogHoro us aBTopos!./lns
BCeX MeTO/I0B OblJ1a ONpe/ie/leHa O/iHa U Ta ’Ke apXUTeKTypa MoJe-
JI HEUPOHHOM CETH, KOJ| KOTOPOW IPUBEJIEH HIKeE.

# OnpefeneHne MoJenu

model = Sequential()
model.add(Dense(50, input_dim=2,
initializer="he_uniform’))
model.add(Dense(3, activation="softmax’))

activation="relu’, kernel_
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Fig 3. Research dataset

HcmouHuk: 3/71eCb U [jajiee B CTaTbe BCe PUCYHKH U Taﬁﬂﬂubl COCTaBJIEHBI
ABTOpPaMH.
Source: Hereinafter in the article, all tables and figures are compiled by the
authors.
B xadecTBe faTaceTa (puc. 3) 41 MCCe[,0BaHUSA IPY TOMOLILU OU-
6moTeku sklearn 6611 creHepUpoOBaH ABYMePHBIN Ha6Op JAHHBIX
BBIGOPOK C TpeMsl «KaIJIIMU» B KaueCcTBe 33/la4d MPOrHO3UPOBa-
HHSl HECKOJIBKHUX KJaccoB. Kaxkzioe Hab loZleHHe UMeeT /iBa BXoJa
u 0, 1 wim 2 3Havenus kuaacca. Pynkuusa make_blobs() us ganHoi
6MOJIMOTEKH N03BOJIsIET CreHepupoBaTh 3TOT HA6GOp A/ co3Aa-
HHSl TOYEK C raycCOBbIM pacnpesiesleHueM.

Pe3synbTaThl

Kak yxe ymoMuHasochb paHee, Ha OCHOBE CreHepHUPOBAaHHOIO
Jaraceta A 2D-knaccudukanuy Obl1 NpoBesieH 3KCIePUMEHT
BJIMAAHUSA pa3Mepa NakeTa Ha OJHY U Ty ’Ke MoJeJib HeHpOHHOH
CEeTH C IleJIbl0 IPOBEPKH TOYHOCTH U CKOPOCTH paboTsl. Ha puc.
4 nokasaH rpaduk nporecca 06yuyeHHUsl TeCTOBOH MOJie/IM MeTO-
JIOM IaKeTHOro rpajiueHTHoro cinycka (BGD), Ha puc. 5 npuBejieH
rpaduk noJsydeHHbIX B polecce o6yyeHUs norepb. Bpemsa o6y-
YeHHUA B IaHHOM CJlyyae oKa3aJocb HauMeHbIIUM (10,6 cekyHn)
B CPaBHEHUU CO BCEMM OCTAJbHBIMU UTePALUAMU (CM. TaGIULY
1), ¥ 103TOMY 3TO 3HaUYeHHUe ObIJI0 MPUHATO 3a pedepeHcHbIe 100
%. CTOUT OTMETUTH, YTO TOYHOCTb IIPU 3TOM CIIOCO6e 06yyeHUs
0Ka3aJIoCb OJHOM M3 HaWJIYYIIHX, IPUYMHA 3TOr0 00bsCHAIACH
paHee — BBICOKasl YCTOMYUBOCTD K LIYMy M3-3a HaJHW4us 60Jb-
IOr0 TaKeTa, N03BOJISIOIEr0 YCPeAHUTb YPOBEHb OLIMOKU UJIU
BOBCe CBeCTH K MUHUMYyMy. OJJHAKO BCe 3TO CHpaBeAJIMBO NpHU
YCJIOBUM MCIO0JIb30BaHUSA JJOBOJIBHO NPOCTON MOZEN U HEGOJIb-
1Ioro jaTaceTa (B HalleM ciy4ae pa3MepHocTbio B 500 ceMII0B),
B peaJIbHbIX YCJI0BUAX C HA60paMH JJAaHHBIX B HECKOJIBKO ThICAY
e/JMHUI, UHPOPMALIUM 3TOT MeTOJ, He NpPeJCTaBJSeTCs ONTHU-
MaJIbHbIM H3-3a O4eHb BbICOKUX TPeGOBAHUM K BBIYMCJIUTEJb-
HBIM pecypcaM U BUJEONaMsTH.

! Lisov A. Batch size study [3nexTponHnblit pecypc] // GitHub, 2023. URL: https://github.com/AnLiMan/Batch_size_study (nata o6pamenus: 26.02.2023)
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Fig. 6. Graph of the SGD learning process
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Fig. 7. Graph of SGD losses

[lasee OblJ MPOBEJIEH OMBIT C METOZOM CTOXaCTUYECKOTO Ipajiu-
e€HTHOI'0 CIycka JJisi o0yuyeHUs HeHpOHHOH ceTH. PesyibTaTbl
OMbITA MMOKa3aJiy, YTO JAaHHBIA MeTOoJ, 0Ka3a/Cs CaMbIM MeJJIeH-
HbIM (cM. Tabsuny 1) us npencraBaeHHbIx: 302,92 cekyH/bI 3a-
HsIJ1 BeCb npoluecc o6yyeHus. Puc. 6 HamIsZAHO MOKa3bIBaeT, YTO
npouecc o6y4eHUs HOCUT CHJIbHO 3allyMJIEHHBIH XapakTep IO
cpaBHeHHUIO ¢ TeM e BGD, aTo Bce 00bsICHAETCS MasbiM pa3Me-
poMm nakera. W3-3a He6osbimoro batch size TpebGyeTcs HamHOTrO
GoJibllle UTepanui B ofHOU snoxe o6y4yeHus (500), mpu 3TOM, B
COBOKYIHOCTH C 3aZlaHHBIM KojiMdecTBoM 3mox (200), B utore
[0Jly4yaeM BbICOKHE BpeMeHHble 3aTpaThl Ha Npolecc 00yyeHUs.
I'padux noreps (puc. 7) Takke HOCUT JJOBOJIbHO CHUJIbHO 3allyM-
JIEeHHBIW XapakTep 1o cpaBHeHH0 ¢ BGD. KoneyHast TouHOCTB 06y-
YEeHHOU ceTH Tak)Ke OKa3aJlach HWXKe, 4eM NPHU 06yYeHUHU METOJOM
nakeTHoOro rpagueHtHoro cnycka: 0,824 npotus 0,834. [ToaTomy,
COIJIAaCHO MCCJIeI0BAHUSAM, NIPUBEJIEHHBIM BbILIE, U NTOJyYeHHOMY
pe3y/bTaTy, MOXKHO NPUUTH K BBIBOAY O HeleJeco06pa3sHOCTH B
GOJIIIMHCTBE CJ1yyaeB NPUMeHeHUsl JJAaHHOr0 MeTo/a 00y4YeHUs
JUIsl UCKYCCTBEHHBIX HEMPOHHBIX CeTeM.

1 mpoBepKM MeToJja MUHHU-IIAKETHOr'O I'PaJIMEHTHOTO CIycKa
Oblyla NpoBeJieHa cepyUst NPOBEPOK TOYHOCTH NMPOTHO3UPOBAHMUS,
BeJIMYMHBI NI0TEPb U BPEMEHH, 3aTPayeHHOro Ha 06y4yeHUs NpHU
pasmMepe nakerta: 2, 4, 8, 16, 32, 64, 128 u 256 cammia. PesynbraT
paboThl NpHBesieH Ha puc. 8 U B Tabauue 1.

Ta6.uia l. Pe3yasTaThbl HCC/IeJ0BAaHUSA
Table 1. Study Results

MeTopn, [ToTepu (val_loss) TouHocTs (val_accuracy) Bpewmst 06y4yeHus, cex %
BGD 0,4465 0,834 10,6 100
SGD 0,4574 0,824 302,92 2857,7

MBGD (2) 0,6080 0,816 202,32 1908,7
MBGD (4) 0,5002 0,818 86,61 817,1
MBGD (8) 0,471 0,836 82,5 778,3
MBGD (16) 0,4366 0,826 40,4 381,1
MBGD (32) 0,4325 0,826 23,57 222,6
MBGD (64) 0,4243 0,824 17,69 166,9
MBGD (128) 0,3995 0,824 20,85 196,7
MBGD (256) 0,4145 0,828 20,85 196,7

I'paduky Ha puc. 8 MOKA3bIBAIOT, UTO MaJIbIM pa3Mep obydarolei
BBIGOPKH (2, 4, 8) Bce Tak ke UMeeT A0CTATOYHO 3allyMJIEHHBII
npouecc 06ydeHus. CTOUT OTMETUTb HeJIMHEHHOCTb yMeHblIeHUs
BpeMeHH, 3aTPayeHHOr0 BpeMeHH, a TaKKe TOT GaKT, YTO pa3Mepbl
nakera B 16, 32 1 B 0CO6EHHOCTH 64 C3MIIJIA MOKA3bIBAIOT 0YEHb
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CKOPOCTb 00y4eHUsl. ITO OO'bSICHSETCS TEM, YTO B OOJIBIIMHCTBE
IPOEKTOB, B TOM 4yucJe U B [8-10], HauboJiee 4acToO UCIOJIb3yETCS
MMEHHO 3TU pa3MepHOCTH, no3ToMy Koj TensorFlow u nnHbIx 6uU-
6JIMOTEK JJIs 1jeJleld MallMHHOTO 06y4YeHHs 6bL1 ONTUMHU3UPOBaH
MMEHHO N0/ 3TH 3HavYeHUs. Kak 1 oxxuianock oT pasMepHocTH 128
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u 256, rpaduku nporecca 06ydyeHUsT HOCAT cJ1abo 3alyMJIeHHBIN
XapaKTep U IIPU 3TOM HMEIOT Majloe BpeMsi, 3aTpadyeHHOe Ha Ipo-
1ecc 06y4eHHsI HEHPOHHOU CeTH.
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P u c. 8. Tpaduk nponecca o6ydenuss MBGD ¢ pa3iM4HbIMHM BapHaLUSAMHU

pasMepa nakeTa
Fig. 8. Graph of the MBGD training process for different batch sizes
Huxe Ha puc. 9, 10 npuBefeHbl rpadUKH TOYHOCTH MPOTHO3UPO-
BaHUA U BEJIMYUHBI IOTEPb AJId MUHU-TIAKETHOTO I'PaIUEHTHOI'O
Crycka npu pa3MepHOCTH NaKeTa, paBHOH 64 o6pasnaM, Kak Hau-
6oJiee yAadyHOTO JJIsl JAaHHOTO JaTaceTa pa3MmepHocTbio 500 cam-
IIJIOB.
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Fig. 9. Graph of the MBGD learning process (batch size = 64)
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Fig. 10. Graph of MBGD losses (batch size = 64)
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Pe3ysibTaThbl ONMbITa MOKA3bIBAKOT, YTO pa3Mep MaKeTa J€HCTBU-
TeJIbHO MMeeT OAHO M3 pellalIMX 3HaueHWH NpHU o0OyuyeHHHU
HCKYCCTBEHHbIX HEMPOHHBIX ceTell MeTOAOM ONTHUMHU3alMUHU I'pa-
JIMEHTHOr0 CIIyCKa, NPHU NPHUMeHEeHUHM aJropuTMa oO6paTHOro
pacmpocTpaHeHust omn6ku. Kak u oxxuzmanocs, Haubosee apdek-
TUBHBIM METO/IOM 06Y4YeHHs], C TOYKHU 3pEeHHs TOUHOCTH U 3aTpa-
YEeHHOT0 BpeMeHH, OKa3asICsl MaKeTHbIH TIpaJIueHTHBIN CIHycK,
OJIHAKO 3TOT croco6 Lejiecoobpa3eH TOJbKO NMPU 06yYeHUHU He-
GOJIBIINX HEUPOHHBIX CeTel, Ha HeGOJIbIIOM Habope [JaHHBIX.
CaMbIM ONTHMaJbHBIM JJIs GOJIBLIMHCTBA NPHUKJAJHBIX 3ajay
M GOJIbIIMX MoOJesled OKasascsl MUHHU-NMAKETHbIA IpaZiMeHTHbIN
CIYCK C HanboJiee Nony/sspHbIM Ha6opoM 16, 32, 64 u 128 camnioB
[20-22]. OTn 3HaYeHHUs] OOBIYHO KPATHBI CTENEHSIM 2, YTO 00'bsIC-
HseTcs 3¢ PeKTUBHON paboTON ONTHMH3UPOBAHHBIX OUOIHOTEK
MaTpU4HbIX onepanuil [23]. XoTs B HEKOTOPBIX paboTax, TaKUX
Kak [24-26], npeasaraeTcs ycTaHaBJIMBaTh pa3Mep MakKeTa, KpaT-
HbIH 10, ¥ os1yyaThb BEICOKHE 3HAYEHHUsI TOYHOCTH pacrno3HaBaHUs
Ha pa3HbIX Habopax JaHHbIX. HauMeHee oNTHMaJbHBIM METO/OM
0Ka3aJ/ICsl MeTO/, CTOXaCTHYeCKOTO I'Pa/IHEHTHOrO CIIycKa 10 NpU-
YHHe KOJIMYeCcTBa 3aTPayeHHOr0 BpeMeH! Ha 06y4yeHHe.
Pe3ysbTaThl Cyl1eCTBYIOLMX UCCIEL0BAHUH TaKXKe 0Ka3aJIu, YTo
JlJIsl CBEPTOYHBIX HEUPOHHBIX CeTel, HelpoceTel Iy1y6oKoro o6y-
YeHUsl, pEKyPPEHTHBIX U JIJI1 GOJIBLIMX S3bIKOBBIX MOJiesleld Hau-
6oJiee ONTHMaJbHBIM METOAOM O06y4YeHHs siBjsgeTcd mini-batch
gradient descent.
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3upoBaHus. C pyroi cTOpoHbl, 60JblIOe 3HAYeHHe pa3Mepa na-
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