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Hcnosb3oBaHne BAPHAIIMOHHOT0 ABTOKOAUPOBINKA /1 PACIIHPEeHHs 00y4aouero Habopa HelipOHHO¥ ceTH,
pacno3Haonieii JeeKThl Ha H3AeINAX U3 CWIMIUPOBAHHOrO rpadgura

Ipusoodsmces kpamxue céedenust U3 meopull 6aPUAYUOHHBIX A8MOKOOUPOSuuUKos. IIposepsemcs 603mMoliCHOCHb U
YenecoodpazHoCnb UCHOIb306AHUS APUAYUOHHBIX AGMOKOOUPOSWUKOS NPU PACUUPEHUU 00YUAIOWUX OAmAacenos
HeUpOHHbIX cemell 01 CyHaes, Ko20d Habop 00yUeHUs: COCOUM U3 HECKOIbKUX decamkos obpasyos. IIpusodsmcs
npUMepbl HeYereco0OPA3HO20 UCONb30BAHUSL BAPUAYUOHHBIX ABMOKOOUPOSWUKOE. []aiomcs npakmuyeckue
pexomeHOayuu Oist NOCMPOEHUsL 06YHAIOWUX HAOOPOE BAPUAYUOHHBIX ABMOKOOUPOBUUKOE. [Ipusodsmces npumepul
uzobpadicenull ¢ depexmamul, COMIIUPOBAHHBIX U3 PASHBIX YACTEU pacnpedesieHust CKpblmblX gaxmopos. lenaemcs
HONBIMKA 0OBACHEHUSL NOTYYEHHBIX PE3YIbMAmos. YKasvlearomces HacmpouKuy, UCHOIb308AHHble NPU 00YYeHUY cemell
9HKOOEpPa U 0eKoodepa 8apuayuoHHO20 asmokoouposuiuxa. Ilpedraecaemes Mmemoo HANONHCEHUsL U30OPadceHUll,
OCHOBAHHBII HA UCNONIL308AHUU BAPUAYUOHHBIX ABMOKOOUPOBUUKO8. Pe3ynbmamul npedcmasienuvix
uUccre008anull NPeonoNazaemcs UCNoab308amy 0Jis PACNO3HABAHUS U KIACCUPUKAYUU 0eeKmos Ha U30enusx uz
CUTUYUPOBAHHOO epaghuma.

Knrouesvle crosa: netiponnvle cemu, s3HKoOep, 0eko0ep, 6apUAYUOHHbIE A8MOKOOUPOSUUKIL, NPOCMPAHCINEO CKPLIMbIX
axmopos, comMnauposarue, 2eHepamugrvle Mooeau, oeghekmol, MUHUOAmMy, 00yyawuil Habop cemu.
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Malyshev G.S., Kamnev M.A., Drumov L.V., Terekhin G.V. Application of variational autoencoder for extending
training dataset of a neural network which recognizes the flaws on siliconized graphite articles

The paper outlines the theoretical background of variational autoencoders (VAE). It examines the opportunity and
expediency of applying VAE for extending training datasets of neural networks for the cases where comprises of several
tens of patterns. Examples of unpractical VAE application are cited; practical recommendations on the development of
training datasets for VAE are made. The examples of images with the defects of images sampled from different parts of
hidden factor distributions are discussed, an attempt of result explanation is made. The settings used in VAE encoder
and decoder network training are provided. Am image composition method based on VAE application is offered. The
research results can be used for the detection and classification of flaws on siliconized graphite articles.

Keywords: neuron networks, encoder, decoder, variational autoencoders, hidden factor space, sampling, generative
models, defects, minibatch, training dataset.



