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G *s hittp://www.machinelearning.ru/wiki/index.php?title=UserVokov
*s YuacTHuk:Vokov *. YuacthmiVokov/CV 2 Konstan

Pacnosuasanue

Haeurayua

3arnaeHan cTpaHvua
CoobGuectso
HosocTu

MocnegHue npaBkn
CnyuaiiHan crateA
Cnpaska
MHCTpyKTa
Bonpockl 1 oTBETEl
ToDo

JHUMKNoneaua
aHanuaa JaHHbIX
[MonynApHbie 1
0030pHEIEe cTaTby
MyBnukaumm
MonesHeble CCbINKK

NOKUCK

hepeﬁ'ru” HaiTtu |

racn [ osoome | o ) NP/ /WWW.MachinelLearning.ru/wiki?title=User:Vokov

YyacTHuK:Vokov

MHe MOXHO HanucaTb NMUCbMO.

http://mwww.MachinelLearning.ru/wiki?title=User:Vokov & -

1 YuebBHble maTepuransl

BopoHuoB KoHcTaHTUH BAavyecnasoBuy

npoceccop PAH, O.¢p.-M.H.,

npod., 3am. 3ae. ka. «Martematudeckne meTogel npordosvpoeanna» BMK MY,
3ae. kadp. «MawmHHoro oby4eHns u uudporoi rymaHmTapmucTukn:r MOTH,
npodp. kacp. «MHTEeNNekTyaneHble cuctemel» MOTH,

C.H.c. otaena «MHTennekTyankeHble cucTeMbl» BeliducnutensHoro uenTtpa L
Ny PAH,

oAWH U3 ngeonoroe v AgMuHncTpaTopoe pecypca MachineLearning.RU,
npo4ue nogpobHocTM — Ha nogcTpanuye Curriculum vitae.

Mpochune ORCID = 0000-0002-4244-4270 &
Mpodhune SCOPUS ID = 6507982932 &)
Mpochune WoS ResearcherlD = G-7857-2014 ¢
Mpochune Google Scholar &

Mpochuns DBLP &2

Mpochune PUHL, ID = 15081 &2

Mpochune B cucteme MCTUHA IRID = 3151446 &
Mpochune MathNet.ru &

CopgepxaHue [yopats]

1 Y4yebHble MaTepuansl
1.1 Kypcbl nekuuin
1.2 PekomeHgauuu Ans cTYOEHTOR W acnupaHToR
2 WHTepebio
2.1 Bugeo
2.2 IloHrpuabl
2.3 PoccuitckMi paguoyHueepcuTeT, Paguo Poccun
3 [Joknaabl Ha KoHepeHUUsX U ceMruHapax
4 Hay4Hble MHTEpECH!
4.1 AHanu3a TEKCTOB W MH(pOPMAaLMOHHLIA NOUCK
4.2 deiiKoBble HOBOCTA N NOTEHUMANBHO ONacHbIA OUCKYPC
4.3 OTCcnexuBaHue KOHTaKTOB W OLEHKA PUCKOB MHDULNPOBaHWUA
4.4 Teopusa oGobwwarowlen cnocobHoCTH
4.5 KombuHaTopHas (nepecTtaHoOBOYHASA) CTATUCTUKA
4.6 MNporHosupoBaHe 06LEMOB NpoaaK
4.7 Opyrve npoekTbl U ceMUHapbI
5 MNyGnunkauum
6 CodT U NPOEKTLI
7 AcnupaHTbl U CTYAEHThI
7.1 bakanaBpckne guccepTauuu
7.2 Marucrepckune guccepTaLuu

7.3 NunnomMHkie paboThl
. 150%
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VYKA3

TMPE3UJIEHTA POCCHUMCKOM ®ENEPAIIUU

O pa3BATHH HCKYCCTBEHHOIO MHTE/LIEKTa
B Pocemiickoii Menepanmnn

B uensx obecnedeHHs YCKOPEHHOTO pa3BHTHA HCKYCCTBEHHOTO
uHTeiekTa B Poccuiickoii  @ejepaid, NPOBEEHHA  HAYYHEIX
HeenenosaHHi B o0NACTH HMCKYCCTBEHHOID MHTENIEKTa, NOBBIIIEHUS
NOCTYMHOCTH ~ WHOOPMAIMH W BEIYHCIHTENBHEIX — PECYPCOB A
HOJ’[B'SOM’I’CJICI’I, COBE]J].I.ICHCTBOB&HI’[X CHCTEMEI NOJATOTOBEH  KaJpoB
B 3TOH 00acTH MO CTAH O BT A 10:

1. Vreepaurs npuiaraemyio HauMoHaNbHYIO CTPaTerHio PasBHTHA
HCKYCCTBEHHOTO HHTENTEKTa Ha nmepro 1o 2030 roja.

2. lpasurenscrey Poccuiickoii Meaeparyn:

a)ao 15 nexkabps 2019r. obecneudTs BHECEHHe H3IMEHEHHil
B HauHOHanbHyw nporpammy "Llmdporas skoHoMmka PoccHiickoi
Qenepaiu”’, B TOM YHCTe paspaboTaTs H yTBepiHTh (eaepaibHEIH
npoext "Hekycereenneii naTenekt";

0) npencrapaars Ilpesunenty Poccuiickoit Pepepaumu emerogso
noknanm o xofge peanuzaudd HauHoHaTBHOW cTpaTerHH  pasBHTHA
HMCKYCCTBEHHOI0 HHTEIUTEKTa Ha nepuol o 2030 roja;

B) IpenycMaTpHBaTe TpH (Gopmupoanua B 2020 - 2030 rogax
TpPoeKToR  (efepanbHblX OlOI#ETOR Ha ovepenHOH (HHAHCOBHEIA rox
W HA MIAHOBHIH mepHon OloIMerHble ACCHIHOBAHMA HA peaiM3aLHio
HacToAmero Ykasa.

VTBEPXKJIEHA
VYxazom IlpesuaenTa
Poccuiickoii ®Penepatinu
ot 10 okradps 2019 r. Ne 490

HAITHOHAJBHASN CTPATEIHA

Pa3BHTHA MCKYCCTBEHHOTO HHTEJLIEKTA
Ha mepuoa Ao 2030 rona

[. O6mHe monokeHHs

1. Hacrosme# CrpaTerneii onpe/iensroTCA LETH H OCHOBHBIE 33]1a49H
pasBHTHH HCKYCCTBEHHOIO HHTellekta B Pocewiickoli  ®enepaiuy,
a TaKke MEpH, HAMPABIEHHEIE HA €r0 HCMONE30BAHHE B LENAX
obecrmedeHHs HALMOHANBHEIX HHTEPECOB M PeaMialliM CTPaTerHYecKHX
HALMOHAJIBHLIX  [IPHOPUTETOB, B  TOM  4ucne B obnactu
HAYYHO-TEXHOJOTHYECKOTO Pa3BHTHA.

2. Mpasosyro  ocHoBy  Hacroswedl  Crparerus  cOCTAaBISIOT
Koncrutyuus  Poccmiickolt  Denepanmu, DenepanbHblii  3aKkoH
or 28mons 2014r. Nel172-®3 "O crpareruyeckoM ILIAHHPOBAHHH
B Poccuiickoii @enepanun”, ykasel [lpesnnenta Poccuiickollt Denepanun
or 7man 2018 r. Ne204 "O HauWOHANBHEIX LENSX H CTPATErHYECKHX
sagadax paspuTHA Poccuiickoii ®enepaunn Ha nepron no 2024 ropa",
or 9mas 2017 r. Me203 "O Crparersin paspuTHA HHPOPMALIHOHHOTO
obmectea B Poccuiickoii  ®emepaumn  wa 2017 - 2030 romsr",
ot 1 nexabps 2016 . Ne 642 "O Crpatersin HayqHO-TEXHONOTHYECKOTO
pazsutua Poceuiickol @enepaunu” ¥ MHEIE HOPMATHBHBIE NPABOBRIE AKTH
Poccuiickolt Denepaunn, onpejelsiolide HaNpaBleHHd NPUMEHEHHN
HH(OPMAITHOHHEIX TeXHOMoruil B Poccriickoii Menmepariy.

3. Hacrosmas Crparerus sBIseTcd OCHOBOH ans  paspaBoTkH
(KOpPEKTHPOBKH) rocyaapcTBeHHBIX TporpaMm Poccriickoil Meneparu,
rocylnapcTBeHHEIX  nporpaM  cyOrextor  Poccwiickoit  @epepanmn,
defepalbHLIX W PEerHOHANLHEIX IIPOEKTOB, IAHOBHX H IPOrPaMMHO-
LENEREX JOKYMEHTOB IOCYIapCTBEHHEIX KOPNopauuil, rocylapeTBeHHbIX
KOMNaHuif, AKIHOHEPHHX o00ImecTs ¢ TrocyAapeTBeHHEIM —YYacTHeM,
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Krizhevskw., Sutskevet., Hinton G.ImageNet classification with deep convolutional neural networks. 2012.
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Li FeiFei et al.ImageNet: A largscale hierarchical image database. 2009.
Li FeiFei et alConstruction and analysis of a large scale image ontology. 2009. -
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Undopmatrka nctopunyeckas litres. Bea nognncok false negatives

litres.ru > cTopyeckas-MHopMa... pexnama
Bonee 1 000 000 knur B cpopmatax FB2, EPUB, TXT, PDF, AyanokHurin. BoibnpariTe u ® ® O
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Kelvin Xu et aBhow, attend and tell: neural image caption generation with visual attention. 2016
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