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Hanpuwmep, ecsin cucrema Mozker paborarh To/bKo ¢ DK Bujta «110C/I€/10BATE IbHAS TPOIIE/TY-
pa ¢ U3BECTHOI CUTHATYPOii», TO 3alyCK KOJa B HHOM KOHTeKcTe (ckaxkeM, Ha GPU) Bo3moxken
myTeM cozaanust «obeprounoro» K (wrapper), koropsiit comepzut pabory ¢ GPU BHyTpH, 0
JeM cuctema He 3HaeT. Ho 310 Tpebyer B KaxkmaoMm takom PK mepemernars JaHHbIE U3 TAMSITH
CPU B nmamsats GPU u obparHo, nHavye creHepupoBaHHBIN KO He OyaeT paborarb MpPaBUIbLHO.
Ecnu xe BBectn B cucremy noaaepkky #oBoro suga K — @K gaa GPU, to cucrema cmoxker
caMa B «CKJIEHBAIOIIEM CJIOe» CTeHEPUPOBATH KOPPEKTHYIO PADOTY C JAHHBIMHU W OMTHMUA3UPO-
BAThH UX MepeMelenne (HapuMep, ocTaBiaTh Janubie B namatu GPU, ecin Bckope oHE OyIyT
obpadoranst PK ma GPU).

[Ipunnunuaabuo, uro Hu oxut Bujg PK He Moxker ObITH YHUBEPCAJIBHBIM, T. K. 9TO O3HAYAJIO
Obl MpuUBEEHNE BCEX MPOTPAMMHBIX MOJYJel K OJHOMY BH/y, CO3IaHUE [JIsT BCEX MPOIPAMM-
HBIX MOJyJIell YHUBepcaabHON 0bepTku. BBuay pasHoobpas3ust mporpaMMHBIX MOIyJIell YHUBED-
cajibHas 0bepTKa uMesa Obl /Ui HOJABJISIONIETO GOTBITHHCTBA MOy Iell (0COGEHHO MAJIBIX 110
00beMy BBIYHCJIEHWH) Ipe3sMepHO GOJTbITHe HAKJIATHbIE PACXOJbI Ha MepeJady apryMeHTOB, CO-
3/1aHIe HEOOXOMMOIO HCIIOJHUTEIbHOIO OKPYZKeHHs 1 T. 11, (JiJIs HPUMePa MOKHO PACCMOTPETh
«yHUBepcaIbHbIT» (popmart, Takoit kak docker-koHTeitHep UM TPEYCTAHOBIEHHY) BUDPTYAJIb-
Hyto MamuHy). KoHnenust akTHBHBIX 3HAHWN K€ MPeNnosaraeT HaJndne Pa3JIndHbIX BHJIOB
®OK nma pa3Hble Caydad KU3HU — MPOMNEIYPHl, CHUIIEThI, KOMAH/Ibl KOMAaHIHON CTPOKH U T.1I.,
npudeM HOBbIN B @K MoxkeT ObITH H0OAaBJIEH B CHCTEMY Uepe3 BBeJeHWE COOTBETCTBYIOIIE-
r0 MOJIYJIsT PACIIUPEeHust B a3y aKTUBHBIX 3HAHUI. TakuM 00pa3zoM BKIIOYEHUE MPOTPAMMHBIX
Mo ysteit B 623y aKTUBHBIX 3HAHWH B JII00OH TpeaMeTHOH 00/1aCTH CTAHOBUTCS MPAKTUIHBIM, a
KOHKPeTHbI Habop ucno/ib3yeMbix BuaoB @K 3aBucut ot npeamernoit odaactu.

OTMmeTuM Tak»Ke, UTO OJHONW W3 MOJIE3HBIX (DYHKIUI MOJYJIbHOCTH $BJISETCS WHKAICYJIIs-
UsT MOJIYJIeH, 9TO 0BeCIednBaeT MOJb30BATENSIM MOJIY/IsA (B T. 9. CHCTEMe KOHCTPYUPOBAHUS)
He 3HATh MHOTHE €TV BHYTPEHHEro yCTpoicTBa MOmy/sd. Tak, HampuMmep, MpoIeaypa Kak
MOJIyJIbHAs 000/I0YKA 1M03BOJIET He 3a00TUTHCH O TOM, KaKHe JIOKAJbHbIE TIEPEMEHHbIE HCIIO b
syer nporenypa. CHATHE TPOIEAypPHOH 0B0I0UKH ¢ KOJAa (C 1eJIbI0 yMEHbITIeHHsT HAKIaIHBIX
PacXo/oB) ¥ BCTPAUBAHHE CAMOTO KOJa B JIMCTUHT MPOIPAMMBI O3HAYAET, YTO HEOOXOIUMO HC-
KJTIOYUTH BO3MOYKHOCTH KOH(MIUKTA UMEH IepPeMeHHBIX BO BCTPAUBAEMOM W OOBEMITIONIEM KO-
Jie. DTOT MpUMep WLTIOCTPUPYET HAEI0 O TOM, UTO YeM «TOHBIIe» MOIYJIbHAas 000J0YKA, TeM
6oJibiiie undopmanuu J1ozxkHa umersb cucrema 0 PK s koppekrnoro u 3¢peKTuBHOrO ero
HCIIO/Ib30BAHMS, HO 9TO JAeT BO3MOKHOCTH CHUZKATH MEKMO/IYJILHOE TPEHUE.

Bepremcs k mpumepy ¢ GPU. Ha ocHoBe KoHIENIN aKTUBHBIX 3HAHWI BO3MOYKHBI U 0O-
Jiee TIPOJIBUHYTBHIe TEXHUKH ONTUMH3ANUM, Takue Kak ucrnoib3oBanne CUDA Graph [20] wiu
cuFFTplan [21]. [lepBast TexHuka mo3BoJser hOPMUPOBATH MAKeT 3ajad Jiisg 06paboTKu Ha
BHIeOKapTe 6e3 HEOOXOAUMOCTH MpoMexKyToudHoi cuaxporu3anuu ¢ CPU, a Bropas peasm3yer
nmakeTHy10 06paboTKy Habopa 3a7ad 1Mo BHYUCIeHIO ObicTporo npeobpaszoBanus Pypee (BIID)
B Oubsimoreke cuFFT.

OTHu u JIpyrue TeXHUKHA ONTUMU3AINY UCHOJHEHUST MHOYKECTBA ONepaIuil HemocpeacTBEHHO
OTHOCATCSA K TPeTheMY paccMaTpuBaeMoMy dbakTopy — «rosmune obosodek» PK. O6brano
IpUMEeHEHUe TUX TeXHUK BO3MOYKHO TOJIHLKO BPYUYHYIO, T. K. KOPPEKTHOE WX NMPUMEHEHHE TPe-
Oyer mHMOpPMANNH, KOTOPYIO MPAKTHIECKA HEBO3MOYKHO M3BJIEKATH aBTOMATHIECKH U3 TPAJIH-
IIMOHHOTO KO/1a, U 310 nHpopMarmeii 06J1a/1aeT TOJBKO MTPOTPAMMHECT. B KOHIETINA aKTHBHBIX
3HaHW 3Ta WHOPMANHI MOXKeT OBITh HEIOCPeJICTBEHHO BKIOYeHA B 0a3y aKTUBHBIX 3HAHMN
BPYYHYIO, UTO MO3BOJIET TPUMEHSITH MOTOOHBIE TEXHUKW aBTOMATHIECKH.
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OrMmernM, 9TO Takasl ONTHMH3ANNSA Kak oObeanHeHne MHoOxKkecTBa omeparuit BII® B oxa-
HY HAKETHYIO OIIEPAIUIO ABJAETCA MPUMEPOM ONTUMHU3ANNE, CICIUMPUIHON JIjId KOHKPETHOM
npeaIMeTHOH 00/1acTH, B He HMeeT IMIHPOKOro MpUMEHeHUs B IporpaMMax OOIIero Ha3HAYCHHS.
JIpyrue nmomoOHbIe TEXHUKU ONTHMU3AINA TaKXKe MOIYT OBITH y3KOCHelnaIn3upoBanubiMu. Ho
JIJIsl KOHIEINIUNA aKTUBHBIX 3HAHUN 1OJ[JIEPKKA TaKUX ONTHUMHUBAINUN HEe ABJIAEeTCs 11PODJIeMOit,
B OTJINYHMe OT cucTeM OOIero HaszHavyeHusd, T.K. 0a3a aKTUBHBIX 3HAHWIl KaK pa3 U SIBJISIET-
CsT 9aCTUIHBIM (POPMATLHBIM OMTMCAHNEM KOHKPETHOW MpeaMeTHOH 00/1acTH, T1e eCTh BO3MOXK-
HOCTH TAKH€e Y3KOCIeIHAIN3NPOBAHHBIE ONTHMU3AINN 3aKIaIbIBATh. A TeKBATHOCTH TAKUX TEX-
HUK KOHTPOJIUPYET WHKeHep 3HAHUM, COCTaBAAONN 6a3y aKTUBHBIX 3HAHUN U SIBJISIOIUACS
CIIENMAJIMCTOM KaK B HpeJIMEeTHO#l obJiacT, TaK M B aBTOMATHU3alMM KOHCTPYUPOBAHUS IIPO-
IPaMM.

B uacrrOoCcTH, aBTOMaTHYecKas arperains MHoyKecTBa omnepanuit BOII B oany makerHyio
OIlePAIIAI0 MOXKET OBITh PeaJM30BaHa KaK IIPOMEXKYTOUHBIH dTal KOHCTPYUPOBAHUS HPOIPaM-
MBI, IPEIIIECTBYIONUN BHIBOLY aaroputMa. CyTh ero CBOIUTCI K TOMY, 9TO CHCTEMa paccMat-
puBaer rpad BM, BbisiB/IsgeT MHOXKECTBO oliepaluii, cBa3anubiX ¢ KOHKperHbiMm PK — BIID
na GPU, anamusupyer ux aprymeHTsl (IlepeMeHHbIe) Ha BO3MOXKHOCTH YIAKOBKH, U B CJIydae
Takoit Bo3aMokHOCTH J100aBsier B BM HOBy10 oneparinio, BXOAHbBIE U BBIXO/IHbIE TIepeMeHHbIe KO-
TOPOH ABJIAIOTCS 00beIMHEHUEM BXOJHBIX W BBIXOJHBIX IIEPEMEHHBIX arperupyeMbIX Olleparimii
cooTBeTcTBeHHO, 8 OK 111 nosoit onepanun gpiserca PK p1a GPU na ocnose dopMupoBanust
ctpykTypsl cuFFTPlan 6ubnmoreku cuFFT u makernoit oopadborku nadopa BIID. [Togmepxkka
TaKUX CIIOCOOOB ONTUMU3ANNKE KOHCTPYUPYEMBIX HPOrPAMM B KOHKPETHBIX ITPEJIMETHBIX 00J1a-
CTSX peaJM3yeTcs C MOMOIIBIO BKJOUEHUs B 6a3y aKTHBHBIX 3HAHUN MOJy/eil paciiupeHus,
OCYIIECTBJSMIONIAX COOTBETCTBYIOIEe IpeodbpaszoBanue rpada Oyaymieit mporpaMMbl BO BHYT-
penneM mnpejctapienun. Ilpu padbore ¢ coorBercTByIONIeil 6a30i aKTHBHBIX 3HAHUN cHCTEMA
IPOCMATPUBAET MOJY/IN PACITUPEHUS W TBITACTCS UX HPUMEHUTH MPH KOHCTPYHUPOBAHUHU MPO-
IPaMM.

3. Onucanme m aJAropmTM reHepaTopa HapaJjuleJIbHbIX mporpamMM. B pasnere us-
JlaraeTcs, KaK OIMCAHHbIE BBIIIE HJICH Pean30BaHbl B KOHKPETHOM IPOIPAMMHOM CPEJICTBE —
regepaTope mapaJsuie/bHbIX IporpaMm. [eHeparop npeanasnaden s mpeodpasopanus VW-
IJ1aHa B UCHOJHsAeMbI Ko, VHTepdeiic renepaTopa mpuHuMaeT Ha BXoJ onucanue VW-iana,
upeacrasgenaoro B uge JSON. Dror JSON comep:kut Tak:ke u onucanue (pparMeHTOB KOIA
oneparuii. PparMeHThl KOJ/Ia B TeHepaTope Mpe/ICTaBIeHbl MPOIeypaMu C CHTHATY POl ompe/ie-
jgennoro Buga. CoOTBETCTBEHHO, CPeHEPpUPOBAHHAS MporpaMMa, OyIeT coaepsKaTh BHI30BBI ITHX
HPOIEAYP. DTU BBI3OBBI IPOIEIYP COOTBETCTBYIOT OIEPAIMSIM.

st reHepanuy IpOTrpaMMbl HEOOXOIUMO BBIIOJIHUTH CJICIVIONIME IIard: olpejeeHue mo-
PsiJIKa BBIIIOJIHEHUsI Ollepalluil, pacupe/ieieHue onepaiuii 110 BblYUCANTEIbHBIM y3JIaM MYJIbTH-
KOMIIbIOTEPA U OTOOpaskeHre IMepeMeHHbIX Ha ITaMsITh.

[TopsioK BHITIOJIHEHUsT ONIEpaIlAil ONMpeeIseTcss Ha OCHOBE 3aBUCHUMOCTEH MEKIy TepeMeH-
HpiMu, onucaHubix B VW-mnane. IloapobHocT m3/102KeHbBl B JIMCTUHIE U JIajiee B OIMUCAHUH
paboTnl reHeparopa. Pacupenenenue onepanunii Mo y3jaaM — 3TO OT/AeIbHas CJIOYKHAS HaydHAS
3a/Ja4a, KoTopas B pabore He paccMmarpuBaeTcsa. OOBIYHO JAHHYIO 3329y PelraeT MIaHupPOB-
UK, KOTOPBIHT MOXKET ObITh OT/AE/IbHBIM KOMIIOHEHTOM, ITPEIOCTABJISIIONINM PACIIpe/iejieHne o1e-
pamuii reHepaTopy napaJsiie/ibHbIX TporpaMM. [loaToMy pacrpejiesienue MOJAeTcs Ha BXOJ re-
HEPaTOPY, WU, €CJIU €0 HEeT, IPOUCXOUT aBTOMATHIECKOE PACIIPE/Ie/IEHHE, KOTOPOe CTPEMUTCS
PaABHOMEPHO pacCIpeeuTh HAIPY3KY MEXKIY Y3JIaMH, YMEHbIIas BpeMs IIPOCTOs MPOIECCOPOB.
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Puc. 1. U306pazkeHo moc/ioiHOe npecraBienue nporpaMmbl. 110 Beprukanu — gocrymabie y3ibl (0, 1, 2 ... ),
110 TOPU30HTAJIN — TIOPSAJOK BBITTOJTHEHUS CJI0€B, KOTOPHIF BHICTPANBAETCS BO BPEMSA KOHCTPYUPOBAHUA

rporpaMMbl. CXeMaTHIHO U300PAKEHBI HEPEIAYN JTAHHBIX MEXKJLY IOJICIOIME

ITporecc renepanum Koja mpoxoguT B JBa dramna. [lepswrit aTan — npeodbpasopanune VW-
[JIaHa B MOCJOHHOe TpejcTaBienne. CXeMaTHIHO JaHHOE MPeJICTABIeHNe MOYKHO HAOIIOIATH
Ha puc. 1. Cioit B JJaHHOM CJIy4ae — 9TO MHOYKECTBO HE3aBHCUMBIX OIIEpalllii, KOTOPbIE MOTYT
OBITH BBINOJHEHBI HMapaJuieabHo. [loacmoit — MHOXKeCTBO onepanuii, TpUHAIIEIKAIIHX OJHOMY
CJ0I0 W HA3HAUYEHHbIe HA OJIUH BBIUYMCJUTENLHBIN y3ea. To ecTh, cioii mpeactaBiser coboii
MHOZKECTBO IIOJICJIOEB Ollepaluii, KOTOpble He MepeceKalTCd.

ITpeobpazosanne VW-11ana B mocsoitHoe mpejcTaBjIeHne BHINOJHAETCs nTeparupHo. Ha
KazKJIOM uTepanuu IPpOUCXOJUT IIOUCK BCEX Ollepaluii, y KOTOPBIX BCE 3aBUCUMOCTHU OT IIepEeMeH-
HBIX pa3pelreHbl. 1o ecTh BXOIHBIE IepeMeHHBIe OllePAIlIi — BBIXO/IHBIE TTepeMeHHbIe OlepaITnit
HA TIPEIBIIYIINX CI04X. /Iy mepBoit nTepamnuu, He IMEIONIMH 3aBUCUMOCTel OyIyT mepeMeH-
HbIe, KOTOPbIE HMJIyT Ha BXOJ M€HEPUPYEMOil mporpamme. 3aTeM i KaxKJIOH MepeMeHHOH B
HAMICHHBIX OTEPAIMAX BBIMOJIHAETCS TPOBEPKA HA COOTBETCTBHUE y3/a. [cym y3es, Ha KoTopoM
HaXOJIUTCA IIepeMeHHasd, He COOTBETCTBYeT y3Jy, Ha KOTOPOM JOJIZKHA BBIIIOJHATLCA Ollepalud,
MPOUCXOJNT BCTABKA ONEPAINN MEPECHIIKU JAHHBIX MeXKIy MOACT0AMUA. IS mepechlIKu J1aH-
HBIX HCIOJb3YeTCs acCHHXPOHHBIH MexaHu3M. Haxomurca OamxKaitimuit cpbopMupoBaHHBIN 1MOI-
CJIOM, B KOTOPOM IIepeMEeHHas He MMEEeT 3aBUCUMOCTH OT Olepanuil, u j100aB/IsIOTCd Ollepalnu
ACUHXPOHHOH mnepechlikd. B mojcioe, riae OyAeT BLIIOJAHATHCSA ONEpalusd, J00aB/IgeTcs ole-
palys aCHHXPOHHOTO TIpueMa, repeMentoii. V3 maiijieHunrx oneparuii (popMupyeTcs Mmojicjioun,
COOTBETCTBYIONIUI Y371y, HA KOTOPOM BBITIOJIHAIOTCA omnepanuu. [loce momernenusd onepanuii B
[OJ/ICJION, BCe BBIXOJHBIC JAHHBLIC OMEYAIOTCd KaK He UMEIOIINe 3aBUCUMOCTH.

Jlucmune 1. Co3nanue cja0eB BbIYUC/ICHUN.

1: subroutine create layers
2: input:

3: ranks CZ  // MHOXKeCTBO JOCTYIHBIX PAHTOB Y3JI0B

4: X:set // MHOXKeCTBO mepeMeHHbIX

5. F:set // MuoxecTo omeparmii

6: T:set // Muoxkectso Teros (naeHTH(MUKATOPOB COOOIIEHHIA )

7. rank: F'—ranks  // ©Oyukius oroOpazkaionast Onepanuio Ha y3eJ
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10:
11:

12:
13:
14:
15:
16:
17:
18:
19:
20:

21:
22:

23:

24
25:
26:

27:
28:
29:
30:
31:

32:
33:
34:
35:

36:

37:
38:
39:
40:
41:
42:
43:

input_vars: F — P(X) // ©yukung orobparKalomast ONeParuio Ha MHOKECTBO BXO/-
HBIX [EPEMEHHBIX Ollepaliu

output_vars: F — P(X) // ®yukinus orobpazkaolias ONePaNnio Ha MHOKECTBO
BBIXOJIHBIX TIEPEMEHHBIX OIePAIHH
output:

layers: seq(map (ranks = sub_layer))  // IlocienosaresbHOCTE Cy10eB, PasOUTHIX 110
paHram
where:

sub_layer is { // crpykTypa JaHHBIX, cojiepzKaliasg WMEHOBAHHbIE MOJIS

operations C P(F), // Onepanun nojcsios

message _sends C (ranks x X x T), // Ilepegaun coobuiennii 4j18 KOHKPETHOIO y3J1a

message _receives C (ranks x X x T')  // Ilpuemst coobrmenuii /151 KOHKPETHOTO y3J1a
}
local:

computed := &

var_ranks: map (X = P(ranks)); // Panru, Ha KOTOPBIX JOCTYIHA HepeMeHHas Ha
JAHHOW nrepanuu

F_local iter: map (ranks = P(F)); // Jlokaabubie onepanun /st KazKI0ro pamra
R_local iter: map (ranks = P((ranks x X xT)));  // Jlokasibhbie coobiienus mpuema

OIS KaKJI0To paHra

layers :=[]  // Vluunumanusamus moc/Ie10BaTEILHOCTH CI0EB MyCTOH MOCIEI0BATEILHO-
CTBIO
initialize local wvariables(var ranks, F_local iter, R_local iter, X, ranks)

// Naunmanusupyer var_ranks, F_local iter u R_local iter.
// var_ranks ykasbiBaer, Ha KAKMX PaHIaX JOCTYITHA KaXK/as lepeMeHHast (M3HATATIbHO
HI HA KaKHX).
// OCHOBHOII IIMKJI TTOCTPOEHHUSI CJIOEB
while F' # @ do
// Haxoaum roToBbie omeparum: Te, JIJis KOTOPBIX BCe BXOJIHBIE EPEMEHHbBIE BBIIHCICHbI
ready ops:= {op € F' | Vz € input_ vars(op), x € computed}
// Eciu He yanoch HafiTy rOTOBBIE OIEPAIME | eIl eCTh HeoOPAbOTAHHbIE OllePAIliH,
TO PEIeHusd He CYIecTBYeT
if ready ops == @ and F # @ then
abort «HeBo3MoxkHO HaiiTH pelieHue»
end if
process ready operations(ready _ops, var_ranks, input_vars, F_local_iter,
R_local iter, layers)
// Onpenessier, Kakue mepeMeHHble HYKHO MepeiaTh MeKy y3JaMu, 9TOOBI BHITIOJI-
HUTH FOTOBbIE OIIEPAIHH.
// Hist Kaxkaoit TOTOBO# omeparuu:
// - Oupenensier, Kakue BXOJHBIE ePEMEHHBIE HEJOCTYIHBI HA TEKYIIEM DaHTe.
// - Ilnanupyer nepenaun coobiiennii (message sends B layers) ¢ npyrux y3ioB
// u mpuemsl coobmenuii (message receives B layers) ma Texymem y3ie.
// - Hobasaser onepanuio B F_local iter mjig BBIIOJHEHWsT HA TEKYIIEM y3JIe.
new_ layer := create new layer(F_local_iter,R_local_iter, ranks)
// Co3znaer HoBbiii cy10ii Ha ocHoBe F_local iter u R_local iter.
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44: // st Kazoro ysia:

45: // - Ecnu wa y3me ectb onepanuu (F_local iter|j| # @), 1o co3maercs noacuoit
(sub_ layer).

46: // dobaBiisieM HOBBIi CJIOI K TMOC/IEIOBATETLHOCTH CJIOEB

47:  layers := append(layers, new layer)

48: // O6uomisiem computed u var _ranks: ormedaeM, Kakne epeMeHHbIe ObLIH BbIYHCIEHbI

Ha KaKUX y3/ax
49: for all op € ready ops do
50:  for each y € output_vars(op) do

51: computed := computed U{y}  // Jlobasisiem BBIXOJHYIO HEPEMEHHYIO B MHOKECTBO
BBIYUCACHHBIX TTIEPEMEHHBIX

52:  j:=rank(op) // Oupenensiem paHr, Ha KOTOPOM ObljTa BBIYHCJIEHA TIEPEMEeHHAs

53:  var_ranks[y] := var_ranks[y| U {j} // loGapisgem 9T0T panr B MHOXKECTBO PANTOB,

Ha KOTOPBIX JOCTYIHA IepeMeHHas
54: end for each

55: end for all

56: // Ynansiem o6paboTaHHBIe OlEpAIi U3 MHOXKECTBa HeOOPaOOTAHHBIX OlepaIuii
57:  F:= F\ready ops

58: end while

59:  // BosBpamaem pe3ysbTar: TOCIeI0BATETLHOCTD CIOEB

60: return layers

['enepaTop napaJiieIbHBIX IPOrpaMM HamucaH Ha s3bike Python. Bwixogmbie namnbie —
ucnoaHgeMblil Koja Ha sa3bike C-++4. [lpu 3ToM mapasienn3M BHYTPH y3J1a HOIJIePKHBACTCS
onaronaps OpenMP [22], a pacnpenenennocts — MPI. s noguep:xkku omepanuii Ha GPU uc-
HOJIB3YI0TCs (bparMeHThl Koja, Hanucanubie ¢ moMornbio CUDA. Tereporennocts HEOOX01MMA
11t 3OMEKTUBHONR peaan3anny HEKOTOPHIX 3a4ad, IpUMep KOTOPOil OyIeT gajiee B SKCIEPH-
MEHTAJIbHBIX HCCJIEIOBAHULX.

Kaxkaprit nogcsioit npeicrasien B suge parallel sections (OpenMP). ITpumepsl mojcioes
MOXKHO PacCMOTPeTh B JUCTHHTE 3 H 4.

Jlucmune 2. Iloncioit cremepupoBaHHOR IPOrPpaMMbI ¢ ACHHXPOHHBIM IPHEMOM COODIIIEHUSI.
Ecm Bxomable qaHHBIE /19 ONEpaIluy MPUHUMAIOTCA aCHHXPOHHO, Mepe BHI30BOM POy Phl
Becrapystioress MPI - Wait u MbloTekcs! /1151 0JI0KHPOBKHT, YTOOBI JTOXKIATHCS IOy IeHAST JTAHHBIX.
Eciin BbIxo/iHBIE JaHHBIE OlEpPAIMU OTIIPABILAIOTCS aCUHXPOHHO, TO IOC/€ BbI30Ba, MPOIIELY Phl
BCTaBJ/ISIETCS OTMPABKA BBIXOAHBIX AaHHBIX ¢ momombio MPI ISend wa myxusrit y3en. B nan-
HoM JimcTuHre 1000 — 3TO YHUKAJbHBIN Ter, KOTOPbIil TeHepupyeTcd Jijis KaXKJI0H MepechblIKn
JaHHBIX.

1 DF sub_result_union_u_1;

3 if (rank == 0) {

4 #pragma omp parallel sections
5 {

6 omp_lock_t lock_1000;
omp_init_lock (&lock_1000) ;

~

8 MPI_Request request_1000;
9 IRecv_df (sub_result_union_1_2, 1, request_1000, 1000);
10 #pragma omp section

11 {



46 Teopemuseckas u cucmemnas UHGOPMAMUKG

12 omp_set_lock (&lock_1000) ;

13 MPI_Wait (&request_1000, MPI_STATUS_IGNORE);

14 omp_unset_lock (&lock_1000) ;

15 union_sub_result (sub_result_union_0_2, sub_result_union_1_2,
sub_result_union_u_1);

16 }

17 }

18 }

Jlucmune 3. Ilokazan nmpuMep CTPYKTYPbI IOJCIOSA, PEAJTH30BAHHOIO C HCIOJIbL30BAHUEM
OpenMP. Kazxnpiit pragma omp section mpejictapiisieT codoit He3aBUCUMYIO OIIEPAIINI0, KOTOPasd
MOZKET 6bITb BBIIIOJIHEHA IIapaJljleJIbHO Ha OJHOM Yy3Jie. BHyTpI/I Ka)K,ZLOIU/I CEKIIMH1 BbI3bIBACTCA
COOTBETCTBYIOIAdA mporeaypa (op, opl u 1. 1.), peanusyiomas oneparuo VW-miaHa.

1 if (rank == 0) {

2 #pragma omp parallel sections
3 {

4 #pragma omp section

5 {

6 op(A, B, C);

7 }

8 #pragma omp section

9 {

10 opl (A1, B1, C1);

11 }

12 ... // op2, op3, op4, opb
13 }

14}

Kaxk caemyer u3 mocTaHOBKE 3a7a4u (pa3ies 2), KJIUYeBbIM aCHeKTOM IIPEIIAraeMOoro mo/I-
X0JIa K CHUKEHHUIO MEXKMOJTYJIbHOI'O TPEHHUS ABJISIeTCS OTKa3 OT YHUBEPCAJIbHON UCIIOJTHUTE/IHbHOM
CHUCTEMBI B IOJIb3Y CIENHATU3UPOBAHHOIN CTaTHYECKOH TeHepallud Koja. B oTiudme oT Tpaau-
IMUOHHBIX CHCTEM, UCHOJIb3YIONINX HUHTEPIPETAINIO UIH JTAHAMUYECKYIO KOMIUIAIHIO, CTATH-
JeCcKuil TeHepaTop MO3BOJIsieT YCTPAHUTD XapaKTepHbIE /1 HUX runtime-HakJia/IHbIE PACXOJIbI,
0CODEHHO J1d 3a/1a4, JIOMYCKAIOIUX TOC/JI0HHOe MPe/ICTaBICHNEe BLIYUCIUTEILHOTO MPOIECCA.

Ho, kak ormMe4eHo B TOCTAHOBKE 3a/a4H, MOJ00HAs CIeINaJ n3aIins Hen30eyKHO HaKIa/ b Ba-
eT olrpejeseHHble orpanudenus. OCHOBHOE U3 HUX CBS3aHO ¢ HEOOXOJIMMOCTDBIO IIPUHSTHS BCEX
peleHuil o pacrpee/leHIu olepannii, IIAHHPOBAHMN KOMMYHHUKAIMI U CHHXPOHU3AIMHU HC-
KJIOYUTE/IBHO HA STAIE NeHEePAIMU KO/, DTO CYIIECTBEHHO CHUKAeT M PEKTUBHOCTD OIX01A
npu pabore ¢ 3aja4amu, TpeOYIONUMH JTUHAMUYECKON alanTaIliy BEIYUC/IUTEILHOIO MTPOIECcca
B X0/1¢ BhiosiHeHus. /s 3pdekTuBHOM peasn3anuu nporpamMM ¢ JUHAMUYEeCKUME CBOMCTBAME
caelyeT UCHOIb30BaTh UCIOJHUTE/IBHBIE CUCTEMbl I HHTEPIPETATOPHI, IJie obeciedeHne JuHa-
MHUYECKHX CBOHCTB HoJiee CyIecTBeHHO, YeM HaKJIaJHble pacxolbl Ha BbI30B PK.

4. DKcmepuMeHTaJIbHbIE UCCJIeaT0BaHud. /11 NpoBeIeHNs TeCTUPOBAHKS OBIIa BHIOPA-
Ha 3a/la9a MHOIOKAHAJIbHON CBepTKH celicMuyeckux curnajon. [logpobuoe onucanue 3roii 3a-
Ja9l MOYKHO HAWTH B [12]. VIpolneHHo 3a/1a4a CBOAUTCI K MHOYKECTBEHHOMY TPHUMEHEHHIO
oeicTporo mpeobpasopanus Pypre (BIID) /1 cBepTKH BXOJHBIX CHTHAJIOB C OMOPHBIM CHTHA-
JIOM.

B pamkax perraeMoii 3a71a91 OITOTOBIEHBI TECTOBBIE JaHHBIE B KoandecTBe S0 ceiicMoTpace
" OIIOPHOI'0 CUI'HaJIA. B COOTBETCTBHHU C TEXHUYECCKUMMN Tp€6OBaHI/IHMI/I7 BpeMd BBIYUCJIEHUN He
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Onrumansioe konuuectBo onepaunii na GPU u CPU
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Coornouenne onepauuii GPU n CPU

Puc. 2. TIpencrasiiennbr pe3ysibTaThl CPABHUTEIHHOTO aHAIN3A TPOU3IBOAUTEIHHOCTH TPU PABTHIHBIX
coorromenusix CPU/GPU-Bbrunciennii 1ist 3a7a49u MHOTOKAHAIBHOI CBEPTKH ceiicMUIecKuX curuasios. ITo
OCH OPJIMHAT OTJIOKEHO BPEMs BBINOJHEHUs (MC), 10 OCH abCIMCC — MPOMOPIMs PACIPEIEIeHNUs Onepanuii
vexkay CPU u GPU. UccienoBanue mpoBOINIOCH HA TPEX THUMAX IPADUIECKUX YCKOPUTEJIEH,
JIEMOHCTPUPYIONIMX PA3JIMYHbIE XaPAKTEPUCTUKU: TecTupoBanue Ha Bugeokapre MX940: MuHumaibHOE BpeMsi
nocruraerca npu 50 onepanusx Ha CPU u 0 na GPU. Ilocie 3Toro HabI04aeTCs [J1aTO U IOCIEAYOIIee
yBeJIMYeHne BpeMeHn, HadunHas ¢ coorHomenus 20/30, 9T0 yKa3blBaeT Ha OrpaHUYeHns apXuTeKTypbl MX940
B mapaJiieabHoit 06paborke 6osbioro kommaecrsa BII® wa GPU; tecrupoBanue na Bugeokapre 1660 T1:
BUJIEH PE3KMii CKAYOK BPEMEHH BBITIOJHEHUs TTocse cooTHoteHus 50/0, MpeanonoyXKUTeahHO BHI3BAHHBII
Hak/JaaaHbIMK pacxozamu Ha uaummaansanuio CUDA. Jaiee HaOba0naeTCsd CHUKEHIE BPEMEHH, C
MHUHUMAJIbHBIM 3HAYEHUEM [pu cooTHolnenuu 2/48, uro noxrsepxkuaer 3pdekTHBHOCTD reTeporeHHbIX
BBIYKMCJIEHUH JJIs 9TOM 33/1a4M Ha JAHHOW BHUJIeOKapTe; TecTupoBaHue Ha BujeokaptTe 3060 T1: Ha nanuoit
BHUIEOKAPTE YIAETCs JOOUTHCS [EI€BOr0 TOKA3ATE I BPEMEHN BBIMOJTHEHNS MEHEE OJHON CEKYHIbI.

MunnMabHOe BpeMsi BHIMOJIHEHHUsT TOCTUTAETCST IPU COOTHOIIeHnN ornepannii 10/40

JTOJIZKHO TIPEBBIATh | CeKYH/IbI HA HEOOIBIIOM KOMIBIOTEDPE, KOTOPHIH MOKHO «OpaTh B IOJIes
(HampumMep, HOYTOYKe ¢ BHJICOKAPTOif).

Kak oTmevasoch B MOCTAHOBKE 3312491 (pasjien 2), KJIUYeBbIM acleKTOM aBTOMATHYECKOTO
KOHCTPYUPOBAHUs MPOTPAMM B KOHIIETIIINY AKTHBHBIX 3HAHWH ABJIdgeTCsd yYMeHBbIIeHue HAKJIaI-
HBIX PACXOJ0B MOAYJIBHBIX 000J0UEK, BKJIIOYAS ONTUMHU3AINUIO Tepegadn Janubix Mexmay CPU
u GPU. B mannoii pabore 3T0 JOCTHraeTcsa 3a CUeT ABYX MEeXaHH3MOB:

— Hcnonb3oBanne cremuanu3upoBanabix (pparmentoB koga i GPU — B orimume ot
«OOEPTOYHBIXY PeITeHmnit.

— Ilakernas obpaborka omepanuit BII® gepes cuFFTPlan — kak obcy:kipanoch pamee,
arperanusi OJHOTHITHBIX OlepaIuii CHIZKaeT HaKIaJHble pacxonbl na waununaaun3annio CUDA u
HEePECHLIKY JTAHHbIX.
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Jlnst peanm3amnuu JaHHOW 3aJa9d HCIIOJAb30BAJICS TE€HEPATOD HapPAJIIEJbHBIX MPOIPAMM C
onepanuamu Ha CPU n GPU. Oxna omnepanug na CPU mo3BoJiger BBIYHCJIHTDL CBEPTKY OJ1-
HOU celicmuaeckoii Tpacesl. @parment koja Ha GPU ucnonb3zyer CUDA [23| mist peanusanuu
oeicTporo mpeobpasoanus @ypbe. Buictpoe npeobpazosanue Pypne (BIID) peanusoBano c¢
nomoripio oubnorekn cuFFT, npegocrapisiiornieii BbICOKOIPOU3BOANTEIbHbIE (DYHKIUN JIJIsi
obpaborku curnajios Ha GPU.

OnHa m3 0COOEHHOCTEH 3a1a9y 3aKJII0YAETCS B TOM, 9TO KaryKIbIH CeHCMUYECKUi CUTHAI
UMeeT OJIMHAKOBYIO JIJIUTEJIHHOCTD, UYTO IO3BOJIAET BBIYUCIATH HECKOJIBKO CEHCMHYECKHX CHUI-
HaJI0B B ogHOM (bparmente koga na GPU. [lig sroro ucnonb3yercs cuFFTPlan 6ubainorexkn
cuFFT.

OnrumasbHoe KoandecTBO 3amyckaembix oneparmii Ha CPU n GPU omnpegensiiocs 3kcie-
PUMEHTAIHHO. DKCIEPUMEHTHI MOKHO HAOJIIOIATh HA PUCYHKE 2.

Pesynbrarsl MOKa3bIBAIOT, YTO:

— Ha ciabeix GPU (MX940) Bbironnee ucmnoab3osatsh Toabko CPU.

— Ha momupix GPU (3060 Ti) ontumasnsio 10 CPU-onepanuii + 40 GPU-onepanuit (ykia-
apiBaercsd B 1 cex).

DTO MOATBEPKIAET TE3UC W3 MOCTAHOBKYW 3aJadn: BBHIOOp Tuma QparmMedTa Koaa
(CPU/GPU) u ux arperanus CyIeCTBEHHO BJIUSIOT HA TPOU3BOAUTEIHHOCTb.

3akgrodyeHune. B pabore paccMoTpeH MOAX0M K CHUXKEHHIO JTOJIM HAKJIAIHBIX PACXOJI0B Ha
BBI30B MOJy/Ieil B IporpaMMax, KOHCTPYHUPYEMBIX aBTOMATHYECKH Ha OCHOBE KOHIIEHIIUU aK-
TUBHBIX 3HAHUN. YMEHbIICHUE HAKIAHBIX PACXO/0B JOCTUTAETCH 3a cYeT (DOPMAILHOIO OIU-
CaHus CBOMCTB Mojysieil B popMe, JOCTYIHON /IS aBTOMATHYIECKOTO UCIOIb30BAHNS CHCTEMOIT
KOHCTPYUPOBaHUS, a TaKxKe 3a cueT obecledeHusl BO3MOXKHOCTH aBTOMAaTHYECKOI'O NpHMeHe-
HUs ONTUMH3HPYIOIIUX IPeodpa3oBaHuil, crieluduIHbIX /I KOHKPETHOR IpeIMeTHOH 0OJIacTH.
Paspaboran reneparop, obecneduBaioninii KOHCTPYUPOBaHIe BbICOKOI(MDMEKTUBHBIX TPOTPAMM
YaCTHOTO BHJA HA OCHOBE IIPejiaraeMoro moaxoaa. Ero pabora ncciegoBaHa Ha IPUMEPe IpaK-
THYECKON 33/1a91 MHOIOKAQHAJIBHOU CBEPTKH CefiCMUYECKIX CUTHAJIOB, IJie IPOAEeMOHCTPHPOBAHO
BBICOKOE€ Ka4eCTBO CKOHCTPYHPOBAHHOI'O KOJIA.

JlanbHeiinee pa3BUTHE IOJXO0JA IOAPA3YMEBAET €ro IIPUMEHEHHe K PeIIeHUuIo JIPYTIHX
KJIACCOB 3aJ1a4, YTO MOTpedyeT pa3BHTHUSA MATEeMAaTHUECKOTO alllapaTa ONUCAHUS MOIYJIeil u
UX CYHIECTBEHHbIX (DYHKIMOHAJIbHBIX M HEe(YHKIMOHAJIBHBIX CBOMCTB, a TakzxkKe pa3paboTKu
AJTOPUTMOB, CITEITUMUIHBIX /IS PA3JUYHBIX ITPEIMETHBIX 001acTeil.
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Today, classification of skin diseases based on automated systems by analyzing medical images taken
from the affected skin surface is one of the important methods to be studied. Skin diseases are one of
the global health problems that is increasing year by year and endangering the lives of many people.
Early detection of this disease is crucial in preventing its progression and its consequences. Currently,
many studies are being conducted to detect skin diseases at early stages and several solutions are being
proposed. In particular, classification of skin diseases based on medical images using intelligent systems
is one of the best solutions proposed by researchers. In this research work, the methods, models and
algorithms for automatic classification of skin diseases based on computer-aided machine learning (ML)
and deep learning (DL) algorithms were analyzed. Also, methods for pre-processing medical images
were studied to ensure fast and accurate performance of ML and DL models. As a result of the analysis,
comparative tables were developed for further research work to compare the results of previous studies
and the accuracy of the models proposed in them. The main goal of the study is to fill the research gap
in the application of ML and DL models in skin disease classification. This study will help researchers
find better solutions for classifying skin diseases, identify existing problems and recent achievements
in the classification.

Key words: Skin diseases, Medical images, Image preprocessing, Segmentation, Classification,
Machine learning, Deep learning.
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B macrosiiee BpeMsi 0JJHUM U3 BaXKHEHIUX METO0B, TPEOYIONUX U3yUeHUs, IBISeTCS KJaccudu-
Karus KOXKHBIX 3300/ieBaHWil HA OCHOBE aBTOMATHU3WPOBAHHBIX CUCTEM, PA0OTAONINX C MEIAIIH-
CKUMU M300paKEHUSIMU, ITOJYIEHHBIMU C TIOBEPXHOCTH TIOpPaXKeHHO KoxKu. KoxkHble 3a00/1eBaHus
HPEACTABIIOT o000 ra00adbHyI0 TPO0JIEMY 31PABOOXPAHEHUS: X PACIPOCTPAHEHHOCTD E€XKEI0THO
VBEJIUYIUBAETCS, CO3TaBasd CEPHE3HYI0 YIPO3y KU3HU U 30POBHI0 MUJLINOHOB Jitojei. Pamusas mmna-
THOCTUKA UTPAET KJUEBYIO POJIb B MPEIOTBPAIICHUN TTPOTPECCUPOBAHUS OOJIE3HN U €€ 0CJIOXKHE-
uwmii. CerojiHst BejgeTcst 0OJIBINOE KOJUYIECTBO UCCASIOBAHNN, HATTPABIEHHBIX HA BBISIBJIEHIE KOKHBIX
3aboJieBaHUil HA HAYAJBHBIX CTAJUSX, W TIPEJIAralnTcd pa3indnble penenus. OauumM n3 nHanbosiee
MEPCIEKTUBHBIX MTOIX00B, TPEIOKEHHBIX YIeHBIMI, IBJISETCS UCIO/Ib30BAHIE MHTEJIEKTYATbHBIX
CHCTEeM I/ KJIACCHPUKAINN 3300JeBaHNI 10 MEIUIIMHCKIM n300pakenuaM. B manmo#t pabore ObI-
JIW TTPOAHAIU3UPOBAHBI METO/IBI, MOIEIN W AJTOPUTMBI ABTOMATUYIECKOM KIACCUMUKATTNN KOXKHBIX
3abosreBannil Ha 0CcHOBe MarmHHOTO 06y4enus (ML) u ray6okoro obyaernns (DL). Takzke 6b1mn n3y-
YEHBI METO/IBI IIPEIBAPUTE/IHLHON 00PabOTKN MEIUIMHCKUX W300PAXKEHMIT, TO3BOJISAIONINE TOBBICUTD
TOYHOCTb U CKOPOCTb paboTel Mojiesieii. B xoie aHa/m3a comocTaBieHbl PE3YIbTaThl PEJIbIYIINX
WCCJIEIOBAHNIN U OIEHEHA, TOYHOCTD IPE/JIOXKEHHBIX B HUX MOJIEJIel, a TAKKE 10/II0TOB/IEHBI CDABHU-
TeJbHBIE TAOIUIBI I WCIO/IB30BAHNA B OyayImx HaydHbiX paborax. Ienn mcciemoBanus — BOC-
TMOJTHUTE CYIeCTBYOIHit mpoben B obyactu mpumenenuss ML u DL ja1a k1accudukannm KOKHBIX
zaboesanuti. [losyaentbie BHIBOIABI IOMOTYT UCCIEI0OBATENAM PaspadaTeiBaTh Oosiee ahpekTuBHBIE
PEITeHNsT, BBIABIATE TEKYIIHe Mpob/IeMbl U YIUTHIBATH HOBEUIINE JOCTUIKEHUS B JaHHOU cdepe.

Kurouesbie cioBa: xo:kHbIe 3a001eBaHNs, MEIUITUHCKAE N300parkKeHNs, IpeIBapuTeabHas 06-
paborka m300parkennit, cerMeHTaId, KJIacCu(OuKaIs, MAIUAHOe 00ydeHue, raybokoe obydenwue.

Introduction. Worldwide, skin diseases account for 1.79 % of the global burden of all
other types of disease. According to the American Academy of Dermatology, 1 in 4 people in
the United States have a skin disease [1]. The most common and dangerous types of skin diseases
are eczema, melanoma, psoriasis, squamous cell carcinoma, basal cell carcinoma, etc. [2]. Today,
modern intelligent systems have emerged as a promising approach to develop automated and
objective computer-based classification models for skin diseases. Accurate classification of skin
diseases using automated systems is a very important task. Because it directly affects human
life. Therefore, even a small uncertainty can put the lives of patients at risk. Therefore, over
the past few decades, researchers have been working on developing methods to automatically
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diagnose various forms of skin diseases by applying machine learning and deep learning methods
and improving their accuracy.

The purpose of this study is to review ML and DL methods that can be used for computer-
aided diagnosis of skin diseases, as well as to analyze previous and current studies on the
classification of skin diseases. The relevance of the research work is to analyze the methods
of correctly selecting artificial intelligence models and adjusting their parameters in the
classification of skin diseases, as well as the application of pre-processing techniques to medical
images. Since these methods are used to perform initial assessments of the most suspicious skin
lesions. The study analyzed the quality of evidence, the usefulness of algorithms, the different
types of skin diseases for which artificial intelligence is used, the impact on primary care, and
the possibilities of using computers.

The main focus of intelligent systems for detecting skin diseases using skin surface images
is to extract the characteristics of these diseases. Knowing the specific characteristics of each
disease and its location on the skin surface is a key step in classifying the disease. Table 1 below
lists some common skin diseases and their characteristics.

Analyzing skin diseases based on medical images, it is necessary to extract the specific
features of skin diseases. Dermatological diseases, unlike internal diseases, usually manifest
externally, therefore, a deep understanding of visual signs and subtle differences in skin texture,
color, and pattern is required [10]. Capturing and analyzing these complex visual features is
essential to ensure accurate and reliable classification of skin diseases. By applying medical
image processing technologies based on ML and DL algorithms, scientists are developing
approaches to diagnose skin lesions with complex features. These approaches are expected
to lead to better classification of skin diseases, more accurate diagnosis of patients, and more
effective global health care [11]|. The organization of this research work is as follows (Figure 1):
Section 2 presents a literature review; Section 3 discusses the general methodology of ML and
DL approaches in skin disease diagnosis; Section 4 presents the research results; and Section 5
presents the research conclusions.

I. Literature review. Today, ML and DL have emerged as promising approaches to
develop automated and objective classification models for skin diseases using computers. The
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Table 1
Common skin diseases and their characteristics
Skin Type Location
disease of Characteristics on the
appearance disease body

Eczema It is the most common chronic | Eczema is most
inflammatory skin disease, affecting | common on  the
15-30 % of children and 2-10 % of adults | elbows, backs of the
worldwide [3|. In people with fair skin, | knees, mneck, and
eczema rashes may appear pink, red, or | face.
purple. If the skin is darker, the eczema
rash may be purple, brown, or gray.

Psoriasis It is a common chronic immune- | It can involve the
mediated inflammatory skin disease, | palms and  soles
affecting approximately 2-3 % of the | of the human
general population worldwide [4]. The | body, the scalp,
disease presents as a silvery, red, scaly | and the nails. The
rash. disease most often

manifests itself in a
sharply demarcated
appearance on the
flexural surfaces of
the elbows and knees
and in the lumbar
region [5].

Lupus The incidence of lupus is 241 per 100,000 | Any part of the body

Erythema- adults in the United States and 210 per

tosus 100,000 in Spain [6, 7].

Basal ~ Cell | Basal cell carcinoma (BCC) can appear | It is usually found on

Carcinoma on the skin as a flesh-colored, pearly lump | the skin of the face,

(BCC) or a pinkish spot. It often appears as a | neck, and ear areas.
shiny, pearly, or clear bump or nodule
that is pink, red, or white [8].

Squamous A hard bump on the skin called a nodule. | It is usually found on

Cell The nodule may be the same color as the | the skin of the face,

Carcinoma skin or may look different. Depending on | neck, and ear areas.

(SCC) the skin color, it may appear as a flat sore
with a crust that is pink, red, black, or
brown [9].

Melanoma It often develops within the skin or may | Among men,
appear suddenly as a new, dark spot | melanoma  usually
on the skin. The spot is asymmetrical, | develops on  the
meaning that the two sides do not match, | upper body,

and the borders of the spot may be
uneven or defined. The spot may be of
several colors, including brown, black,
red, blue, or white [9].

especially the upper
back, while among
women, melanoma
most often appears
on the legs.
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high accuracy of ML and DL techniques in classifying skin diseases has led to their increased
application. This section reviews the studies conducted by researchers in the field of diagnosing
some common skin diseases using DL and ML models.

Several studies have proposed the use of ML algorithms for eczema detection. In particular,
in the article “A method for automatic eczema disease classification using supervised learning”
by researchers Nisar H., Ch’ng Y. K., Ho Y. K., supervised learning ML algorithms for eczema
classification using Support Vector Machine (SVM), Naive Bayesian Classifier (NBC) and K-
Nearest Neighbor (KNN) algorithms were presented [12]. The researchers initially performed
image preprocessing methods on the acquired images to improve image quality and performed
image segmentation. The features obtained from the training images were ranked using Fisher
score, standard deviation, T-statistic score and correlation coefficient to extract the most
important features. In this, the researchers used features such as color, size, intensity and
texture to train the model. As a result of the classification, the SVM classifier shows the best
segmentation result with an accuracy of 84.43 %, while the accuracy of NBC and KNN is
82.77 % and 83.53 %, respectively.

Researchers such as M. Jagdish, SP Gualan Guamangate, MAG Lopez, JA De La
Cruz-Vargas, MER Camacho have conducted research on skin disease classification using
ML algorithms [13]. They developed skin disease detection models using image processing
techniques. To classify skin diseases, 50 image samples were taken from the skin surface and
pre-processed using wavelet analysis. Using the pre-processed sample images for classification,
they used fuzzy clustering methods with KNN and SVM ML algorithms. They achieved 91.2 %
classification accuracy using the KNN classification algorithm. According to the results of the
study, when the KNN algorithm was compared with the SVM technique, it was found that the
KNN algorithm performed better. Scientists identified the types of skin diseases using these
classification methods. However, they only used 50 sample images, which included basal and
squamous cell carcinoma diseases.

Using images of skin surfaces affected by diseases such as melanoma, psoriasis, and acne,
researchers S. A. AlDera, M. T.B. Othman presented a model for diagnosing skin diseases [14].
The researchers used a dataset of 377 images of 4 different disease classes in this work. During
the pre-processing stage, the image samples obtained were resized to 250*%250 and the median
method was used to reduce noise in the images. Then, the color images were converted to
a grayscale model for segmentation and extraction tasks and the Otsu method was used for
segmentation. In this work, features were extracted using Entropy, Gabor, and Sobel methods to
extract image texture features. Finally, after the features were extracted, a model was developed
based on ML algorithms SVM, Random Forest (RF'), and K-Nearest Neighbors (KNN) classifiers
for disease classification. The results of the proposed model show that SVM achieved 90.7 %
accuracy, while RF and KNN achieved 84.2 % and 67.1 %, respectively. As a result, the SVM
classifier achieved better accuracy than other ML algorithms. The model proposed by the
researchers can only achieve high accuracy when using a larger dataset of images.

Researcher Mustafa Qais Hatem developed an algorithm to classify skin diseases as
dangerous or safe using their lesions [15]. He used a KNN algorithm to classify skin lesions
according to their severity. The proposed system used dermoscopic images as a dataset. In the
initial stage, morphological “closure” was used to improve image clarity, facilitate skin lesion
segmentation, and filter the shape and structure of the image. Both traditional and adaptive
thresholding methods were used to segment skin lesions. Then, segmented dermoscopic lesions
were used to extract disease features. Lesion parameters were determined using mathematical
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formulas such as the mean value. The system proposed by the researcher achieved 98 % accuracy
using a KNN classifier for only two classes (dangerous or safe).

Jonathan Souza, Tiago Mota de Oliveira, Claudemir Casa, and Andre Roberto Ortoncelli
[16] researchers conducted a study on the early detection of lupus skin disease from images
and proposed an automatic lupus detection approach. The study used 905 lupus images as an
experimental database. In the preprocessing stage, all images in the database were resized to
a standard size of 224x224 and new images were created to increase the data. This approach
combines a clustering strategy and a Transfer Learning-based lupus detection method. The
experiments were conducted with eight pretrained models of the CNN architecture, and the
highest accuracy of 96 % was achieved with the Densenet-121 model. The main difficulty in
this work is the lack of a large database of lupus images.

Researchers such as Samir Bandyopadhyay, Payal Bose, Amiya Bhaumik, Sandeep Poddar
[17] developed a hybrid algorithm for detecting 9 different skin diseases based on experience.
In this project, about 40 thousand skin surface images were collected from the ISIC repository
to detect skin diseases. Pre-processing steps such as removing noise from the images, adjusting
their brightness and contrast levels, and adjusting the sharpness level to enhance the edges of
the dark level were performed on the images. To carry out this study, DL algorithms such as
Googlenet, Resnet50, Alexnet, and VGG16 were used to extract lesion features from the skin
surface, and Decision Tree (DT), Multi-Class Support Vector Machine, and AdaBoost Ensemble
ML models were used as classification models. As a result of this study, the researchers proposed
a hybrid model of ML, and DL models. According to the proposed model, 4 DL models were
combined with ML classifiers to extract features from the training data, and a full comparative
analysis was conducted. As a result, it was found that the Resnet50 hybrid model with SVM
gave the best results for classifying skin diseases with an accuracy rate of 99 %.

Researchers Laura K Ferris, Jean A Harkes, Benjamin Gilbert, Daniel G Winger, Ksenia
Golubets, Oleg Akilov, Mahadev Satyanarayanan used the DT classifier in their article
“Computer-aided classification of melanocytic lesions using dermoscopic images” in order to
assess the severity of skin lesions using dermoscopic images and evaluated the performance of
the classifier [18]. The researchers calculated severity scores for 173 dermoscopic images of skin
lesions with known histological diagnosis. A cutoff score was used to measure the sensitivity
and specificity of the classifier. The study found that the classifier had a sensitivity of 97.4 %
for melanoma. The limitations of this study are that the image dataset was small and that it
was retrospective, using available images selected by a dermatologist for biopsy.

The literature review revealed the following significant limitations and research gaps in the
studies. In particular, the limited datasets for ML and DL-based skin disease classification and
the lack of a complete system for preprocessing methods for medical images. For the effective
performance of ML and DL models, image normalization, preprocessing, data augmentation,
and their balance are important processes. Also, many studies have relied solely on the accuracy
index to evaluate the performance of the model. Although accuracy is a crucial indicator,
additional criteria including sensitivity, specificity, precision, and F1 score can provide a
more comprehensive assessment of the model’s performance. In addition, in some studies, the
proposed models only achieved good results on a specific database. The fact that the accuracy
of the model is not general in the detection of skin diseases limits the scope of the study.

II. Methodology. According to the results of the researches and the literature review,
researchers mainly used the following five main steps in computer-aided diagnosis of skin
diseases: image acquisition, pre-processing, segmentation, feature extraction, and classification.
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Fig. 2. Process step flow architecture for skin disease classification

The most important steps in computer-aided diagnosis of skin diseases are segmentation
and classification. The process flow architecture and common methodology for detecting and
classifying skin diseases using image datasets using ML and DL techniques are illustrated in
the following figure (Figure 2).

2.1. Image pre-processing. Medical image processing technologies play an important
role in medicine for dermatological diagnostics and research. The process of processing medical
images includes many methods to improve their quality and facilitate analysis. Pre-processing
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of medical images obtained from the skin surface is an important step to remove noise from
the image and improve image quality. The main goal of this step is to improve the quality of
skin disease images by removing unnecessary and irrelevant parts of the image. A good choice
of processing technique can significantly improve the accuracy. The following is an analysis of
pre-processing methods for acquired medical images.

Image Resizing. Image resizing refers to the process of changing the dimensions (width and
height) of a captured digital image. The main goal of image resizing is to reduce or increase the
size while preserving as much image detail and clarity as possible. There are several methods
for resizing images, each with different approaches to preserving quality, sharpness, and image
detail.

Normalization. Image normalization is an important process in machine learning and is the
process of adapting images to certain standards in order to reduce errors in model performance.
In this case, before entering images into the model, their pixel values are brought to a certain
range. This range is usually from 0 to 255 for images with an 8-bit depth, where 0 represents
black and 255 represents white. Normalization is performed to improve the contrast of the image
or to standardize pixel values for further processing. As a result, the model is able to read the
received data more stably and faster. At the same time, errors that occur during calculation
are prevented. The following methods of image normalization are widely used in practice.

1. Min-Max normalization. In this method, the largest and smallest pixel values of the image
are found and adjusted to a certain range. The general formula for normalizing images in the
range |0; 1] is as follows:

Pixelvalue - Minvalue

Normalized,ge = : (1)
Maxvalue - Mlnvalue

To normalize images in the range |-1; 1], the above formula is modified as follows:

, Pixel,gime — Minyg
Normalized,gpe = 2 * vae | (2)
Mamvalue - Mlnvalue

Here,

1) Pixelyque— the original pixel value in the image.

2) Minygue — the minimum pixel value (or normalized range) in the image.

3) Max,que— the maximum pixel value (or normalized range) in the image.

2. Z-score normalization. This normalization method assumes a Gaussian distribution of the
data and transforms the features to a mean (u) of 0 and a standard deviation (o) of 1. The
formula for Z-score normalization is:

. Pixelvalue — M
Normalized,giye = ———————

(3)

Here, Pixel,q.. — the original pixel value in the image, ¢ — the mean value in the image,
o — standard deviation in the image.

This method is particularly useful when working with algorithms that assume normally
distributed data, such as many linear models. Unlike the min-max scaling technique, this
standardization technique is not limited to a specific range. This normalization technique mainly
represents features in terms of the number of standard deviations away from the mean [19].

3. Mean normalization. In the mean normalization method, the pixel values of an image are
adjusted to zero by adjusting them to the mean value of the data set. This ensures a balanced
distribution of the image data.

o
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Pixelvalue — K

(4)

Normalized,ygpue = :
Mazvalue - Mlnvalue

Here, Pixel,qu. — the original pixel value in the image, ; — the mean value in the image,
Minygue — the minimum pixel value (or normalized range) in the image, Max,,.— the
maximum pixel value (or normalized range) in the image.

4. Decimal Scaling. Decimal scaling is a method of scaling image data by reducing a set of
image data with a constant high intensity value to smaller manageable values. This method
simplifies large pixel values by dividing them by powers of 10. This is an efficient way to scale
data without complex calculations [20].

Pixelyarue

107 (5)

Normalized,qe =
Here,

1)Pizxel yqpue — the original pixel value in the image.

2) The scale factor j is the smallest integer, and it is defined as follows:: 107 > |I,,,44]

5. L2 Normalization. The L2 normalization method is also known as Fuclidean
normalization. The L2 norm (Euclidean norm) of pixel intensity is a method of scaling image
data so that it is equal to 1. This method is commonly used in machine learning, deep learning,
and image processing to normalize image features. The L2 normalization for pixel intensity is
performed as follows:

P. Z'UCL ue
Normalizedygue = % (6)
2

Here,
1) Pixelyge — the original pixel value in the image.

2) |||, is the L2 norm of the pixel intensity and it is defined as: ||I]|, = /> N, I2

Noise reduction. Noise in medical images can hinder the interpretation of medical scans and
lead to misdiagnosis. Therefore, noise reduction in medical images is a very important task.
The quality of medical images such as CT, MRI, X-ray, endoscopic images, and dermatological
images is crucial for accurate diagnosis and treatment. Noise reduction methods should ensure
the preservation of important details such as anatomical structures or pathological features,
while eliminating distortions in the image that enter the model. The goal of image noise
reduction is not only to remove noise, but also to preserve clinical details. The main requirements
for image denoising [21]:

- Smooth areas should remain smooth.

- Protect image boundaries (prevent blurring).

- Preserve texture information.

- Preserve overall contrast.

- Prevent new artifacts from appearing.

Noise reduction methods are classified as follows, based on the noise reduction approaches
[22]:

1) Filtering method;

2) domain method;
3) Statistical method;
4) Machine Learning (ML) methods.
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EDGE DETECTION METHODS
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Fig.3. Edge detection methods

Edge detection. Edge detection is a basic image processing technique that is used to detect
and locate the boundaries or contours of objects in an image. This technique is used to detect
discontinuities in brightness intensity in an image and extract the contours of objects in the
image. The boundaries of any object in an image are usually defined as regions where the
brightness intensity changes sharply. The main goal of edge detection is to distinguish these
regions [23]. There are various methods for edge detection, which are illustrated in Figure 3
below:

Contrast enhancement. Contrast enhancement improves the visibility of objects in an image.
This process is accomplished by increasing the difference in brightness between image objects
and their background.

Contrast enhancement is typically done in two steps: 1) Contrast stretch: This method
improves brightness differences evenly across the entire brightness range of the image.

2) Tonal enhancement: This step increases the brightness differences in specific areas of the
image (shadow (dark), midtone (gray), or highlight (light) parts) at the expense of brightness
differences in other areas.

Contrast enhancement makes objects in an image stand out more clearly and makes them
more visible. The following table lists several techniques and methods for image contrast
enhancement (Table 2).

Binarization. The main purpose of image binarization is to clearly and efficiently extract
important information from complex medical images, which is an important factor in speeding
up the diagnostic and analysis processes and increasing the accuracy of the results. It is also
a medical image processing technique used to convert grayscale or color images into binary
images. Binary images have only two pixel values: 0 (black) and 1 (white). This technique is
widely used to highlight important features in an image, segment specific regions, or simplify
medical image analysis.

Color normalization. Color normalization is the process of averaging the color changes from
one image to another. There are many different normalization algorithms, including histogram
specification, Reinhardt’s method, Macenko’s method, spot color descriptor (SCD), full color
normalization, structure-preserving color normalization (SPCN), and many others [24].

Morphological operations are techniques used in image processing that focuses on the
structure and shape of image components. These techniques process images based on their
shapes and are mainly used in binary images, but they can also be used for grayscale images.
The basic idea is to use structural elements to analyze an image and modify pixel values based
on the spatial location and shape of a structural element. Erosion, expansion, opening, closing,
and other important morphological processes serve various purposes in image enhancement
and evaluation [25]. The modification and analysis of shapes and structures within images
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Table 2

Contrast enhancement techniques and methods

Histogram
Equalization

Linear Contrast
Stretching

Image Contrast
Enhancement
Techniques and
Methods

Gamma Correction

Piecewise Linear
Contrast Stretching

Logarithmic and
Exponential
Transformations

Unsharp Masking

Retinex Theory

Global Histogram
Equalization (GHE)

Adaptive Histogram
Equalization (AHE)

Contrast Limited
Adaptive Histogram
Equalization (CLAHE)

Min-Max Stretching

Mean and Standard
Deviation Stretching

Power-Law
Transformations

Contrast Stretching
with Multiple
Breakpoints

Log Transformation

Exponential
Transformation

Single Scale Retinex
(SSR) and Multi-Scale
Retinex (MSR)

This method spreads out the intensity values of an
image’s histogram to utilize the full range of possible
values, enhancing the overall contrast.

This variant improves local contrast and brings out
more detail by applying histogram equalization to
smaller regions within the image.

This method is designed to overcome noise
amplification issues in AHE by limiting the contrast
enhancement in homogeneous areas.

Involves transforming the intensity values to cover
the full range available, usually from 0 to 255 in an
8-bit image.

Adjusts image contrast based on the mean and
standard deviation of pixel intensities, ensuring a
balanced distribution around the mean value.
Utilizes a parameter called gamma to correct the
brightness level. Gamma <1 enhances images with
dark regions, while gamma >1 enhances images with
light regions.

Divides the intensity range into segments and applies
different linear transformations to each. This allows
more nuanced adjustments to different parts of the
image.

Useful for enhancing details in the darker regions of
an image.

Helps enhance bright areas by applying exponential
scaling.

Enhances contrast by increasing the brightness
difference around edges. This method sharpens the
image and makes details more prominent.

Aims to mimic human visual perception by
enhancing both global and local contrast in varied
illumination conditions.

is accomplished using morphological analysis, a powerful tool in image processing. These
techniques are useful in a variety of applications, including pattern recognition, computer vision,
and medical imaging, as they can be used to enhance image features, remove noise, and identify
existing patterns.

2.2. Segmentation. Image segmentation is a computer vision technique that aims to
simplify and analyze digital images by dividing them into groups of pixels. Segmentation is the
process of dividing or separating any digital image into multiple parts (segments). The goal of
image segmentation is to present it in the simplest possible form and make it highly informative
for analysis. There are several methods for image segmentation, with edge segmentation being
one of the simplest and most effective. In this method, the pixels of the image are separated
according to the contrast of the image, mainly based on intensity, and then a specific area of
the image is divided into segments based on the application.

Today to achieve image segmentation, traditional and deep learning methods, as shown
above (Figure 4), are used widely. These methods also include several methods in their place.
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Fig. 4. Image segmentation methods [26]

Taking into account the complexity of the problem and the characteristics of the image, one of
the appropriate methods is selected and image segmentation is achieved.

2.3. Feature extraction. After the segmentation step, feature extraction is the next
major step, which is the input to neural classifiers. Data cannot be directly fed to a neural
classifier for classification, only the extracted features are given as input. Feature extraction
and feature selection are very laborious tasks that require a lot of time, effort, and human
resources. Selecting the right features is very important because the performance of an ML
classifier depends on the features. There are many feature extraction methods that can be used
before feeding the dataset to an ML classifier for the classification task. These include stationary
features, morphological features, wavelet-based features, color-based features, local and global
features, and others. The most commonly used feature extraction methods for skin disease
detection task are texture-based features, gray-level co-occurrence matrix (GLCM), asymmetry,
boundary, color, and diameter (ABCD) rule-based features, principal component analysis
(PCA) features, and geometric features. However, most researchers have used a combination of
several features to achieve good classifier performance.

Feature extraction is the most important task in the classification task using ML classifier.
However, this step is not important for DL-based classifier because DL classifiers extract features
automatically. However, several researchers have used feature extraction techniques to further
improve DL-based classifiers in the detection of various skin diseases. Some researchers have
achieved good results in the classification of skin diseases using DL techniques without using
any feature extraction methods.

2.4. Classification. ML-based classification has been proven to be one of the best methods
for skin disease detection. Many researchers have identified skin disease types using ML-based
classifiers, but various types of preprocessing, segmentation, and feature extraction methods
are used in the pre-classification process. The research results show that many researchers
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have achieved even better accuracy using ML classifiers for skin disease classification than DL
classifiers. The most effective and commonly used ML classifiers for skin disease detection are
Support Vector Machine (SVM), Random Forest (RF), SVM with Radial basis kernel (SVM-
RBF), Adaptive Artificial Neural Network (AANN), Radial Basis Function Neural Network
(RBFNN), Ensemble Classifier (EC), Decision Tree (DT), K-Nearest Neighbor (KNN), etc
[44].

DL is a highly trainable method that does not require any input features. Deep learning
models are preferred for skin disease detection tasks, especially for detecting skin diseases from
large datasets of images. The use of DL models has increased significantly in recent decades,
especially for object detection and segmentation tasks. The most commonly used DL models
for skin disease detection and classification tasks are Convolutional neural networks (CNN),
Deep convolutional neural networks (Deep CNN), Long short term memory networks (LSTM),
AlexNet, Residual Network (ResNet), UNet, VGG, Explainable Artificial Intelligence (EAI),
EfcientNetB1, ShufeNet [45].

ITI. Comparative analysis of results. The literature review and the studies conducted
suggest that integrating ML and DL approaches for classifying skin diseases into dermatological
practice will allow for early detection and treatment of diseases. Tables 3—4 below provide a
comprehensive comparative analysis of the methods based on ML and DL algorithms proposed
by researchers for classifying skin diseases. The tables analyze 20 studies with important
parameters such as the type of disease, pre-processing methods for medical images, optimal
classification methods, used database, number of data, percentage of highest scores (accuracy),
and similar parameters.

Table 3 it can be observed the some types of skin diseases detection based on ML algorithms
have been studied from the recently published peer review articles. According to the table, the
authors in [30] used Extreme Learning Machine (ELM) classifer as the machine learning model
for the detection of melanoma from 10015 numbers of skin images to produce 97.68 % accuracy.
CAM integration was used in Spatial-autoencoder and FFT-autoencoder to effectively filter
out noise and extract the most important features in the spatial and frequency domains. The
ELM classifier is employed after feature extraction, for the subsequent classification. Authors
in [29] also achieved 97.8 % accuracy for the detection of types of skin cancer like BCC, SCC
and melanoma using Support Machine Learnig (SVM) as ML classifer. The Low accuracy %
reported by among all types of skin diseases detection technique is 67 % for acne detection. For
acne detection, the lowest accuracy reported is 67 % using Logistic Regression classifer and the
authors in [32] utilized 3000 skin image dataset.

So, based on the state-of-art analysis Table 3, it was observed that the highest accuracy
of classifcation for the skin diseases detection was achieved of 97.8 % by three diferent types
of skin cancers, BCC, SCC, melanoma. Where all these have used diferent types of ML based
classifer, diferent types of dataset and diferent types features extraction techniques during the
detection process.

All the studied literature on the detection of skin diseases was analyzed using the methods
considered in the above tables. According to it, researchers M. Vidya, Maya V. Karki achieved
high results in the diagnosis of skin cancer based on ML classifiers using 1000 image samples. The
study used the Geodesic Active Contour (GAC) image preprocessing method. The evaluation
indicators are high in all respects, and the accuracy of the SVM classifier is 97.8 %.

In DL-based approaches, researchers Himanshu K. Gajera et al. developed the DenseNet-
121 with multi-layer perceptron (MLP) model for melanoma classification and achieved the



A. Bo6ozxonos, JI. Xypamos, A. Pawudos

67

Table 3
Classification of skin diseases using ML algorithms
Re-
Sn | Type of skin | Preprocessing | Dataset Data| Trainfngest | Algorithm Metrics feren{ Year
diseases sampleslata | data ces
1 BCC, SCC, | Automatic ISIC 2019 | 25331 80% | 20% | SVM KNN | Accuracy = | [27] 2022
melanoma Grabcut challenge DT 95 % 94 %
Segmentation, | dataset 93 %
digital hair
removal
(DHR),
Gaussian
filtering
2 | Melanoma Gaussian ISIC 2019 | 25000 70 % | 30 % | Multi-class Accuracy= [28] | 2020
filter va | challenge Support 96.25 %,
median filter, | dataset Vector precision=
k means Machine 96.32 %
clustering (MSVM)
3 | Acne, cherry | Otsu’s, for | Private data 377 | 80% | 20% | SVM  KNN | Accuracy= [10] | 2022
angioma, extracting RF 90.7 % 84.2 %
melanoma, features 67.1 %
psoriasis Gabor,
Entropy,
and Sobel
4 | BCC, SCC, | Geodesic International | 1000 | - - SVM  KNN | Accuracy= [29] | 2020
melanoma Active Skin Imaging Naive Bayes 97.8 %
Contour Collaboration
(GAC) (ISIC)
5 | Melanoma Dual- HAM10000 10015 80 % | 20 % | Extreme Accuracy= [30] | 2024
autoencoder Learning 97.66 %,
Machine precision=
(ELM) 97.68 %
6 | BCC Pre-trained ISBI 2016 1952 | 85% | 15%| SVM Accuracy= [31] | 2023
CNN 88.02 %
7 | Acne - Private data 3000 | 80 % | 20 % | Logistic Accuracy= [32] | 2019
Regression 67 %
8 | eczema, Segmentation | Dermls 1800 | - - SVM, Accuracy— [33] | 2019
psoriasis, DermQuest Quadratic 94.74 %
DermNZ SVM
9 | Melanoma ABCD rule PH2 200 | 80% | 20% | ANN  SVM | Accuracy= [34] | 2017
KNN DT 92.50 %
89.50 %
82.00 %
90.00 %
10 | Lupus LASSO Private data 136 | 70 % | 30 % | Xgboost Accuracy= [35] | 2023
Erythematosus | dimensionality 82 %
reduction

highest accuracy acc 98 %. The study used the PH2 dataset as a database. Preprocessing of
medical images was performed using methods such as ABCD, Boundary Localization, Image
Resize and Normalization.

Conclusion. This research paper analyzes approaches based on ML and DL technologies
for early detection and classification of skin diseases based on medical images. The study
focuses on common and dangerous types of skin diseases. Different ML and DL architectures
used for classification of skin diseases are discussed, and the processes leading up to the
classification stage, that is, pre-processing methods for medical images, are studied. As a
conclusion of the study, it is possible to create complex models that can analyze dermatological
images with a high level of accuracy using ML and DL algorithms based on image analysis.
These models are expected to support dermatologists with their ability to classify various
changes in the skin with high accuracy and identify dangerous skin diseases. The use of



68

Hpuraadnvie uHBOPMAUUOHHBIE METHOAOLUL

Table 4
Classification of skin diseases using DL algorithms
Re-
Sn | Type of skin | Preprocessing | Dataset Data | Trainjngest | Algorithm Metrics feren{ Year
diseases samplegs data | data ces
1 | Melanoma data HAM10000 10000 | 85 % | 15 % | MobileNet Accuracy = | [36] | 2021
augmentation V2 with the | 84.12 %
techniques LSTM
2 | BCC data HAM10000 10000 | 85 % | 15 % | MobileNet Accuracy = | [36] | 2021
augmentation V2 with the | 96.63 %
techniques LSTM
3 psoriasis Resizing, Private data 813 80 % | 20 % | ResNet50V2, Accuracy= [37] | 2024
normalisation ResNet101V2, | 91.41 %
ResNet152V2 89.63 %
90.24 %
4 | psoriasis Resizing, Private data 813 80 % | 20% | CNN Accuracy= [37] | 2024
normalisation Ensemble 93.29 %
Model
5 | Lupus - The National | 330 70 % | 30 % | attention- Accuracy= [38] | 2024
Centre for based CNN, | 95 % 92 %
Biotechnology Stacked  Bi-
(NCBI) LSTM
6 | Eczema, Resizing Xiangya- 150223| - - Convolutional | Accuracy— [39] | 2023
Melanoma, Derm Neural 87.42 %
psoriasis, Network
(CNN)
7 | melanoma ABCD, PH2 200 70 % | 30 % | DenseNet- Accuracy= [40] | 2023
Boundary 121 with | 98 %
Localization, multi-layer
Image perceptron
Resize  and (MLP)
Normalization
8 | SCC, - ISIC dataset 57536 | 80 % | 20 % | Inception- Accuracy= [41] | 2022
melanoma ResNet-v2 89.3 %
CNN
9 | BCC, Segmentation, | HAM10000 10000 | 80 % | 20 % | S2C-DeLeNet | Accuracy— [42] | 2022
melanoma filter 97.41 %
10 | Eczema, Resizing, DermNet and | 27153 | 80 % | 20 % | CNN Accuracy= [43] | 2023
psoriasis Gaussian blur | HAM10000 96.20 %

computer-aided diagnostic systems can help dermatologists detect complex skin lesions at
early stages and make decisions. Future research should focus on classifying skin diseases based
on Al approaches and improving the accuracy and robustness of models, and integrating these
technologies into the current healthcare infrastructure.
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The article presents a neural network-based method called tsGAP2, designed for predicting the
error and training time of neural network models used for imputing missing values in multivariate time
series. The input data for the method are neural network represented as a directed acyclic graphs,
where nodes correspond to layers and edges represent connections between them. The method involves
three components: an Autoencoder, which transforms the graph-based representation of the model
into a compact vector form; an Encoder, which encodes the hyperparameters and characteristics of the
computational device; and an Aggregator, which combines the vector representations to generate the
prediction. Training of the tsGAP2 neural network model is carried out using a composite loss function,
defined as a weighted sum of multiple components. Each component evaluates different aspects of the
tsGAP2 model’s output, including the correctness of the decoded neural network model from the
vector representation, the prediction of the model’s error, and its training time. For the study, a
search space comprising 200 different architectures was constructed. During the experiments, 12,000
training runs were conducted on time series from various application domains. The experimental results
demonstrate that the proposed method achieves high accuracy in predicting the target model’s error:
the average error, measured using SMAPE, is 4.4 %, which significantly outperforms existing alternative
approaches, which show an average error of 27.6 %. The average prediction error for training time was
8.8 %, also significantly better than existing methods, which show an error of 61.6 %.

Key words: time series, missing value imputation, neural network models, autoencoder, graph
neural networks, attention mechanism, performance prediction, neural architecture search.
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B cratee mpescrasien HeilipocereBoit mMeroy tsGAP2, mpegHazHaueHHBIN 19 TPOTHO3WPOBAHUS
omubKW U BpeMeHU 0oOyueHUus HeifpoceTeBhIX MOjeJieli BOCCTAHOBJIEHUs MPOIYIIEHHBIX 3HAUYEHUI
B MHOTOMEPHBIX BPEMEHHBIX PsaX. BXOMHBIMYU TAHHBIMU METO/IA ABJISIETCS HEHPOCETeBasT MOIEh,
NpeJICTABIEHHAs] B BUJIE OPUEHTUPOBAHHOIO AIlUKJINIECKOTO Ipadha, B KOTOPOH y3Jibl COOTBETCTBY-
IOT CJI0GM, @ JIyTM — CBA3U MEXKJy HuMHU. NMeTos npeamnoiaraetT uCuoab30BaAHNE TPEX KOMIIOHEHTOB:
ABTO3HKOIEPA, KOTOPEIi TpeobpasyeT rpacdhoBoe TPeICTABICHNE MOJEN B KOMITAKTHOE BEKTOPHOE,
DHKO/IEpA, KOJAUPYIONIETO TUITEPIAPAMETPBl U XapAKTEPUCTUKNA BBITUCIUTEILHOTO YCTPOHCTBA, U
Arperaropa, 00beIMHSIONIETO BEKTOPHbBIE TPeJCTaBjeHnst U GOpMUPYIOIIero mporuos. ObyueHue
nettpocerenoit Moenn tSGAP2 ocyrecTBAsIeTCsS ¢ MCTIOBL30BAHIEM COCTABHON OIMIMOKY, MPEICTAB-
Jigrorelt coboit B3BEIEHHYI0 CyMMY HECKOJBKUX KOMIOHEHT. KaKmas KOMIIOHEHTa OTeHUBAET Pa3-
JIMIHBIE aCTIEKTHI BHIXOTa Mojenn tsGAP2, Bkmouast KOppeKTHOCTD JEeKOINPOBAHHON 3 BEKTOPHOTO
peCTaBIeHNs HETPOCETEBOM MO 1e/TH, TPOTHO3 OMKUOKY U BpemMenu ee obydenus. [l ia nccrenoBanns
66110 cHOPMUPOBAHO TTPOCTPAHCTBO MOUCKA, BKJo4datoriee 200 pasyimuHbiX apxuTeKTyp. Bo Bpems
sKCIepuMeHTOB ObL10 BhimoHeHO 12 000 3amyckoB obyueHns Ha BPEMEHHBIX PAIaX U3 PA3TUIHBIX
npeaMeTHbIX obsiacTeil. Pe3ysbrarsl 3KCIEPUMEHTOB MMOKA3BIBAIOT, YTO IIPEJI0KEHHBIH MeTO 0bec-
ITEYMBAET BBICOKYIO TOYHOCTH HPOTHO3UPOBAHUS OIMUOKH IIE/IEBON MOE/IN: CPEIHsIs OINOKa 110 Mepe
SMAPE cocrasysier 4.4 %, 910 3HAYUTEIBHO MPEBOCXOJUT CYIIECTBYIONINE aJbTePHATHBHBIE TOIX0-
JIbI, TEMOHCTPUPYIONTHE OMHUOKY B cpeaneM Ha yposie 27.6 %. Cpennsisa omubka TpoTHO3a BPEMEHN
cocrapmaa 8.8 %, 9T0 3HAYNTEIHHO MPEBOCXOANT CYIIECTBYIONINE AMbTEPHATHBHBIC TOAXOIBI, 16
MOHCTpHpYIOmue omuoOKy, pasuyio 61.6 %.

Kurouesbie ciioBa: BpeMeHHBIE DAL, BOCCTAHOBJIEHHE TIPOTYITIEHHBIX 3HAMEHN, HEPOCeTEBLIE
MOJIe/IU, aBTOIHKOIED, rpadOBbie HEIPOHHBIE CETH, MEXAHN3M BHUMAHWI, BpeMda 00ydeHud, OrmmuoKa,
IIOUCK apXUTEKTYPbl HelpoceTeil.

BBenenue. B nacrosimee BpemMs B IIMPOKOM CIEKTPE HPEAMETHBIX 0bJacTeil BocTpeboBana
HHTEJIeKTYa bHast 00paboTKa MHOTOMEPHBIX BDEMEHHBIX DsIIOB: 3/paBooxpaHenue [1|, cymep-
KOMIIbIOTEpHBIE cHCTeMbI |2], mHTepHeT Beteil 3], opucnpynenius [4] u np. OxHako peaabHbie
JIAHHBIE 3aYaCTYI0 COJEPXKAT HPOIYCKH, BO3HUKAIOIIKE 0 Pa3JUYHbIM npuuuHaMm. Hanndue
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MPOITYCKOB CYNIECTBEHHO OCJIOYKHSET MOCJeAyIONy0 00paboTKy BpeMeHHbIX paa0B. [Ipomyrien-
HbIe 3HAYEHUST MOI'YT HHTePIIPETUPOBATHCA KaK Iy M HJIH AHOMAJIHH, ITO IPUBOIUT K CHUZKEHHUIO
TOYHOCTH CTATHCTUIECKMX METOIOB U MOJeJell MaITuHHOrO 00ydeHus. Kpome Toro, MHOrHE CY-
IECTBYIOIIHE METOIBI TPEeOYIOT MOJHOTH JAHHBIX HA BXOIE W HE IpeIHa3HAUEHBI I PabOTHI
C MPOIYCKAMM, 9TO JeJIaeT HPeIBAPUTEIbHOE BOCCTAHOB/ICHNE JTAHHBIX BAYKHBIM JTAIOM IIPEJI-
BapuUTEIbLHON 00pabOTKH.

Cpein COBpeMEHHBIX METOIOB BOCCTAHOBJIEHUSI TTPOIMYCKOB BO BPEMEHHBIX PSIAX OJHUM U3
AKTYAJIbHBIX HAIPABJIEHUIl CIUTAETCS HCMOJIb30BaHUe HeipoceTeBhIX Mogeseii [5]. Biaarogaps
CIOCOOHOCTH BBISAB/ISTH 3aKOHOMEPHOCTH KAaK B MOCJIEI0BATEILHOCTH JAHHBIX, TAK H MEXKIY
U3MEPEHUSIMU OJIHOIO BPEMEHHOTO Psijia, HeHPOCeTeBbIe MOJIE/H JeMOHCTPUPYIOT BHICOKYIO (-
(exkTHUBHOCTL B 3a/adax aHAIN3a W BOCCTAHOBJIEHWS MHOTOMEPHBIX BPEMEHHBIX DPsijioB. Ap-
XUTEKTYPHBIE DEINIeHUsI, IPUMeHIeMbIe TTPH MOIEJIUPOBAHUN BPEMEHHBIX PSJIOB, OXBATHIBAIOT
MIAPOKHIi CIEKTD HEHPOCETeBBIX MOIX00B: PEKYyPPEHTHbIe HellpoHHble cetr (Hampumep, LSTM
u GRU), HeiipoHHBIE ceTH, BKJIIOYAMOIINE MEXaHU3M BHUMaHUs (TpaHcdopMmepbl) u ap. Yder
XapPaKTEPUCTUK BPEMEHHBIX PsI/JI0B U HPEAMETHON 00/1aCTH IPU BHIOOPE aPXUTEKTYPbHI MO3BOJISI-
eT aJalTHPOBAThH MOJETh K THILY JAHHBIX, CTPYKTYPE MPOMYCKOB U OCOOEHHOCTSM KOHKPETHOM
3a/1a41, TeM CAMBIM TIOBBINNAs TOYHOCTH BOCCTaHOBIeHHs. OHAKO 3372493 BHIOOpPA W MOWCKA
HOAXOAIEH apXUTEKTYpPbl HEHPOHHON CeTU OCTaeTCd HEeTPUBHUAJILHONI, HOCKOJLKY CBA3aHA C
HAKJIATHBIMA PACXOJAMHU 10 HPOBEIeHHIO GOJIBIIOr0 KOJHIECTBA BBIYHUCIUTEIBHBIX IKCIIEPH-
MEHTOB.

OHuM U3 aKTyabHBIX HAIPAB/JAEHUI PEIeHUs] BHIIIEOMUCAHHON MPOOIEMBbI SIBJISETCS T10-
HCK apxuTekTypbl HeliporHoii cern (Neural Architecture Search, NAS) [6]. [Tonck apxuTekTyphi
OCYTIECTBIISETCS B pAMKAX 3aJJaHHOTO MPOCTPaHCTBa moucka (Search Space), KoTopoe BKITIOYa-
eT B cebsg HelpoceTeBble MOJEJNH, OIpeesgeMble OOJBIIIM KOJIXIECTBOM IapaMeTpPOB: THIIA-
MU, KOJHIECTBOM, IMOPSAIKOM COeINHEHUN, GYHKIUIMHA aKTUBAIUK ca10eB 1 ap. Metoasr NAS
O3BOJISIIOT aBTOMATH3UPOBATH BLIOOP HEHPOHHON CETH IyTeM MPOTHO3MPOBAHUS €€ KAYeCTBA
UJIN CyKEeHUsI MPOCTPAHCTBA TONCKA. JIaHHBIE METOIBI TIPUMEHSTIOTCSI B COBPEMEHHBIX CHCTEMAX
VIPABICHHAs KU3HEHHBIM IHKJIOM Mojeseii Mammunoro obyuenns (MLOps) [7], Texmosoruu
AutoML [7], u B ardopmax st IpOBeIeHNs IKCIEPUMEHTOB 1 MOHUTOPHHTA MOJIeJIeil, BKITIO-
aqast Weights & Biases (wandb) [8]. Ograko GOBIIMHCTBO U3 HUX HCIOIB3YIOT TPAJIUIHOHHBIE
MeTO/ibI 1iepebopa, Hanpumep caydaitabiii monck (Random Search) |9] u GaitecoBckast onrumu-
sanus (Bayesian Optimization), KoTopbie TpeOyIOT MPOBEIEHHST MHOKECTBA AOTOJTHHTETbHBIX
KCIMEPUMEHTOB JIJIsl HACTPOWKH CTPATErWH TMOUCKA. B CBSI3U ¢ BBHIMIEN3/T0KEHHBIM, aKTyaIbHOMN
SIBJIFETCS 3a/1a49a pa3paboTKU MeTOI0B IIPOrHO3UPOBAHKS OIIMOKH U BpeMeHH 00ydeHUsT Helpo-
CeTeBBIX MOJIeJIell JIJIsT BOCCTAHOBJIEHNSI BPEMEHHBIX PsII0B, HO3BOISIONINX OIEHHBATH KAYECTBO
HelipocereBoil Mojiesin 0e3 HeOOXOAMMOCTH TOJIHOIO O0yUYeHMsT KazK/I0W U3 HUX.

Bxaya mannoit crarbu MOXKHO ¢HOPMYIUPOBATH CJICIYIONUM 00Pa30M:

1) Mpennoxen meron tsGAP2 (timeseries Graph Attention Performance Predict), pemato-
Ui 33129y TPOTHO3UPOBAHUSI OMIHOKKM M BpeMeHH 00yUeHNs HeHpOCeTeBBIX MOjeseil BoccTa-
HOBJIEHHSI BPEMEHHBIX psaoB. [lyig peajamsanun MeToIa UCIOJIb3YIOTCS rpacoBbie HeHpOHHBIE
CeTU ¢ MEXaHM3MOM BHUMAHHS, TO3BO/ISIONINE aHAJIN3NPOBATH BXOIHYIO HEPOCETEBYIO MOIEb,
HPEJICTABJICHHYIO B BUJI€ OPUEHTHPOBAHHOTO alluK/JIndeckoro rpada. Bo Bpemsa dpopMupoBanus
IPOTHO3a BXOJHBIE JaHHBIE 00PAa0ATHIBAIOTCS CJIEAYIONUMEA KOMIIOHEHTAME: ABTOIHKOIEPOM,
hopMUPYIOIIIM BEKTOPHOE MpeICTaBIeHIe HepoceTeBoil MO, DHKOAEPOM, (POPMUPY IOIITHM
BEKTOPHOE IpeJCTaBIeHNe TapaMeTpOB 00yIeHust, 1 ATperaropoM, MpoayIHPYIONIUM Ha OCHOBE
BEKTOPHBIX MPEICTABICHI MPOTHO3 MOIEJIH.
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2) TlpoBenena cepusi SKCIIEPUMEHTOB ¢ HPOCTPAHCTBOM MOWCKa, BKJo4arommm 200 yHu-
KaJIbHBIX HefpoceTeBbIX Mojieseil. Bo Bpems skcrnepumenToB ObL0 npoussejeno 12 000 3amryc-
KOB OOYUYeHHs MoJiesiell, PenaonuX 3a/1a9y BOCCTAHOBJIEHUs] BPEMEHHBIX DPSJIOB U3 PA3JIHTHBIX
npeaMeTHBIX obtacTeil. O0beM MPOBeIeHHBIX YKCIEPUMEHTOB COTOCTABUM C AHAJIOTHIHBIMU MC-
caegoBanusAME 13 cMexkubix obsmacreit NAS [10-11]. B nessix obecredenns: BOCIPOU3BOAUMOCTH
BBIUHCIUTE/THHBIX S9KCIIEPUMEHTOB BCE MCXOIHBIE KOJIBI U HADOPBI JAHHBIX, HCIIOIb3yeMbIe B JIaH-
HOM HCCJIeJIOBAHIH, Pa3MeIeHbl B OTKPHITOM perno3utopun [12]. PesyasraThl BRIYUCINTETLHBIX
KCIMEPUMEHTOB JIeMOHCTPHUPYIOT BBICOKYIO TOYHOCTh ITPOTHO3a OIMUOKH TIeJTIEBON MOJIEJTH: CPeJI-
Has omubKa MeHee 4.4 %, 9TO CYIIECTBEHHO IIPEBOCXOIUT II€PEIOBbIE AHAIOIH, I KOTOPHIX
cpeanss ommbOka cocrasaser 27.6 %. Cpeausas ommbKka TPOrHO3a BPEMEHH OOydeHust MOJIe-
mu cocrapuia 8.8 %, Torna Kak KOHKYPEHTHI JeMOHCTPHPYIOT B CPeIHeM OIuOKy Ha ypOBHE
61.1 %.

CraTbd opranu3oBaHa cjeayomuM oopaszoM. Pazaen 1 comep:KuT KpaTKuii 0030p OJU3KUX
no TeMaTuke paboT. B pasmene 2 mpuBoAdTcs ucmosib3yeMble jasee hbopMaabHBIE OMpejese-
Hus U HOTanus. B pa3zese 3 npejcraBjieH HOBbI MeTO/ IIPOTHO3UPOBAHKS ONIMOKU U BPeMe-
HU 00ydYeHUsT HeHPOCETEBLIX MOJIejieil BOCCTAHOBJIEHUsI BPEMEHHOTO psifa. Pasmen 4 comepKut
pPe3y/IbTATHI BHIYUCJIUTE/THHBIX SKCIIEPUMEHTOB 10 UCCIET0BAHUIO 3(POEKTUBHOCTH Pa3padoTaH-
HOro MeTojia. B pa3sene 5 obcykaaroTcsd orpaHNYeHns W MpAKTUIecKasd IPUMEHHMOCTh TTPeJI-
JIO’KEHHOTO MeTo/1a B 3aa9ax NAS. 3ak/iouerue coIepKUT CBOJIKY TMOJIYIEHHBIX PE3YJIbTATOB
U HATIPABJIEHUS OYIYIIAX HCCJIETOBAHMIA.

1. O630p cBa3aHHBIX PaboOT. /[71g KPATKOCTH U3JIOKEHUS B JIAJILHEHIIEM MO, KA4eCmEoM
Hetipocemesoti modesu B KOHTEKCTe permaeMoil 3a71a4dn Oyj1eM MOHUMATh COBOKYHNHOCTH JBYX
nokaszareseil: omubKa MOJeJn W BpeMs ee o0ydeHHs Ha OJHON 3moxe. Dosee BbICOKOe Kade-
CTBO COOTBETCTBYET MeEHbINeil omubKe U MeHbIeMy BpeMenu obyuenusi. B 3amadax NAS s
npeCcKa3aHus KauecTBa HelpoceTeBOi MOJIe TN TPUMEHSIOTCS PA3IUYHbIE BUIBI METOIOB, KOTO-
pbie YCJIOBHO MOXKHO Pa3/e/uTh Ha TPU I'PYIIIbL: IPAJUEHTHBIE METOIbI 00yUYeHust ancamob,ieil,
BEPOSITHOCTHBIE TIOXO0/IbI M HEHPOCETEBbIE MOJIE/IN, OCHOBAHHBIE HA MHOTOCJIONHBIX MTEPCETITPO-
Hax uin OaitecoBckux Hefiponmbix cerax (Bayesian neural networks, BNN) [13|. Paccmorpum
KazKJIVIO TPYIIY OoJjiee moapobHo.

Jns pemenus 3amad NAS mpuMeHsIOTCs TI'palmeHTHBIe Meronsl, Hampumep XGBoost,
NGBoost, Light GBM u Random Forest [14]. Oanako ux 3¢dpdekTuBHOCTH MOXKeT ObITh OrpaHu-
JeHa HeOOXOAMMOCTHIO HACTPOWKH THIIEPIAPAMETPOB U HETOCTATOYHON CIIOCOOHOCTHIO MOIE T~
pPOBATH CJIOXKHBIE CTPYKTYPHBIE 3aBUCUMOCTH, XapaKTePHBIE [JIsT HeHPOHHBIX MOJIe/Ielt.

Tayccosekue mpoteccesl (Gaussian Processes, GP) npumensitorcs B 3agadax NAS 6aarogaps
CIIOCOOHOCTH MOJIEJIUPOBATH CJIOXKHbBIE HEJUHEeHHble 3aBUCHMOCTH. B pabore [15] mist Mmomenn-
pOBaHUsI KAYe€CTBA MOJIE/IN MPUMEHSIeTCS BAPUANMOHHBIN Pa3pezKeHHbIl rayCCOBCKHIT MPOIECC
(Variational Sparse Gaussian Process, VSGP), oGecrnednBatoniuii BO3MOKHOCTD TPUMEHEHHUSI
GP-mozenieit B BhICOKOpa3MEPHBIX MPOCTPAHCTBAX MPU3HAKOB, XapPaKTEPHBIX JJIsI OMUCAHUS
HeffpOHHBIX Mojeselt. Hecmorps Ha wmcmosib30BaHWE BapHAIMOHHBIX HPHUOJIHZKEHUN, METOIBI
Ha OCHOBE T'ayCCOBCKHUX MPOIECCOB OCTAIOTCS BBIYUCIUTETHHO 3aTPATHBIMU MPU HPUMEHEHUN
K OOJBITUM TPOCTPAHCTBAM MOWCKA, COMEPIKAIUM JECATKN THICAY BO3ZMOYKHBIX HEHPOCeTeBbIi
MOJIeJIeli M XapaKTePH3YIOMIMCsT BBICOKON PA3MEPHOCTHIO IPU3HAKOBOTO ONUCAHUS (COTHH MPHU-
3uakos) [16].

B 3ajmagax mpejckazanus KadecTBa HefipoceTeBbIX Mojeneil B pamkax NAS B KauecTBe
MOJIEJIN TIPOTHO3MPOBAHUSI UCIOJIb3yeTcst MHOrOC IO b neprentpon (Multilayer Perceptron,



78 Hpuraadnvie uHBOPMAUUOHHBIE METHOAOLUL

MLP) [17]. TIpn Hasmaun nubOPMATHBHOIO MPU3HAKOBOTO omucanusa mogeneit MLP gemon-
CTPUPYET BBICOKYIO 0O0OMIAIONTYIO CIIOCOOHOCTh M YCTONYUBOCTD K IIepeodyYeHHIo.

B pa6ore [18] paccmarpuBaercss npuMeHenne 6ailecOBCKOI JIMHEHHON perpeccun jist mpo-
IHO3UPOBAHUS KadecTBA HelpoceTeBBIX Mojesieil. B KadecTBe BXOIHBIX JAHHBIX UCIOJIb3YIOTCS
BEKTOPHBIE TPEJACTAB/ICHUST HEHPOCETEBBIX MO/Ie/Iell, BKIIIOUAIONNE UX CTPYKTYPHbBIE XapaKTe-
PUCTUKN W COOTBETCTBYIOIINE THUMEpIapaMerpbl. B KadecTBe paciimpeHus JAHHOTO MOIX0/a
npegioxken Metox DNGO (Deep Networks for Global Optimization) [19], ncnons3ytommuii neit-
POHHYIO CceTh B KadecTBe mpeoOpasoBaTessd NMpu3HakoB. HeitpoceTeBble Mofenn n runeprapa-
MEeTPBl KOJTUPYIOTCS € MOMOIIbIO HEHPOHHOW ceTH B BEKTOPHOe TpejcTapienue. [lomydennoe
HpeJicTaBJeHne 10/aeTcsl Ha BXO/[ 0alleCOBCKOM JIMHEHHOW perpeccun, KOTopasi 1pe/iCKa3biBaeT
3HAYCHUS 11€JIeBOH (DYHKITUN.

Meroq BOHAMIANN (Bayesian Optimization with Hamiltonian Monte-Carlo Artificial
Neural Networks) [20], pemaer 3a7a4y nporaosa KadecTBa HeEHPOCETEBON MOJETH ¢ HOMOIIBIO
OaitecoBckoil HEHPOHHOM ceTH, 0OYYEHHON € MUCIOJIB30BAHUEM CTOXACTUIECKOrO I'PAIUEHTHOrO
ramuasronnana Monre-Kapio (Stochastic Gradient Hamiltonian Monte-Carlo, SGHMC). Me-
ton, BOHAMIANN npurmMmaer Ha BXOJ BEKTOPHBIE IIPEJICTABICHUS HEHPOCETEBOH MO/ 1
IpeCKa3biBaeT pacIpese/ieHne 3HAYeHNN 1eMeBOil (PyHKINN, YINTHIBAsT KaK OXKHIAeMOe 3Ha-
JeHWe, TaK U CTeNeHb HeollpeeIeHHOCTH MPOTHO3A.

OO0myM HeTOCTATKOM OMHUCAHHBIX IMOAXOJOB SBJSETCS OTCYTCTBHE SBHOTO ydeTa CBs3eil
MEYKIY CJIOSIMH HEeHpPOCeTeBOW MOJENTH, MOCKOIbKY OHHM OTMUPAIOTCS HA BEKTOPHBIE MPEICTaB-
qgenust. s bopMupoBaHust TaKUX MPeJICTABICHNAN YacTO MpUMeHsieTcsa one-hot KonupoBanme,
IpU KOTOPOM KazKJas onepaiust (CBepTKa, MyJIUHT W [IP.) W ee MO3UIHs B HeHpoceTeBOit Mojie-
JIN KOMUPYIOTCdA OMHAPHBIM BeKTOpOM (bUKcHpoBaHHON jtiHBL. [lomobHBIE mpencTaB/ieHns He
OTPazKAIOT 3aBUCHMOCTH MeKJIy CJIOSME MOJIEJTH, TaKhe KakK MOPsIOK cJioeB, mpomycku (skip
connections) u Apyrue CJIOXKHbBIE CBSI3M.

B psanpe uccnenoBanunit paccmarpuBaercs npumMeneHune MeronoB NAS s 3amad anasmsa
BpeMeHHbIX psaaoB. B wactHocTn, AutoCTS (Automated Correlated Time Series) [21] npenna-
3HaUeH /I aBTOMATU3MPOBAHHOTO MMOCTPOEHUS HefIpoceTeBBIX Mo/Iesell, CIIOCOOHBIX YIUTBIBATD
IPOCTPAHCTBEHHO-BPDEMEHHBIE 3aBUCUMOCTH B TaHHBIX. lIpotece dopmupoBannsa Monenu B J1aH-
HOM METOJIe COCTOUT U3 JBYX KJIOUYEBBIX 3TarnoB. Ha mepBoM 3Tame ocymiecTBIIseTCS TTOUCK
ONTUMAJIBHBIX MOJyJIeil, KOTOPbIe MPEeJACTABJAIOT CO0OH crenuduieckne KOMOMHAINN CJIOEB,
YIATHIBAIOIINX PA3/JTUIHBIE XaPAKTEPUCTUKN BPEMEHHBIX PsAT0B. Ha BTOpOM STale BHIMOJIHIET-
Cs1 ONTUMU3AINST KOMITIO3UITUN BRIOPAHHBIX MOJLYJIel /15T OnipeieieHust Hanbosiee 3hpHeKTUBHOM
MO/TETH.

Jpyrum npumepom sisasiercss Merod, AutoTS (Automatic Time Series Forecasting) [22],
KOTOpbIH peuraer 3a/jady aBroMarudecKoro HpOeKTUpPOBaHusd HepocereBol MOAe/IU 1IPOIrHO3U-
pOBaHUsI BPEMEHHBIX PsiI0OB. B paccMarpuBaeMOM METO/e TPOCTPAHCTBO MOWCKA MOJIEJN Ha-
cunThIBaeT mopsaaka 1.8 x 10%! Bo3sMoKHBIX BapuanToB. JI/18 HOBBINEHAS BHIYHCIATETLHON 3-
dexTusnocTH morcka AutoT'S peanmusyer IByXI9TAIHYIO CTPATETUIO CYKeHUs TpocTpancTsa. Ha
EePBOM dTalle TPOBOJAUTCS MOITANMHAA ONTUMHU3AINS KaXKJI0T0 OTAeJbHOro Moayid. Ha BTopom
Tale OCYIIEeCTBISICTCA CYyZKeHNe MHOXKEeCTBA BAPUAHTOB BHYTPHU MOJEIH.

Moxkuo 3ak/0unTh, 9T0 cymecTByoonme Metronasl NAS 006/1a1ai0T orpaHndeHHol crocot-
HOCTHIO K aHAJM3Y apXUTEKTYPHBIX ocobeHHocTeil. B 3amagax oOpabOTKH BpPEeMEHHBIX PsIIOB
TaKyWe MeTOJbl, KaK IPABUJIO, OTPDAHTINBAIOTCA CIEeNAIN3UPOBAHHBIMA THIIAMU CJIOEB U 00J1a-
JTAIOT BBICOKOPA3MEPHBIMU MPOCTPAHCTBAMU TTOUCKA.
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2. OcHOBHBIE OoIpenesieHus U HoTauus. Bpemenrotl pad (time series) T nmunbt n (060-
3HavaeMoil Kak |T'|) npejcrapisier coGOil 1OC/Ie0BATEILHOCTD U3 1 XPOHOJOTHYECKH YIIODSI0-
YeHHBIX BEIeCTBEHHBIX 3HAYEHHUII:

T={t;}~,, t;€R.

Iodnocaedosamenvrocmo  (subsequence) T;,, Bpemenuoro psma 1T mpeacrasiager coboit
HEIIPEePBIBHOE TIOAMHOXKECTBO 1’ U3 M 3JIEMEHTOB, HAUNHASA C MO3UIUH i

Zm—{tq}”m L 3<m<n, 1<i<n—m+1.

Mnozomeprwviti epemernnoti pad — 5TO HADOP CEMAHTHYECKW CBS3aHHBIX OJHOMEPHBIX Bpe-
MEHHBIX PSIZOB OJMHAKOBOH [IJIMHBI, KOTOPble CHHXPOHU3UPOBAHBI BO BpeMmenu. Ilyctb d 06o-
3HAYAET PA3MEPHOCTb MHOTOMEPHOTO psifa (d > 1), KOJHYeCTBO usmepenuli — OJHOMEPHBIX
ps1a0B B HeM. [10100HO 0HOMEPHOMY CJIy9ai0, MHOIOMEPHBII BPEMEHHOM psijl, €ro MOIIIOC/Ie10-
BaTEJBLHOCTb U OTJeJabHbIe ToYKn oboznaunM Kak T, T; ,, n §; cOOTBETCTBEHHO, W OIPEeIeJNM
WX CJIEYIOIINM 00pa30M:

k k
T=[{T®OY T, T =TV, =[Py

IToamocie1oBaTe/IBHOCTH BpPEeMEHHOTO psiyia T MOXKHO pas3jiesnTb Ha JBa ITOJIMHOZKECTBA:
MHOZKECTBO NOAHBIT TOJIOCIIEJOBATEIBHOCTE, He COJIEPXKAIIMX HPOIYINEHHbIX 3HaYeHuit S
1 MHOXKECTBO HENOAHLLE TOJIIOCTIEI0BATEILHOCTEM, COepzKAIIIX XOTd OBl OJTHO MPOIYIIEHHOE
3HaYeHHE:

o

;ﬁ:{TZ-,m | vt; e T tﬁéNaN}, ?z{Ti7m|3tc;€Tl(2, 3 :NaN}7

o

rae T; ,, mpejacTasiadgeT cobo# MOIAIOCAEI0BATEIBHOCTD, B KOTOPOil €CTh XOTd ObI OJHO TIPOITY-
IMeHHOe 3HAYeHHe.
B monoJiHeHme K MOJTHBIM U HEIOJHBIM IIOAIIOCIEI0BATELHOCTIM BpeMeHHoro psaiaa T BBe-
[ ]

JleM TIOHATHEe BOCCTaHOBJIEHHO! mognocienoparenbnoctn T; .. Boccranoiaennoil HasbiBaeTcs
Takasl IOJII0C/Ie/I0BaTe/IbHOCTh, KOTOpas ObLjaa IoJiydeHa W3 HEINOJHON ImyTeM 3aMeHbl BCeX
HPOIYIIEHHBIX 3HaUeHNn# Ha cuHTeTndeckue. ODO3HATMM MHOYKECTBO BCEX BOCCTAHOBJIEHHBIX

HOIIOCTIe/I0BATeIbHOCTeH Kak ST

m_ I, | W = NaN, i, £ Van, ;€ T®) £ e T

1, m? 1,m?

B nasbneiineM aHaJm3supyeMyio HeiffpoceTeBYIO MOJEIb MbI OyaeM Ha3bIBaTh IejieBoit. [[e-
Aesaq netipocemesas modessb MOXKET ObITh (pOpMaIbHO MpPeACTaBIeHA KAaK OPUEHTHPOBAHHBIM
AIMKJINIECKU rpad, B KOTOPOM BEPIIHHBI COOTBETCTBYIOT CJIOAM MOJIEIN, & JyT'H MPeICcTaB-
JISIOT CODOI HAIPABJ/IEHHBIE CBA3M MEXKIy cjaodMu. BBegem nabop mougatuil aias popMaabHOro
IpeJICTABICHAI HERPOCEeTEBONH MOJIEIIN.

Habop munos caoes C npeacrapisier coboil yIopsI0UeHHbI HAOOP U3 ¢ 37eMeHToB. Kak-
JIBIH 3JIeMeHT Habopa MpeJICTaBIsIeT COOOU IEeJOUNCIEHHBIN KO/, COOTBETCTBYIOIIHI TOMYCTH-
MOMY THUIIY HEHpPOCETEeBOr0 CJI0s WJIM OIEePaIuu, UCIOJIb3yeMOil B MO/IeJIH:
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C - {Cz'}?:l, Cl €.

st Kaxka0ro AonycTuMoro saementa C MOxkKeT ObITh 3aaHO0 JI0 JBYX YHUCJOBBIX MapameT-
POB, OIPEIENAINAX ero KOHDUTYPAIUio U (PYHKIHOHAJIBHBIE XapaKTePUCTHKH.

Habop ¢ynruui axmusayuu A npeactapisieT coboil ymopsaoueHHbI HAOOP U3 @ dJIeMeH-
ToB. Kax/plit semenT HabOpa TpejcTaB/iger cOOOH U COOTBETCTBYET JOIYCTUMON (DYyHKIIHH
AKTHUBAIINN, IPUMEHAEMON B CJIOAX HEHPOHHOW MOJICIN:

A= {Ai};‘z:p A, eZ.

QopMaTbHO TIeseBas HelipoceTeBas MOJEIb MOXKeT ObITh IpejcTaBJeHa Mapoil 00beKTOB:
yHOpsI0YeHHbI Habop caoes L n Marpuna caseit R € R*2, PaceMoTpuM KaxK bl 31eMeHT
6o.stee moapobuo. Habop ciioeB L comep:kut ¢ 9eThIPEX3I€MEHTHBIX KOPTEXKe, KazK bl U3 KO-
TOPBIX OIIUCHIBAET OJIHUH CJIoi HefipoHHoil ceru. PopMaIbHO KazKIbIi CJIOH-KOPTEK MOXKET OBIThH
IpeCTaBIeH CAeTYIOMUM 00pa3oM:

Lk = (Ci7p17p27Aj)a 1 < 1 < C, 1 <] < Qa, P1, P2 € Ra]- g k < éacz € C7Aj S -’47

rae C; — HeJOYUCAeHHbIR KO THIIA CJI0A, P1 U Py — YHCJIOBBIE MapaMerpol ciaos, A; — meso-
YUCJIEHHBIH KO/, (DYHKIINK aKTUBAIIIH.

CBs3u MeK/Iy CJI0IMHM HEHPOHHON Mojesu 3ajaloTcsd Marpuieil R, Kaxjiasg cTpoKa KOTO-
poOii COOTBETCTBYET OJHON Jyre OpHeHTHpOBaHHOIO I'pacha. Jlyra ykaspiBaeT Ha HallpaBJICHHE
nepeiadn JAHHBIX OT OJHOTO CJI0d K ApyroMy. KaxKjaast ¢BsI3b ONMUCHLIBACTCS TMAapoil HHIAEKCOB:
MHJIEKC UCXOHOTO CJIOsl U MHJIEKC 1eJ1eBOro c1ost. PopMaJibHO KazK/ 1asi CTPOKa MATPHIIbI CBsi3eil
MOYKeT OBITh OlpejiesieHa CJIeIYIONNM 00pa30M:

R(i,-):(rj,rk), 1<2<>\7 1<Tj7rk<€7 Z<.]7

rae r; — UHJEKC CJI0d-UCTOUHUKA, 'y — MHIEKC LeJIeBOro €104, A — obIIue KOJINIecTBO CBd3eil
B HellpoceTreBoi MOJIeJIN.

Bsemem onepanuio cpesa slice, Koropasi 3aK/JI09aeTCs B BbIJIEJIEHUN W3 UCXOAHON MaTpPHUILhI
ee MOIMATPHUIIBI, OTPAHWYEHHON 33 JaHHBIMU JUAMA30HAME WHIEKCOB CTPOK W CTOJIOIOB:

slices.j o : RPXY — RU—HDx (v—k+1).

Ai,k Ai,k+1 T Ai,v
Ak Aipipr - Aip

slicesj(A) = | 07 T T LI<i<j<h, 1<k<u<yg,
Ajr Ajrrr 0 Ajo

rne A € R — pcxoanaa marpuna, [i,j] u [k,v] 06o3HaualoT JHana3oHbl MHIEKCOB CTPOK U
CTOJIOIIOB COOTBETCTBEHHO. Pe3y/IbTaToM olepaliun SIBAseTCS MATPHUIA, COIEPIKAIIAST 3TEeMEHTHI
HCXOIHONH MaTPHIBI ¢ HOMEPAMH CTPOK OT ¢ J0 j W CTOJOIOB OT Kk 0 ¥, BKJIIOUHNTEILHO.
HacTHBIM ciIydaeM oIlepaliu cpe3a spjdeTcd cpe3 1o croabdmam slice. .. PesyapraTom Ta-
KO ollepaluu gBIsSeTcs MOJMATPHUIA, COJIep:Kalllas Te Ke CTPOKH, UTO M HCXOJHAs MaTpH-
113, ¥ TOJIBKO Te CTOJIOIBI, HOMepa KOTOPBIX MpHHAJIexRaT uaTepaty [k,v]. JIpyruM gacTHbIM
cllydaeM gBJdeTcs OJIHOMEPHBIN cpe3 cTpoku slice; k., BO3BpaIIaomuil BeKTOp, cojeprKaIinii
9JIEMEHTBI CTPOKH %, PACIIOJIOKEHHBIE B CTOJIONAX ¢ HOMePaMu OT Kk 110 ¥, BKJIIOUYNTETHHO.
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Puc. 1. Merox mporao3upoBanus OmuOKN 1 BpeMenu 00ydeHns HEHPOCEeTEBON MOEIN BOCCTAHOBJIEHUS

MHOTOMEPHOTO BPEMEHHOTO PAIA

3. MeToa mporuao3upoBalnsg ominOku 1 Bpemenu obydeHus HelipoceTeBoOi Moe-
au. ApXuTekTypa IpeIaraeMoro MeToIa IIPeICTaBIeHa Ha PHC. 1 M BKAIOYAET CIeIYIOIIHEe
KOMITOHEHTHI, TTOC/I€/I0BATEIbHO 00pabaThIBAIONINE BXOIHbIE TaHHbIE: ABTOIHKOAED I'PadhOBOTO
npeCTaB/IeHns, JHKOJAEP TapaMeTpoB 00ydeHns U Arperarop MpU3HAKOB. ABTOSHKOIED MpPH-
HUMaeT Ha BXOJ rpadoBoe MpeiCTaBIeHus HelpOoceTeBOi MOJIE/H, PE/ICTABJICHHON IBYMS dJ1e-
MeHTaMH: HabopoMm cjoeB L m marpunei ceazeit R. B mnpomecce 06pabOTKH BXOJHBIX JAHHBIX
ABTO3HKOIED pOPMUPYET BEKTOPHOE MpEICTaBIeHIe HEHPOCeTEBOM MO, 0003HAYAEMOe KaK
Z € R*. DHKOoJep HMoaydaeT Ha BXOJ BEKTOD IapaMeTpoB 00yUYeHHS W IIPeo0dpas3yeT ero B BEeK-
TOPHOE TIPeICTABIeHNe TapaMeTpoB. [[o/yueHHbIe BEKTOPHBIE TIPeICTaABICHUs IE/1€BOH MOIe/ 1
1 TmapaMeTpoB OO0yUYeHHsT MepenaloTcs Ha BXoJ Arperaropy, KOTODPBIH Ha BBIXOAE MPOLYIUPY-
eT MPOrHO3 B BHJIE BEKTOpA U3 JBYX 3HAYEHUI: OIMMUOKN U BpeMEHHU BBIIOJIHEHUA OJHON SIOXH
o0y JeHus.

3.1. Koduposarue uesesoti modeau. B nannom pasjesie paccMarpuBaeTcsi IIPOHECC HPUBE-
Jennsi rpadpOBOrO MPEICTABICHUS TEJEBOH MOJETH K BEKTOPHOMY, COJEPIKAIEMY OCHOBHYIO
nradopmannuio 06 ee 0cobeHHOCTAX. OUUCHIBAIOTCSA STAINBI TPEIBAPUTEIbHON 00pabOTKU CJI0€EB
U CBA3€l, BKJIIOYas HOPMAJIU3AINIO TapaMeTpoB, one-hot KojaupoBaHue KaTeropuaabHbIX MPH-
3HaKOB U (POPMHPOBAHKUE BXOjJa MOjeNH. PaccMOoTpeHa CTpyKTypa HEHpPOHHOHN ceTH, KOTopas
peaTn3yer KOIMPOBaHHE MEJIeBOi MOJETN B BEKTOPHOE TpeCTaBICHHE.

3.1.1. Ilpedsapumenvras obpabomra uenesoti netipocemesot modesu. Tlepen momaueil Ha
BX0JI ABTOYHKO/IEpPa KayKIbI ¢10it u3 Habopa cjoeB L MPOXOAUT MpeaBapuTeabHYI0 00padboT-
Ky, BKJIIOYAIOINILYIO CJIEAYIONIUE STAIbL: 3aIl0JTHEHIEe, HOPMAJIU3aIldd [1apaMeTpoB, KOJMPOBAHHE
THIIOB CJIOEB U KojupoBanue byHKuuit akrupanuil. B pesynbrare npeasaputesnbroit 06paboTku
Habop ci1oeB L mpeoGpasyercs B MaTpuiy ciaoes L € RO(te+2) Ha srame 3amonHenus BXo-
HOIT HabOp cjioeB L npuBoauTCs K (DUKCHPOBAHHON jyuHe ¢ myTeM m00aBJIeHUs CHelnaabHbIX
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danTomubix coeB ¢ TunoM NONE, 0603HAYAIONUX OTCYTCTBHE peabHOro cjosd. HoBbie ciion He
coflepzKaT HU MapaMeTpoB, HU (DYHKIUI aKTUBAINN.
YucsioBele mapaMeTphl CJIOS P1 U Py Mepe/l TTojlatdeil Ha BXOJl HeTPOHHON CeTH MOJBEPTAIOTCS

MUHHEMAKCHON HOPpMAJIH3AIINN:
p= Lt M
Pmax — Pmin
rjie p — napamMerp CJA0d, Pmin M Pmax — MHHUMAJIbHOE U MaKCHUMaJbHOE 3HAYEHUs JaHHOI'O
napaMerpa CPeIr BCeX CJI0eB OJHOTO M TOTO K€ THIIA.

[enouncaennwie Koap Tuma cjaog C; 1 GyHKINT akTHBAINN A; mpeobpasyroTes ¢ NCHOIb30-
BanueM one-hot komuposanus. Beenem dbyuknuio onehot,,, Koropas orobpazKaeT mejioe Iucsio
k€ {0,...,n— 1} B GUHAPHBIH BEKTOD JJIUHBI N, [JIe € JUHCTBEHHAS €INHUIA PACIIONOKEHA HA
k-it mo3unuu:

1,i=k,

onehot, (k) : Z — {0,1}", onehot,(k); =
0, uHaue.

HopmanuzoBanubie mapameTpbl, one-hot Kojbl THIIOB CJIOEB U (DYHKINI aKTUBAIMKA KOHKA~
TEHNPYIOTCsI B BEKTOPA. Crenienne Takux BEKTOPOB (b/(\)pMI/IpyeT HOPMAaJIN30BAHHYIOD MAaTPHUILY
caoeB L. KaxKmast cTpoKa HOpMAaIU30BaHHONW MATPHIIBI L COOTBETCTBYET OTHOMY CJIOK M MOYKET
dopMaIbHO TPEICTABISATHCS CJAEIYIONUM 00pa30M:

Z(/{;,) = onehot.(C;) - (p1,p2) - onehot,(4;), 1<k</{ 1<i<c¢ 1<j<aq,

oW

rjie CUMBOJI 0003HAYAET OMepaINi0 KOHKATEHAIINN.

AHAJIOTHYHO MATPHIE CJI0EB, MaTPHIIA CBaA3eil [? npeo0pasyeTcs B HOPMATU30BAHHYIO MaT-
puiy cBaseil. /l1d mosydeHHS HOPMAJM30BaHHOH MaTpmIbl cBaszeil R € R mpumvenserca
one-hot Ko/iupoBanue MHJIEKCOB:

R(k,-) = onehoty(R(k,i)) - onehoty(R(k.j)), 1<k<A 1<ij<LC. (2)

3.1.2. Qopmuposanue sexmoprozo npedcmasaenus ueaesoti modesu. s dopmupoBanus
BEKTOPHOTO TIPEJICTABIEHHS MEJeBOH MOJIEIN UCTIOMb3YeT sl HelipoceTeBast MOJIeTb Ha 6ase ap-
TOHKOJEPOB, pe/icTaBiennas na puc. 2. Hopmajiusosannas Marpuna cioes L, ucxojiHas Mat-
puna cBs3eil R u ee HOpMaan3oBaHHas Bepcus [ momaroTcesa Ha BXoa ABTOHKOIEpa, KOTOPIi
npejCcTaB/ieH Ha puc. 2, a. ABTOHKOAEp cOCTOUT U3 deThipex mogacereit. [leproie jiBe moaceTn
HPEJCTABIAIOT COOON DHKOJEp CJIOEB U DHKOJEP CBA3eil, KOTOPBIH OTBeYaeT 3a IOCTPOCHHE
BEKTOPHOI'O TIpeJIcTaBJIeHus eeBoit Mojenn Z € R*. Ocrapiuecs JIBe MOACETU MPEICTABISIOT
coboit lekojep ciioes u Jlekoyep cBsizeil, KOTopbie BOCCTaHaB/IUBAIOT I'pachoBoe 1pejcraniie-
HUS MO/ U3 BeKTOpHOTro. B pe3yibrare paboThl JeK01epoB (POPMUPYIOTCS JEKOINPOBAHHbBIE
BEPCUU MaTPUIIBI CJI0EB Z*, MaTpUIlhl CBsi3eit R* n ee HOpMaJIM30BaHHON BepCcHn R*.

Pacemorpum kaxkayio u3 mojcereit OoJiee 1IOAPOOHO. DHKOIEP CBsI3ell MPUHUMAET Ha BXOJ
HOPMAJIM30BAHHYIO MATPHUILYy cBa3ell R U mpeobpas3yeT ee B BEKTOPHOE IIPEICTABICHUAE Pa3Mep-
HocTu 2. IIpomecc dpopMHPOBaHHSA BBIXOJTHOTO BEKTOPA PEATU30BAH MOCPEICTBOM IIOCIEI0BA~
TEeJIbHOI'O MPOXO2KACHUA JaHHbIX Yepe3 TPpHU HNOJHOCBA3SHBIX CJIOA. HepBbIe ABa CJ10d codepzkKaT
o 2 - \ - ¢ weiiponos. [locaeauuii cyioii, cocrosiiuii u3 z HeHPOHOB, (POPMUPYET UTOTOBOE BEK-
TOpPHOE IIPeJICTABICHNAE CBA3CH.

DHKOJEp CJI0EB MPUHUMAET Ha BXOJ HOPMAJIU30BAHHYIO MATPHUILY CJIOEB H MATPHILY CBSI3CH.
Ha Brixome mamnoit mogcern popMupyeTcs BeKTOpHOE IIpeacTaBaenne caoeB. [[ockoIbKy 1ee-
Basl HeiipoceTeBasi MOJIE/Ib IIPEJICTAB/ILETCS B BUJIE OPUEHTHPOBAHHOIO AIMK/IMIECKOro rpada,
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JI71s1 ee 00pabOTKM MCIOJIL3YI0TCs rpadoBbie HeifipoHHble ceTr. B mpeiaraeMoMm MeTojie npume-
Hsercsa Moandukanus rpadoBoii cBepToTHON ceTn ¢ Mexann3moMm BHEUMaHus (Graph Attention
Convolution, GATConv) [23]|. st moy4eHust BEKTOPHOIO HPEJICTABICHUsT TPHUMEHSIeTCS MO~
ciaenoBareabHocTh 3 nat GATConv c1oeB U OIHOIO MOTHOCBSI3HOTO CJ10si. IlepBbie deThIpe
crog GATConv 061a1a10T pasMepHOCTBHIO CKPHITOTO MpeICTaBJIeHHs, paBHOH 64, Torma Kak
nocsaeHuil caoii uMeer padmeprHocTh 32. B mepom cioe ncnosb3yercs 2 rosossl (head), B mo-
CJAEYIONUX 10 OxHOM rojoBe. [ToqHOCBA3HBII CJIOH, cocTodIuil U3 z HefiPOHOB, TPUHUMAET
BbIxo/1, mocsteiaero GATConv cios u ¢popMupyeT BeKTOPHOE IIPEICTABICHIE CJIOEB.
BexkTopuble npejicTaBIeHIs CJI0E€B U CBdA3€il IeJIeBOM MOJEIN OOBEIAUHAIOTCS C HOMOIIBIO
olepanuy KOHKaTeHaluu. [loydeHHbIl BEKTOP MOZAeTCA Ha BXOJ IMOJHOCBA3HOTO CJIOSI C BBI-
XOMHON Pa3MEPHOCTHIO 2, KOTOPBIH (hOPMUPYET UTOTOBOE BEKTOPHOE IMPEICTABICHUE MOJIEJIH,
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obozHavaemoe Kak Z. Bo Bcex yHOMSIHYTBHIX CJI0SX B KadecTBe (DYHKIMH AKTUBAIUU UCIOTH3Y-
erca Exponential Linear Unit (ELU) [24].

st 1eKoaupoBaHus IeJaeBOM MOJIeJ I BEKTOPHOE IIpe/ICTaBJAeHue Z IMOCTYIIaeT Ha BXOJ Ol-
HOMY IIOJTHOCBSI3HOMY CJIOIO, COJIepKAIeMy 2 HeifpOHOB, KOTOPBIH (bOpMHUPYET IeKOIMPOBAHHY IO
BEPCHUIO JAHHOTO TpejcTaB/ienns. BeIXoa JaHHOTO CjI0s mocTynaer Ha Bxosx Jlekomepy ciioes u
Jlexonepy cBsizeii.

Jlexomep cBsizeit ¢ MOMOIIBIO TPeX MOCJIeI0BATETFHO MPUMEHSIEMBIX TOJTHOCBSI3HBIX CJI0EB
dbopMupyeT IeKOTHpPOBaHHYI0 MaTpHIy cBsaseil R* € RM2. KaxKaplil U3 3THX CI0€B COMePIKHT
2 - A - £ meitpona. B kadecTtBe (DYHKIUU aKTUBAIMU JJIsi IMEPBLIX JIBYX CJI0EB HCIIOJIb3YeTCA
Exponential Linear Unit (ELU), Torga xak GyHKIuer ak THBAIAN OCJIEIHErO CJI0sT SIBJIAETCS
softmax. Ha Beixoje momcern popMupyercst 1eKOAUPOBAHHAS MATPHUIIA E*, B KOTOPO# KaKIas
CTPOKA MPEJICTABISIET COO0T KOHKATEHAINIO IBYX BEKTOPOB JUHEL £. [lepBoIil BEKTOD COMEPKUT
BEPOSTHOCTH TOTO, YTO COOTBETCTBYIOIIMM CJIOH BBICTYIAET MCTOYHMKOM JIAHHBIX B CBS3H, a
BTOPOIl BEPOATHOCTH YUYaCTHs KayKJIOr0 CJI0s B KadecTBe IesieBoro. [ljs moaydeHus UTOroBoi
JIEKOTMPOBAHHON MATPHUIBI CBa3eil R* K KayKIOMy TaKOMY BEKTODPY NIPUMEHSIETCS OMepalus
arg max. /lannasg omepanusi mpeobpa3yeT BepOATHOCTHBIE OINEHKH B WHJIEKCHI, BBIOWpAs /s
KazKJIoN cBsA3M Hanbosiee BEPOATHBIE HAYAJILHBIN U MEJEeBOH CJIOU.

Ha Bxox /lekojepa cjioeB mnojaercd JeKOJIMPOBAHHAS BepCHSA BEKTOPHOI'O IpeJ/ICTaBICHUS
U JeKOJIMpOBaHHAs MaTpula cBazeil R*. Ha mepBom 3Tale IeKOJAMPOBAaHHS BEKTOPHOE IIPE-
cTaBaeHne 0OpabaThIBAETCs TOJHOCBSI3HBIM CJIOEM, coaep:kamuM 32 - £ Heiiponosn. [lamee, ¢ mo-
MOTIBIO MATH MTOCJIEI0BATEIbHO MpuMenseMbix Tpadosbix ciioeB GATConv, Ha ocHOBe BBIXOIA
MPEJIBLIYINETO CI0s U JEKOJAMPOBAHHON MaTpuIpl CBst3ell popmMupyercs NeKOoJANpOBAHHAsT MaT-
puna cjgoes L*. llepBbie deTbipe cJIod UMEIOT pa3Mep CKPBITOrO IpeICTaB/IeHus, PaBHbIN 64.
[Tocaeannii caoit popMupyeT oKOHUYATEIbHOE IIPEJACTABICHNAE CJI0CB H UMeeT pa3Mep CKPBITOro
mpecTaBienusi, paBublii ¢ + a + 2. Bo Bropom GATConv ucmonb3yercst 2 TOJOBH BHUMAHUS, B
OCTATbHBIX MCIOJIb3yeTcs: 0 oiHoil. B kadecTBe DyHKIMN akTHBAIMY JIJIS BCEX CJOEB, KPOME
nocJjeganero, npumensgercs ELU.

OyHKIWSA aKTUBAINN TOCJIETHETO CJIOST SIBJIETCS COCTaBHOM. [1ycTh BBIXO TIOCIETHETO CI0S
umMeeT Bu MaTpuilsl O € [REX(C“”), TJle KaKJad CTPOKA COOTBETCTBYET OJIHOMY CJIOI0 Helipoce-
TeBOH MOJIEJIH, a CTOJIOIBI IPEICTABISIOT CODON pa3/IndHble JeKOIUPOBAHHbIE XapaKTePUCTUKH
caos. K nepsbiM ¢ cTosibiiam Kazk 10t ¢cTpoku npumensiercs pyukius softmax st nosrydenust
pacrpeeseHns BepOATHOCTeH TPUHAIEZKHOCTH CJIOA K pa3audHbiM Tunam u3 wabopa C. Cie-
JIYIOTIHE JIBa CTOJIONA KaYKJAO0H CTPOKU COMEpP:KAT UUCA0BBIE MapaMEeTPHI CJIOA, K KOTOPBIM He
npuMensercd pyuknust akruBanuu. Ilociiennue a cTogOOB KaxK a0l CTPOKH COJepKaT 3HAUe-
HHUsI, KOTOPBIE Toc/Ie NpuMeHeHust MYHKIUU softmax nmpeodpas3yiorcs B 3HAUEHU, OTPaKAIOIIHeE
BEPOATHOCTD HAJIMUHsl y JAHHOTO ¢Jiog hynkiuu axrusanuu u3 nabopa A. Popmanbio crpoxa
JIEKOINPOBAHHON MATPHIIBI CJI0€B L* MOYXKeT OBITH MPEeICTABICHA CJIEIYIONUM 00Pa30M:

L* (i,-) = softmax(slice; 1..(0)) - slice; ¢, (O) - softmax(slice; 11.5(0)),
1<i<l, w=c+2, s=c+a+2,

(3)

rae dbyukiws softmax : R™ — R™ anst Bekropa X = (Z1,...,T,;,) OUPEIETISIETCS CJI6YIOTIHM
obpazom:

eri

3.2. Dopmuposarue 6eKmMopHo20 npedcmasserus napamempos obyuenua. Ha puc. 3 mpen-
cTaB/eHa aPXUTEKTypPa JHKOAEpa mapaMerpos o0y4denust. Ha Bxog HKOAEPY MoCTyIIaeT BEKTOP

softmax(X); <j<m.
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Puc. 4. ®opmupoBanne mporHo3a MoIe/H

G € R, conepskamuii cCOBOKYIHOCTD UHNCIOBLIX IPH3HAKOB JABYX KaTeropuii: THIeplapaMeTphl
o0y4eHuns n XapaKTePUCTUKH BBIYUC/IUTEIBHOIO YCTPOUCTBA, HA KOTOPOM OCYIIECTBIIAETC 00Y-
qyeHue MOAeJIH. CHI/ICOK IapaMeTpoOB, IIOJaBaeMbIX Ha BXO/, BKJIOYaeT CJACAYIOIIHE SJICMEHTHI:
JUTHHA TOJIIIOCIeI0BATE/IBHOCTH, KOJUIECTBO KOOPJIUHAT, CKOPOCTH O0yYeHHs, 00beM JIOCTYII-
HOM BHJICONAMSITH, IIPOIYCKHAS CIIOCOOHOCTH NAMSTH, KOJUIECTBO TEH30PHBIX S1epP, IPOU3BO-
IATEeNBHOCTH yekopuTens, konudecrBo CUDA-anp, TakToBasg dacTora, BEpCHsS apXHTEKTYPhI
(CUDA Capability).

ApxurekTypa DHKOJAEPA BKIIOIALT CJIeIYIONNe MOCIe0BATEIHHO TPUMEHIeMbIe CJION: CJIOM
C MHOTOTOJIOBBIM MexaHu3MoM BHuManust (multi-head attention) u jBa moMHOCBSI3HBIX C10s1. Me-
XaHU3M BHUMAaHUs HCIIOJB3YeTC JI/Isd BBIIBJICHUS B3aMMOCBsI3eil MeKy KOMIIOHEHTAMHU BEKTO-
pa G ¥ ompejie/IeHUsT MX 3HAYUMOCTH NPH (POPMHPOBAHUE HTOIOBOrO IpejcTaBieHus. Pasmep
CKPBITOI'O IIpeacTaBJieHUud B CJIO€ C BHUMAaHHUEM COCTaBJ/IdeT 10, KOJINIEeCTBO I'OJIOB PaBHO 2.
[Tonnocssazubie cjou cogepkar 1mo 10 HelipOHOB KaxKiblil 1 (POPMUPYIOT BEKTOPHOE MPEICTaB-
JIEHNE IMapaMeTpOB O6y‘{eHI/IH. B Ka4dgecTBe CbYHK]_[I/II/I AKTUBAIIUN BO BCEX MOJHOCBA3HBIX CJI0AX
ucnoab3yercsa Rectified Linear Unit (ReLU) [25].

3.3. @opmuposanue npoenosa. Ha puc. 4 npeacrapieHa apxXuTeKTypa HeiipoceTeBoi MOIeH,
peasiuzyiorieit Arperarop. B kadecTBe BXOJHBIX JaHHBIX ATPEraTop mo/iy4aeT BeKTOPHBIE TIPeJI-
CTaBICHH TeJeBO HellpOceTeBoi MoIe/n U mapamMeTpoB ee o0ydennsi. Ha Beixome ArperaTopa
dbopmupytorest BekTop V' € R?, KOTOPHIiT COMEPKAT POTHO3UPYEMbIe 3HAYEHUS XaPaKTePIHCTHK
Ka4decTBa MOJIEJIH.

Ilepen momadeit Ha BXom Arperaropy BeKTOpHBIE IIPeICTABICHUs O00bEINHSIOTCS TOCDPE/I-
CTBOM KOHKATeHAIMH B BeKTOp AAUHBI 2 + 10. Ilonydenusrit BeKToOp 0OpabaThIBaeTCs MOCIEI0-
BaTEJIbHOCTBIO HEHPOCETEBBIX CJIOEB, BKJIIOYAIONIEA OAWH CJAOA ¢ MEXaHN3MOM BHUMAHUA U TATh
MOJTHOCBSI3HBIX €10eB. CKPBITOE COCTOSTHHE CJI0sT BHEMAHUS NMeeT padMepHocTh 2 + 10. M3Bie-
YeHHbIe JAHHBIM CJI0EM IPU3HAKU 00pabaThIBAIOTCS ITOCIEI0BATETHHOCTBIO U3 IIATH MOJTHOCBS3-
HBIX €JI0eB, (POPMUPYIOIIMX IPOTHO3 KadecTBa Mojean. IlepBoie yeTnipe ciod comepxkar mo 200
HefipoOHOB U HcHoaB3YIOT dyHKHuio aktuBauu ELU. Ilocrexnuit cioit coctout u3 aByx Heii-
POHOB, COOTBETCTBYIOIIUX KOJHMYECTBY IPEJICKA3bIBAEMbIX BEJIUYHH, U (POPMHUPYET BBIXOIHOM
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BekTop V. IlepBbiit ajieMenT BekTOpa V' MHTEpHpETUPYETCH KaK OKUJaeMas OIMOKa MO/,
BTOPOIl KaK MPOrHO3 BpeMeHU O0YYeHHUs Ha OJIHON SMOXH.

Mexkmy csioeM ¢ MeXaHU3MOM BHHUMAHHUS W TOCTIEIOBATEIBHOCTHIO U3 YeThIPEX MEePBBIX MOJ-
HOCBSI3HBIX CJIOEB DEATH30BAHO ocTaTouHoe coemuuenue (residual connection) [26]. st moBbI-
menus 0600maonEeil CrocoOHOCTU MOJEIN K MOJHOCBA3HbBIE CJIOAM HPUMEHSETCS POPEKUBa-
une (Dropout) [27].

3.4. Obyuenue modeau.

3.4.1. Dopmuposanue obyuaroweti swvbopru. g oOydeHHS ONUCAHHOM BBIIIE MOJe-
J_ MCTIOJB3YeTCs  YNODSIOYEHHbI HAaOOp W3 1 YeTHIPEXIJTEeMEHTHBIX Koprexed M =
{(Li, R,G,V;)}_,, tme L; — marpunpl cjioeB, R, — marpuna cBsizeil Mexy ciaoamu, G; —
BEKTOD mapamerpos oOywenust, V; — BeKTOp 3HadUeHH KavecTBa Mogean. Kaxabiil sjiement
(L;, R, G,V;) onuceiBaer 0iHy HEHPOCETEBYIO MOJIEJIb, UCIIOJAL3YeMYIO i 00ydenus. st kax-
JI0r0 37emMenTa u3 Habopa M npejnosaraercs, 9To OblIa NPOBEIEHA NPOIEIypa 00y YeHus Ie-
JeBoit Mosienin, 3aaBaeMoil MmaTpunamu L; u R;, ¢ ucnoJpb30BaHueM mapaMeTpoB oOydenns G;.
[To pesyabraram o0ydeHus W IMOCIEAYIOMErO TECTUPOBAHUS HA BAJIMJIANUOHHON BBIOOPKE ObLI
MOJIyY€H BEKTOp OIeHKH V.

[Tepes ncnobzoBanuem wadbopa M jyia o0ydeHus: MOJEAN MPOU3BOIUTCSH TTPEBAPUTETbHAS
00paboOTKa, BKJIOYAIONIAs CAeYIONIe STANbl: HOPMAJIN3AINd, OYUCTKA U (POPMUPOBAHUE BBI-
6opok. BekTopsl kadecTBa Mojieseft V; moaBepraoTcs Mpoteaype HOpMAaTU3allii, BKIIOYAoeit
JIBa TIOCJIEIOBATEIHHBIX TpeoOpa3oBanusd. Ha mepBoM sTarme K KayKI0MY 3JeMEHTY BEKTOPa MPH-
MeHsIeTCs JiorapudmMuaeckoe npeobpazosanne. C MeIbi0 TPeI0TBPAIIEHUS HEOPeIeTeHHOCTEI],
BO3BHUKAIOIINX [IPU HAJWIWH HYJIEBBIX 3HATEHUI, K KaXKJIOMY SJIEMEHTY HpeaBapPUTEIbHO MPH-
baBaserca eauHuna. Ha BTOpoMm 3Tame ocymiectBigeTcd z-HOpMasausanug. Hopmanmmsosarnuoe
3HavyeHue v; € V; BbIUUCIseTCA Ha OCHOBe cjeyiomeil hopMyJIbl:

1 1
G = og(vj—i- )

_u .
is L 1<j< Vi,

gj

rje v; — HCXO/HOe 3Ha4YeHne oKa3aTe s KadecTsa, (i U 0; — cpeJiHee 3HaueHHle U CTaH/ apTHoe
OTKJIOHEHHE, BHIYHUCJICHHBIE 110 BCEM 3HAUYECHHAM JIAHHOIO MOKazaTess B Habope M.

Obyuaroias BLIOOPKa MpeIcTaBIsseT cobO0it HaAbOp MPUMEPOB, Ha KOTOPBIX MOJIEIb 00y IaeTcs
BBISIBJISITH 3aBUCUMOCTH MEXK/IY BXOJIHBIMH U BBIXOJHBIMHU JIAHHBIMEU. B pajbHeiiem o0ydaro-
iy BeIOOpKY Oynem obosnadarh kak D = (X, Y), rne X n Y npejcraBiagior coboit BXOAHBIE
BBIXO/IHBIE JAHHBIE MOJIEIN COOTBETCTBEHHO. BXOMIHBIMU JaHHBIMU STBISETCS KOPTEIK, BKIIOUAIO-
it rpacdboBoe NpejcTaBIeHIe IeJIeBOI MOJIe/IM B BeKTOp napamerpos obyuenud (;. Onucanue
HEeJIeBOi MOJIEIN TepeaeTcss B BUJIEe HOPMAJIU30BAHHON MATPHUIBI CJ10eB L; ¥ MATPUIIBI CBs3ei
R;. BBIXOIHBIME [OJIArAIOTCS CJAEAYIONINAE JTAHHBIE: KOPTEXK, COAEPKAIINN 01aBaeMyI0 Ha BXO/I
HEeJeBYI0 MOJIEb, M BEKTOP napaMerpos KadecTsa V;. PopmanbHO 00ydaroiiast BEIOOPKA MOYKET
OBITH TIPeJICTaBIEHA CAeAYIOMNt 00pa3om:

D={X,Y) | Yi= (LR, V), X; = (Li, Ri, G;),1 < i < n}. (4)

IIpeanonaraercs, 4To B npomecce paboThl MOJE/b, MOJLydas Ha BXOJ, JEMEHTBI BXO/HBIX
naHHBIX X, hopMupyeT BHIXOIHBIE JaHHbIEe B Buje Koprexa Y;* = (LI, Rf, V*), BKIOUYAIOIIero
JIEKOJIMPOBAHHYIO MAaTPUILY CJIOEB Z;k, JIEKOTMPOBAHHYIO MaTpUILy cBf3eil R} U IPOrHO3upyeMble
[okKasaTe/u KadecTsa V"

3.4.2. Buuucaenue owubru. Ommudka E npeacraBiasgeT coboit cOCTABHYIO BEJTUYUHY H OTIpe-
JleIIeTcs KakK B3BellleHHasi CyMMa HEeCKOJIbKUX KOMIIOHEHT, KaxK/1asd M3 KOTODPbIX OTBEYaeT 3a
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OIEHKY OTKJIOHEHUSI MOJEJHU 10 OJHOMY W3 mpoaynupyembix snadennii. [lycrs € = {E;}¢7

Habop omubok, rae F; obo3HaUaeT 3HAUYEHNE i-ii KOMIIOHEHTHOR OIMHOKH, err — obIlnee KoJIude-
CTBO TAKUX KOMIOHEHT. KaxK10# KOMIIOHEHTE COIIOCTABISAETCS BECOBOM KOI(DMUIUEHT, OTpazKa-
oMUl ee BKIa B UTOroByo omubKy. COBOKYIHOCTH BecoB 3ajaeTcs BeKTopom W = {w;}¢,
w; € R. Cymmaprast omnbOKa MOJEJIN OLPEIeACTCI CAeYIONUM 00pa3oM:

CocTraBHbBIE YacTH 00OIIEH OMHOKHE MOYKHO PA3/IeUTh Ha TPHU I'PYIIILI: BEPOSITHOCTHBIE OIIHO-
KU, OMMOKM Kjaccupuranum u omudbKu perpeccuu. K BepOATHOCTHBIM OMIMOKAM OTHOCHTCS
omuOKa HAJIMYNA CBA3U MEXKY CJ0AMU Fegge. K ommbkam Kiiaccudukauu OTHOCATCS IPOTHO3
TUna ca0d L,y U IPOTHO3 TUIA aKTHBAIUHU CI0A Fyctivate- K OmuOKaM perpeccuu oTHOCATCH
IIPOTHO3 aPaMeTPOB CJI0EB Laramg, TPOIHO3 OMMUOKH Fepror U BpeMeHH 00ydeHuA Fijme HeseBoil
MOJIEH.

Omubxa nporuo3a ciosi Eayey OIpenessercs ¢ moMombio (ByHKIHH KPOcc-sHTponnn [28],
BBIYHCJISIONEH DACXOK/IEHHe MeKIy HCTHHHBIM (one-hot) u HpejcKasaHHBIM DACIIpe/eJIeHN-
SIMU BEPOSITHOCTEH MpuHaIexkHOCTH K KiaaccaM. CormacHo dgopmyie (3), HCTHHHOE W TIpeJi-
CKa3aHHOE pacIpeieeHns PACION0KEHbl B IEePBLIX € CTOJIONAX MaTpPHIL Lul" AHnanorunaso,
omuOKa MPOrHO3a (PYHKIHUH AKTHBAIUU CJAOST Factivate ONPEIENIeTCI KaK 3HaYeHHEe (DYHKIINH
KPOCC-9HTPOIMH, BBIUUC/IEHHON MeZ/ly MCTHHHBIMU U IIPEJICKA3aHHBIMU PACHPE/IeJIeHUAMY Be-
postTHOCTEf 110 THHaM QYHKIUHI HOTEPb, KOTOPBIE PACTIONIOKEHHBIE B IOCJIEJHUX @ cToa0max L
u L*.

c+2+a

J4 c
Elayer == _% Z Z E(ZJ) log f*(z,]), Eactivate = -7 Z Z a] IOgL ( )

=1 j=1 =1 j=c+3

OmubKka TporHO3a HAJUYHS CBSI3efl MKy CJI0SIMH OIpeIessieTcs ¢ IIOMOIIbI0 OMHAPHOM
kpocc-surpornu (binary cross entropy, BCE). Januyto omunbKy MOKHO HHTEPIPETUPOBATH KAK
MepY PacXOXKICHU MKy MPeACKa3aHHbBIMUA U HCTUHHBIMU BEPOSTHOCTAMH YYaCTUA KazKJI0T0
CJI0s1 B KOHKDeTHOH cBsi3u. VcTnHHBIE M NpeJICKa3aHHbIE BEPOSTHOCTH IPEJICTABISIOT 00Ot
Matpuisl R u R*. IIpeamonaraercs, 9To HCTUHHBIE BEPOATHOCTU OBLIU IMOJIYYEHBI IIOCTE One-
hot KomupoBaHuUsT UHJIEKCA CJI0sI YIACTHUKA CBsi3u (cM. popMysty 2), Toraa Kak mpe/IcKa3aHHble
obLT CPOPMUPOBAHBI MOJIE/IbI0. POPMATBLHO ONMUOKA TPOrHO3a HAJUYUS CBA3eil MOYXKeT ObITh
HpeJICTABJICHA CJICTYIONUM 00pa30M:

Fogge = ~ ZZR i-j)og R*(1.7) + (1 = R(i.j) log (1 = R*(i.7)).

Zflj 1

Jlns Beraumcsienns ommuOOK perpeccuu WCenosb3yercss yHkuusg mnorepb Xybepa (Huber
loss) [29], koTopas oreHIBaeT pacCTOSHIE MEXK/y HCTUHHBIMA 3HAYEHUSME U IIPEICKA3AHHBIME
Mozenibio. B coorBercTBHE ¢ bopmysoit (3), TpH BRIYHCICHUE ONTHOKH MPOTHO3a MApAMETPOB
HeI/IpOCeTeBbIX c110€B Eparams ACTHHHBIE 3HAYEHHS GePyTCs U3 IHANAa30Ha CTOIONOB [¢ + 1, ¢+ 2]
MaTPHIL Lul"B caydae OIMMOOK IIPOTHO3a TOYHOCTH Feyor ¥ BPEMEHH BBIMOJTHEHUS Fijme
UCTHHHBIE 3HAYEHHS MPEJICTABICHBI IEPBBIM U BTOPLIM CTOJIOIIAME MAaTPHILI V', a IpeacKa3aH-
HbIE COOTBETCTBYIOIIMMU CTOJIOIAMI MATPHUILI V. PopMaabHO OMUOKH JAHHON IPYIIBI MOTYT
OBITH 0DO3HAYEHBI CJICYIONIUM 00PA30M:
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Tabaruuya 1
Annapatrag miaTgopMa g SKCIEPUMEHTOB

XapaxkrepucTukn CPU GPU (V100) | GPU (RTX 3060)
bpenn u cepus Intel Xeon NVIDIA Volta | NVIDIA Ampere
Mojenn E5-2687TW v2 V100 RTX 3060
KonmugectBo saep 8 5120 3 584
TakToBag wacrota, ['I'r 3,40 1,53 1,78
[Mamars, I'B 16 32 12

~

¢
1 ~
Eparams = 7 E HuberLoss(slice; ¢+1.4(L), slice; c+14(L*)), v=1c+2,
i=1

c L
1 1
Eervor = 7 E HuberLoss(V (4,1), V*(i,1)), Eiime = 7 g HuberLoss(V (4,2), V*(,2)),

=1 =1

riae dyaknus norepb Xyoepa HuberLoss : R x R? — R umeeT caeayioniuii BuI:

q %(q;—y)27eCJII/I |z —y| <0,
HuberLoss(x,y) = Z Mz, yr),  h(zy) = 5 1s
=1 |z — y| — 36), unaue,

x,y € R, 6> 0.

4. BeruncanrenapHbie 3KcnepuMeHThI. /L1 uccienoanus 3h(OeKTUBHOCTH ITPeII0KeH-
HOI'O METO/a OBLIM IPOBEIEHB BBIYHCJIUTEIbLHBIE SKCIEPUMEHTHI, B KOTOPBIX HCIOIb30BAJIOCH
obopyaoBanue Jlaboparopuu cynepkomubiorepaoro mogeauposanust FOYpI'Y [30]. B 1aba. 1
HPUBEIEHBI XapaKTePUCTUKN 000PYI0BaHNUs, 33 e iCTBOBAHHOIO MPHU MCCIEI0BAHIN TPOCTPAH-
CTBa MOUCKA ¥ 00yYeHHs MOjesiell IpeICcKa3aHus KadecTBa HeifipoceTeBhIX Mojeseit. Beraucim-
TeJIbHBIE YKCIEPUMEHTHI, CBI3aHHBIE C UCCJIEIOBAHNEM IPOCTPAHCTBA, MOUCKA, OCYIIECTB/ISLINCD
B T€UEHHE TPEX MEeCSIIEB.

4.1. Ilpocmparcmeo noucka. B pamkax JJaHHOIO MCCJIEA0BAHUS IEJEBOH MOJIEIbIO, OITH-
MU3HPYEMON B XOJie HEfipOCeTeBOro IMOUCKA, BBICTYNAET MOJIEJb, AlllIPOKCUMUPYIONas (HyHK-
[0 BOCCTAHOBJIEHUsT BpeMeHHOTo psija. [leseBast Mojesb peagn3yer mporecc mpeodpa3oBaHust

o] [ ]

HeIoJIHBIX nofnocaegosareasnocteil T ,, B BoccTanosiennsle T; ,,. Oby4Jatomas BEIOODKa Iie-
neBoit Mogesnn dpopMupyeTcd U3 HOTHBIX Hoanociaenosarenbuocreit T; ,,. B kaxkayio nogmocie-
JIOBATEJIbHOCTD CJydafiHbiM 00pa30oM j100aBJISIIOTCH HPOIYCKH JIO TeX 1OP, HIOKa J0Jisi HPOILy-
IMICHHBIX TOYEK He IpeBbICHT 25 % oT o0mero 4meaa 31eMenToB. 11oanocae 0BaTeJbHOCTH C
MPOIYCKAMHU TTOAAI0TCS Ha BXOJI IeJeBOI MOJIe/IN, KOTOPas BBHITIOJIHSIET BoccTaHoBaeHne. Kade-
CTBO BOCCTAHOBJIEHUS OIeHUBAETCS MyTeM CPaBHEHUSI BBIXO/HBIX BOCCTAHOBJIEHHBIX 11OCJIE/I0BaA~
TeJIbHOCTEH ¢ UCXOTHBIMU TOJHBIMHA JI0 BHECEHUS TTPOITYCKOB.

B pesynbpraTe oOyUeHHST OXKUIAETCSA, UTO 3HAUEHUSA BOCCTAHOBJIEHHBIX ITOIIOC/EI0BATETh-

L[]

nocreit T; ,, OyayT NpuOIMZKEeHbl K 3HAYeHUAM COOTBETCTBYIONINX IIOJHBIX IIOIIOCTEI0BATe b=
nocreit T;,,. Ina obecrnedenna oObeKTHUBHOCTH ONEHKH KadeCcTBAa MOJEIN HPHMeHSeTCS IPOo-
eIy pa Kpocc-BaauJIaliui ¢ HECKOJIbKIUMU HEe3aBUCUMBIMU pa3OMEeHUAMHI UCXO/IHBIX JAHHBIX HA
00y YaIoIIYIO U TECTOBYIO BHIOOPKHU. OIEHKA TOYHOCTH BOCCTAHOBJICHHUS OCYIIECTBIISETCS 1O TEM
3HAYEHHUSM, KOTOpbIe OBLTH UCKYCCTBEHHO MOMEYeHbI KaK MPOnyIeHHbIe. /15T OleHKN TOYHOCTH
BOCCTAHOBJIEHHUS HCIIOJIB3YeTCsI cpeiHekBaparnanas omubka (Mean Squared Error, MSE).
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Tabauya 2
[TapameTps! CjI0eB U3 IIPOCTPAHCTBA TOUCKA
Ne | Tun cnoa | T'mybuma HapaMueprl cnod _
[IepBriii Bropoit
1. Dense [1,20] {16, 32,64, 128,256,512, 1028} —
2. | ConvlD [1,5] {32,64, 128,256,512} {3,5,7}
3. RNN [1,2] {16, 32,64, 128} —
4. LSTM [1,2] {16, 32,64, 128} —
. GRU [1,2] {16, 32,64, 128} —

4.1.1. Iapamempor uyeaesoti modeau. B nannom mccjieloBaHuE MPOCTPAHCTBO MOUCKA TeJIe-
BOIl MOfe/in OBLIO OIPAHUYEHO C YI€TOM XaPAKTEePHBIX OCODEHHOCTEl 337129 BOCCTAHOB/IEHUSI
BPEMEHHBIX DAIOB. B JaCTHOCTH, B Ka4dYeCTBe 6&30BBIX KOMIIOHEHTOB paCCMaTpPUBaJINCh THUIIBI
CJI0€B, 0018 Ial0IIHe CIIOCOOHOCTHIO MOJIEJIMPOBATH BPEMEHHbIE 3aBUCHMOCTH U IMIHPOKO MpPHMe-
HsieMble B paHee OIMyOJHKOBAHHBIX padOTaX M0 aHAJIU3Y H BOCCTAHOBJIECHUIO BPEMEHHDIX PAJIOB.
Ucnonp30Baauch cieyonume THIIbL CJ0eB: moJaHocBs3ube (Dense), ojHoMepHbIe CBEPTOYHbBIE
(ConvlD) u pekyppenrabie (RNN, LSTM, GRU). /lns KaKmoro ¢aosi BApbUPOBATACH HHIH-
BHLyaJbHbIe apamMerpsl (cM. Tabu. 2).

Jlnst Bcex paccMaTpUBaeMbIX HEHPOCeTEeBLIX MoJe/eil MPOBOJUICA Iepebop obIuX THiep-
napaMeTpoB: JJIMHA BXOIHOM IMOIIIOCIEI0BATEIHLHOCTH TPUHUMAJIA 3HAYECHUST U3 MHOXKECTBA
{100, 200, 300}, ckopocrb obyuenust u3 muoxecrsa {0.001,0.005,0.0001,0.01}. dus xaxkuoit
KOM6I/IHaHI/H/I TUIIOB CJIOEB 6bIJ'Ia 3aJlaHa MaKCHUMAJIbHO AOIIYCTUMaAA 1".)'[}76I/IH3J7 YYIHUTBIBaIOIIad
NOTEHIINAIbHBIIT PUCK MCYE3HOBEHUs T'PAMEHTOB Npu o0ydyeHuu riiyookux Heiipocereit. B co-
BOKYITHOCTH OBLIO ¢hOPMUPOBAHO AUCKPETHOE MPOCTPAHCTBO U3 200 YHUKAJIBHBIX MOJeseli, B
paMKax KOTOpPOro ObLIO BbITOJHEHO Oosee 12 000 3amyckoB 00y YeHUS.

4.2. Habopwv, danunz, xonxypenmo, u memoduka cpasHenud. B KauecTBe HaOOPOB JTaHHBIX
AJI IKCIIEPUMEHTOB HUCIIOJIB3YIOTCA PE3yJIbTaThbl O6yquI/IH MO,ZLeJ’IefI, IIOoJIy4deHHbI€ B XO4€ IMOUC-
Ka HeifpoceTeBble MOJEIN JJIsi BPEMEHHBIX PsIOB U3 PAa3JTHIHBIX MPeIMeTHBIX obsacTeir. Omm-
CaHUe HMCIOIb3yeMBIX BPEMEHHBIX PSAJIOB IpeicTaBaeHo B Taba. 3. B mporecce o0ydeHns Kak
IpeIaraeMoro MeToga, TakK W MeTOJIO0B-KOHKYPEHTOB, UCXOJAHBIN HAOOp JAHHBIX IOABEPIasICs
paszbuennio. 13 Bcero MHOZKeCTBa BO3MOXKHBIX MOJeIell neKmodanuch 25 %, ocrasmmecsa 75 %
UCIIO/Ib30BAUCH Jjist 00ydeHus. VICKII0UeHHbIEe MOJEN HCIOAb30BAJNCH JIJI TECTHPOBAHUSI.
Jlst obecrievdeHns COMOCTABUMOCTHU PE3Y/IbTATOB Pa30MeHwe JaHHbBIX JIJI KayK 00 TeCTUPYEMO-
ro METO0/1a OCTABAJIOCH OJIMHAKOBBIM.

Bo Bpemsi BBIYHCIUTEIBHBIX YKCIIEPHMEHTOB CPAaBHUBAJIACH TOYHOCTD ITPOIHO3a IHapamerT-
POB KadecTBa KaxKIOr0 HCCIEIYEeMOrO MeTO/Ia Ha TeCTOBOH BBIOOPKE C IMOMOIILIO CHMMETPHY-
HO#l cpejiHeil abcosroTHOH nponenTHoil omubke (Symmetric Mean Absolute Percentage Error,
SMAPE), koropast orpazkaer omubKy B IPONEHTaX, 9TO 00JerdaerT HHTePIPETAITIIO De3yIbTa-
ToB. POpMAILHO JTAHHAS ONMNOKA MOYKET OBITH MpeACTaBIeHa CIEIYIONIHM 00Pa30M:

SMAPE:mO%Z ly: — 3l |
no = (il +19:0) /2

rje y; — UCTUHHOE 3HAUeHHUe, {); — MpeICKa3aHHOe MOIEIbI0 3HAYEeHHEe, . — ODIIee IUCI0 Ha-
OJIT0ICHITA.
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Tabauua 3
Habops! nanHbiX, UCIOJIB3YEMBIE B SKCIIEPUMEHTAX

Jnuna, | Kommdecrso,
n x 10% | usmepenuit, d

1. | BAFU [31] 50 10 C6poc Bogs! B pekax [Iseiinapun
TloTpebierne 31€KTPOIHEPTUN B HECKOJTBKIX

Ne Habop [Ipesmernas obaacThb

2. | Electricity [32] 5 9 N
JOMAINHAX X03diicTBax PpaHnum
3. | Climate [33] 5 10 IToroga B pasmaanbix gokanuax Ceseproit AMepukn
4. | Madrid [34] 25 10 Tpaduk aBTOMOOUIBHEIX Jopor B Maapuie
5. | NREL [35] 8.7 9 ITorpebyienne SIEKTPOIHEPIUA B HAYIHOM IEHTPE B

CIIA

B kadecTBe KOHKYPEHTOB HCIHOJIb30BaauCh cieayiomue Meroabl: XGBoost, NGBoost,
LightGBM, Random Forest [14], BOHAMIANN |[20], DNGO [19], MLP [17], OMNI [18],
VSGP [15]. B kadecTBe peanmsanuu CpPaBHUBAEMBIX METOJOB HCIIOJb30BAIACH DeATH3AINs,
npejgocTaBiseMas B coctaBe dpeitvBopka NASLib [18]. 'umepnapaMeTpbl KOHKYPEHTOB IO/
OupaIuch WHIUBUIYAJIBHO IS KaxKJIOTO0 BPEMEHHOTO Psa ¢ HUCIOJb30BaHWEM ILTAT(HOPMBI
Weights & Biases (wandb) [8] B Teuenun omuoit Hemesm.

4.3. Peayavmamuw. Ha puc. 5 mpejcraBienbl pe3yJibTaThbl BbIYUCIUTE/IHHBIX IKCIEPUMEH-
TOB B BHAEC CTOJ’I6"IaTbIX AunarpaMm, OTpazKalollux TOYHOCTH IMPOrHO3a AJd BCeX MCCICAYEMbIX
MeTO/IOB. InarpaMMbl OpraHu30BaHbl B BHJE TAOIUIBI: CTOJIOIBI COOTBETCTBYIOT HabOpaM Bpe-
MEHHBIX PAJ0B, CTPOKHM OIMMOKAM TTPOTHO3UPYEMBIX IapaMeTpoB kKadecTBa. 1loa mapamerpamu
KavyecTBa MOIPA3YMeBAeTCs OMMOKAa MPOTHO3a TOYHOCTHU IEJIeBOUW MOJETN W OMMOKa TPOTHO-
3a BpeMmenu ee obyuenus. Kaxkgas aumarpamma orobpazkaer 3uadenusi merpuku SMAPE mis
BCeX CpaBHHUBaeMbIX MeETOHOB. ,ZLJIH HalVIAAHOCTU HaWJIy4dlIce 3HaYCHUE B Ka)K,ZLOfI JuarpaMme
BBIJIeJIEHO YKUPHBIM IIPHMTOM.

Mertox tsGAP2 nemoncrpupyer crabuiibHoe W 3HAYUTENHHOE TPEUMYIIECTBO HAJ KOHKY-
perTaMu. B cpeaHeM mo pa3amdHbiM Habopam gaHHBIX tsGAP2 obecmeumBaer HaHOOIBITYIO
TOYHOCTDb IIPOI'HO3a KaK IIO OH.H/I6K€ MoOZeJIn, TaK U 110 BpeMeHU O6y‘{eHI/IH MOACJIN. BeﬂI/IqI/IHa
ommMOKHN IIPOTrHO3a, JAOCTUTACMAas NPEeIJIOKEeHHBIM METOAOM, B cpeanem cocrasiaser 4.4 % mo
onmOKe 11ee0B0i Mogesnn n 8.8 % nmo Bpemenn ee obydenus. B To ke Bpemst cpegHne 3HAYCHU
AHAJIOTUYHBIX OIMUOOK CPEIH BCEX albTepHATUBHBIX IIOAX0J0B coctaBiaioT 27.6 % u 61.1 %
COOTBETCTBEHHO.

5. luckyccuda. B pamkax npejjiaraeMoro moJxoja mneJjieBas Moje/b 00y4aercs Ha MHOI'O-
MEPHBIX BPEMEHHBIX PS/aX, KOTOPBIE XapaKTePU3yITC CTOXAaCTUIHOCTHIO. 3HAUEHUsI BO BPe-
MEHHBIX TOYKaX MOT'yT CbOpMI/IpOBaTbCH IO BOSAGI'?'ICTBI/IGM MHOZKeCTBa CbaKTOpOB 1 MMOAYNHATH-
cd Pa3JIMIHBIM BEPOATHOCTHBIM 3aKOHOMepHOCTAM. Vcmomb3yeMas I BOCCTAHOBJIEHUS Tese-
Bast MOJIeJIb TaKzKe MMeeT cToXacTHdecKnii XxapakTep. [lepen Hagamom o0ydenns Beca Helpoce-
TEBOI MOJIES TN HHUMUATUIUPYIOTCS CAydaiiHbiM obpaszoM. B mporecce o0ydenus: BBIOOD BXOTHBIX
U BBIXOJ/IHBIX TTPUMEPOB OCYIIECTBJIAETC CIydaiino. B pesyabrare moBTOpHOE 00YUeHUE MOJIE/IH
MOZKET IPpUBOAUTH K JOCTHZKEHUIO PAa3HbBIX JIOKAJIbHBIX MUHUMYMOB beHKL[I/II/I noTepb U, COOT-
BETCTBEHHO, K BADHATHBHOCTH KAa4eCTBA MOJIEJIH.

YKazaHHBIEe aCIeKThl CBUAETETbCTBYIOT O TOM, YTO BOCCTAHOBJIEHHbIE 3HAUEHUS W MIPOTHO3
KavyecTBa IEJIEBOM MOJIeTN He CTOUT UHTEePIPeTUPOBATH KAaK JIeTePMUHUPOBAHHBIE WIH abCOo-
JIIOTHO TOYHbBIC OIICHKMH. HOJIyLIaeMbIe pe3yJibTaThbl L[eJ'[eCOO6paSHO HMHTEepHpeTupoBaTb KaK BeE-
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IIBONAS [0LGboost DBVarSparse I0IBOHAMIANN [ OMNI

& BAFU Electricity Climate Madrid
=
= =1 =7 =%
oe]
S m 34 o 13 . 23 . 21
Z 42 13 27 26
& 57 17 33 32
g 36 16 24 19
3 40 14 23 22
R 35 17 22 19
g 31 14 21 19
S 33 15 22 20
5 5 7 2 2
I T T T T I T T T T I T T T T I T T T T I T T T T
O 0 2040 60 80100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
5|8 33 19 I8
=
g 112 188 133 164 156
O | 78 [ 07 90 . 76
2 37 46 38 38
9 104 178 181 161 141
24 196 25 193 189
E m20 36 21 15
3 77 85 83 32
216 32 6
g mi1s 45 22 20
m 15 20 5 6

0 100 200 300 O 100 200 300 O 100 200 300 O 100 200 300 O 100 200 300
SMAPE, % SMAPE, % SMAPE, % SMAPE, % SMAPE, %
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POSITHOCTHBIE OIeHKH [36], oTpazkaromme ycpeHEHHOe TOBEJIEHHe MOJEJN B paMKax 00ydaio-
meit BBIOOpKH. TOYHOCTD OIEHKH 3aBHCHT OT PEIPEe3eHTATHBHOCTH 00yUaloIeil BHIOOPKH Ie1e-
BOIl MOJEIN B OT 00beMa HCCIEI0BAHHOIO IIPOCTPAHCTBA MOKCKA. 11011 penpe3eHTaTuBHOCTBIO B
JIAaHHOM KOHTEKCTE CJIeIyeT IMOHHMATBH TO, HACKOJIBKO BPEMEHHON psiJi OTPaykaeT XapaKTepHOe
pa3Hoobpa3me COCTOSTHUS MOIEJIUPYEMON CHCTEMBI.

BaxkHO TakKe OTMETHTb, 9TO IeIb HEHPOCETEBOH MOJEIN 3aKIYaeTcss He B JIOCTOBHOM
BOCIIPpOU3BEICHUN O6yanOH_[I/IX AAHHBIX, & B BbIABJICHUUN U O606H[6HI/II/I CKPBITBIX 3aKOHOMEPD-
HOCTel B HabJIIOMaeMbIX mpoieccax. HecoBraienne MeKIy BOCCTAHOBJIEHHBIMU W MCXOIHBIMU
3HAYEHUSIMI HEeoOsI3aTeIbHO CBHIETEIBCTBYET O HH3KOM TOYHOCTH Momend. Hamporus, dpes-
MEpHOe COOTBETCTBHE OOYYAIOININM JTAHHBIM MOXKET YKa3bIBaTh Ha IMepeoOydeHHne W CHUYKEeHHE
cuocobrocTu Mojiesin K 0600mmenuto. 1oaromy onenka 3pdekTuBHOCTH JIOJIZKHA OHUPATHCH HA
ee yCTOﬁqI/IBOCTb K HOBBIM, paHe€e€ He BCTPCYABIIUMCA BXOAHBIM JaHHDBIM.

CrenoBaTeIbHO, HECMOTPS HA CTOXACTHYECKYIO MPUPOLY KaK JAHHBIX, TaK W MOIEJIei, 10-
CTUTHYTash TOYHOCTb HPOTHO30B MOKET OCTaBAThCA B IIPejesaX JOMYCTUMOTO IHAIa30Ha, CO-
OTBETCTBYIOIIEr0 TPeOOBAHUSIM IIPEAMETHOR o6sacTd. ['paHHMIBI AOMYCTUMBIX OTKJIOHEHHH B
9TOM CJIy4ae JOKHBI OPEIeIIThCI IH00 IKCIEPTHO, THO0 NCXOAA U3 MPUKJIAIHBIX KPUTEPHEeB
Ka4uecTBa MOJIEJNPOBAHNAS U aHaan3a. B koarekcre NAS menbo gaBiisiercsa He abCOTI0THOE TIPeI-
CKa3aHme KauyecTBa IeJIeBOi Moaean, a obecnedeHne HaAesKHOTO OTHOCHTEIHHOTO PAHKHPOBa-
HU BO3MOXKHBIX 9JIEMEHTOB IPOCTPAHCTBA MoKcKa. Ilpu TakoM moaxoze mazke MpUOIMKeHHBIE
3HAYEHUS TOYHOCTH OKA3BIBAIOTCS MOJIE3HBIMHU, €CJIH COXPAHSAETCS COIVIACOBAHHOCTH B OIIEHKE
OTHOCHUTEJIBHOIO KAUecTBa aJlbTepHaTHB. IIpemoKenHblii B JaHHON paboTe MOIX0 JeMOHCTPH-
pyer comnoCraBUMble WJIN JIydIIKWEe Pe3yJibTaTbl 110 CPpaBHEHUIO C COBPEMEHHBIMU aHaJIOTaMHW H,
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CJey s U3 U3JI0ZKEHHOTO BBITIe, MOYKET UCIIOIL30BATHC JIJIsl PEIIeHNs 3a1a91 TPOrHO3UPOBAHUS
KadeCTBa HEUPOCETEBBIX MOJIEJICH.

SaksrodyeHue. B j1anHoit crarbe paccMoTpeHa 3a/iada IPOrHO3a KadyecTBa HEHpPOCeTeBbIX
MoJiesieif BOCCTAHOBIEHHSI TPOIYIIEHHBIX 3HAYEHN B MHOIOMEPHBIX BPEMEHHBIX PAIAX, UTO SAB-
JISETCs BazKHOU 1Ipo0/ieMoit BO MHOIUX IpejaMeTHbix obsactsax. [loj KadecrBoM HelipoceTeBoit
MOJIE/TH TI0/IPa3yMEBAETCd COBOKYITHOCTD JIBYX IOKa3aTesieil: omubKa MOJEn U BpeMs ee 00y-
JeHunst Ha O/HOIT smoxe. [Ipemroxen meron tsGAP2 st mporao3upoBanus OMMMOKW W BPEMEHN
obydeHus HeiipoceTeBbIX Mojeseft. B mannoit pabore HeiipocereBast MOJIEIb PACCMATPHBACTCS
KaK OPHEHTHPOBAHHBIA alUKJIMIECKHN T'pad, B KOTOPOM V3Jbl HIPEJICTABIAIOT COOOM CJIOH, a
CBA3U 1IPEJICTAB/ILIOT CODON nepejiady JaHHbIX Mexky Humu. MerTos npejiosaraer HaJudue
TPeX KOMIOHEHTOB: ABTOSHKOIED IPadhOBOTO MPEICTABICHUS, DHKOAEP napaMeTpoB u Arpera-
Top. ABTO3HKO/ED TIpeobpasyeT rpadoBoe mpeicTaBIeHne MOJEJN B BEKTOPHOE, CO/epIKaIiee
HaubojIee BayKHyI0 HHGMOPMAIUIO. DHKOJIEP KOJAUPYET IHIeplIapaMeTpbl B XapaKTePUCTUKHU BbI-
YUCIATEILHOIO YCTPOocTBa, (hOPMUPYSA BEKTOP, COAEPzKAIIUil NHMOPMAINIO O BHEIIHUX (hak-
TOpax, BAUSIONIMX HA Hponecc o0ydenus. Arperarop oObejMHsAeT HO/JyYeHHbIE BEKTOPHI U HA
UX OCHOBE IIPOTHO3UPYET MMOKA3aTe/ M KauecTBa HelfipoceTeBoit MOIe/: OMUOKY Ha BaJIUIAINOH-
HO¥ BBIOOPKe U BpeMs o0ydeHus 3a ogHy 3moxy. s obydenus: Mmoje/ieit MeTO1a NCHOIb3yeTCs
coCTaBHAs OMIMOKaA, KOTOpas MPeJICTaBAsgeT co00it B3BEMIEHHYIO CYMMY HECKOJBKHUX KOMIIOHEHT.
Kazk1asg KOMIIOHEHTa OIEHUBAET OTKJIOHEHHE 110 ONPEICJIEHHOMY ACIIEKTY ITPOTrHO3a: HAJIUIHIO
CBA3€eM MEXKIY CJIOSMHU, KIacCUMUKAINT ¢J10eB U DYHKINNR aKTUBAIUNA, PEIPECCHU TapaMeTPOB
CJIOEB, TOYHOCTU U BPpeMeHH paboThl MOIE/IN.

Jlig paHHOrO Wecaea0BaHusa ObLIO COPMHPOBAHO W MPOAHAJIU3UPOBAHO MTPOCTPAHCTBO
IOKCKa, BKAYaiomee 200 pa3/IMIHBIX HelpoceTeBLIX Mojeseil. B kadecTse IeseBoil Mojenan
ObLIa BhIOpaHa HeifpoceTeBas MOjE/Ib, BBIIOJHSIONAS BOCCTAHOBJICHHE BPEMEHHOTO pPsiIa.
Ob6y4uenne Mojeaeit 13 TPOCTPAHCTBA MOUCKA MPOU3BOAUIOCH Ha BPEMEHHBIX PAIaX U3 Pa3/Ind-
HBIX I[peJMeTHBIX objiacTeil. B xoje ucciieioBanus IpPOCTPAHCTBA MOUCKA OBIIO TTPOU3BEIECHO
12 000 3amyckoB obydenus mozeneit. Ins onenku 3hdeKTUBHOCTH TPEITOKEHHOTO METOJIa
U €ro CpaBHEHUs € KOHKYPEHTaMHU IPOBOJUIUCH BBHIYHCJIHTENbHBIE SKCIEPUMEHTHI. B Xxoje
SKCIIEPUMEHTOB MOJIE/IN 00y YaJIMCh MPOrHO3MPOBATH KA4eCTBO IeJIeBOI MoJie/n. Beraucure b
HbIE SKCIIEPUMEHTHI MOKa3aJIM, YTO HPEeIJIOKEHHBIH MeTOJ 00ecIednBaeT BBICOKYIO TOYHOCTD
HpEeICKa3aHusl KA4ecTBa HeJIeBOil Mogen: cpeanss ommnOka 1o Merpuke SMAPE cocrasiaser
4.4 %, 9T0 CymECTBEHHO NMPEBOCXOAUT AJHLTEPHATUBHBIC MOIXO/BI, JEMOHCTPUPYIOIINE CPEIHEe
snagenne 27.6 %. Cpemnssa ommbKa IPOrHO3a Bpemenn oOydeHms coctasiager 8.8 %, Torna
KaK CyIIeCTBYIONIME METOJbI MOKA3LIBAIOT 3HAYATEALHO Ooslee BLICOKHE 3Hadenud — 10 61.6 %.
JlanbHeiimue uccrenoBaHusa OYIyT HOCBAIIEHB pa3padorke MeTonoB AutoML, HampaBIeHHBIX
HA aBTOMATH3AILUIO [OCTPOEHUs HEHPOCTEBbIX MOJIe/Iell BOCCTAHOBJIEHUS] BPEMEHHBIX PAJI0B U
ucno b3ytonuit Mmeton tsGAP2 nyis npefckazanus KadecTBa MPOEKTUPYEMOH MOJIEIN.
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IIpaBuiia mpeacTaB/IeHUs W MOJNOTOBKY PYKOIMUCEH Jis ITyOJNKAIMN B >KYypPHAJIe

HIIPOBJIEMBI MTH®OPMATUKM“

O61mmme TpeboBaHUA.

Penakius npuHUMAET K pACCMOTPEHUIO CTAThU B 3JIEKTPOHHOM Bujie (ucxodnoid datia 6 BTEX u daiin PDF,
C TPUJIO’KEHNEM OPUTWHAJIOB PUCYHKOB B (hOpPMATE TEX MPOTPAMM, B KOTOPBIX OHU OBIJIN CHEJIAHBI, OTAEIbHBIMI
daitiamu).

Daiiibl, ComepIKaINe TEKCT CTATHHU, UILIIOCTPAIIMY U TOTOJHATEIbHBIE MATEPUAJIBI, MOYKHO TEPEChLIaTh HA
3JIEKTPOHHBIN azpec penaknun: problem-info@sscc.ru.

[Ipunumatorcs daiiibl, apxupupoBannbie apxusaropamu ZIP/7Z wiu RAR; upumenenue camopacnakoBbi-
BAIOIIUXCS APXUBOB HE JIOITYCKAETCS.

[Ipu mOBTOPHOI OTIIPABKE MATEPUAJIOB, & TAKKE TTPU BHECEHWH B MCXOIHBINA TEKCT TOMOJHEHUN UJIN UCIPAB-
JIeHu# HEOOXOAMMO COODIUTH 00 3TOM B PEJAKIMIO B TEKCTE TEKTPOHHOTO IMHUCHMA.

Hanpagiisig craTbio B peakuio XKy pHaiia, aBTop (CoaBTOpbl) Ha 6e3BO3Me3JHOl OCHOBE Iiepeaer (I0T) u3a-
TEJII0 Ha, CPOK JEHCTBUS aBTOPCKOTO MPAaBa MO JEHCTBYIOIMEMY 3aKOHOAATENBCTBY P® HUCKIIOYNUTEIHHOE TPABO
HA UCIOJIL30BAHUE CTATbU WM OTAEJIbHON ee vyacru (B ciydae upuHsarus pejxosuteruneii 2Kypuana crarbu k
o1yBJIMKOBAHUIO) HA TEPPUTOPUH BCEX TOCYAAPCTB, IJI€ ABTOPCKUE IPaBa B CUJLy MEXKyHAPOIHBIX JIOMOBOPOB
Poccuiickoit @enepariun IBASIOTCS OXPAHSIEMBIMH, B TOM YHCJIE CJIEIYIOIINE MpaBa: HA BOCIPOU3BEIEHUE, HA,
pacupocrpanenue, Ha IyOJIMYHBIA I0KA3, HA JIOBEJEHUE /10 BCEOOIIEro CBEJIEHUs, HA I1€PEeBOJ, HA WHOCTPAHHDIE
SA3bIKU ¥ 11epepabOTKy (M MCKIIIOYMTEIBHOE IIPABO HA MCIIOJIb30BAHUE II€PEBEIEHHOrO U (UiK) nepepaboTaHHO-
IO NPOM3BEEHUS BBIMIEYKA3AHHBIMY CIOCO0AMHU), HA MPEJOCTAB/IEHUE BCEX BBIMIENEPEYUCIEHHBIX IPAB IPYTIUM
JIATIAM.

Kypnuam ,JIpobremsr naDOpMaATHKE “ IBIAIETCI HEKOMMepUYecKuM u3aanueM. Ilmara ¢ aBropoB 3a myO/uKa-
IO CTaTell He B3UMAETCS.

K crarbe JOIKHBI OBITH MPUJIOXKEHDI:

— paspellleHre Ha NYOJHUKAIWIO OT SKCIEPTHOIO COBETA OPraHM3AalMM, B KOTOPOU BbIOJIHEHA pabora
(ns aBropos u3 Poccun);

— OpUTHMHAJI PEeleH3UN’;

noprperubie (ororpaduu asropos paspemenuem He menee 300 dpi.

— Bokn nadopmarnm u Ha PyCCKOM, B HA aHTJIHACKOM sI3BIKAX MPOChOa MPUCHLIATH OTAeTbHBIME (paiiaammu:

— HasBanmne craTbu;

— Nannmansl u hpaMuIuu aBToOpOB;

— MecTa paboThI aBTOPOB: MOJTHOE HANMEHOBAHNE OPTAHU3AINH, TOYTOBBII WH/IEKC, TOPOJ, CTPAHA;

— Koxu(s1) kanaccudukannun YIK;

— AHHOTaNmm, cozepzKaliue KPaTKyo IIOCTAHOBKY 33/a49H U OIUCAHUE METO/IA, PEIIEHHS: HA PyCCKOM SA3bIKE
obbemom me H60see 1000 3HAKOB, HA AHTIUICKOM s3bIKe paciuperayo, obbemom ot 4000 no 8000 3nakoB, 9TO
coorsercTByer Tpebosanusm BAK u Scopus.

— KuaroueBble ciioBa;

— Cuoucku ucnosbsyemoii sgureparypsl B coorsercrsuu ¢ OCT P 7.0.5—2008 (B anrsumiickoii Bepcuu
HEOOXOIMMO BBINOJHATH TPAHCJIUTEPAIAIO HEAHTJIOA3BIYHBIX JIEMEHTOB CIIHCKA JIMTEPATYPHI B COOTBETCTBUHU
¢ TOCT P 7.0.34-2014) — coCTaBIAIOTCS MO X0y YIOMUHAHUS NCTOYHUKOB B TEKCTE;

— Kparkue 6morpacdun (BVIO) aBropos ¢ yka3aHueM KJIIOYEBbIX HAyUYHbIX JOCTUXKEHUIl (BKJIIOUAsi
VUIEHYIO CTEMEHb, YIE€HOe 3BAHWE — IMPU HAJWIWH, OCHOBHBIE O0JIACTHA HAYYIHBIX WHTEPECOB U (hOPMYJIUPOBKY
OCHOBHBIX DE3yJIbTaTOB, MECTO PAOOTHI, 3aHUMAEMYIO TOJXKHOCTH, KOHTAKTHBIE JTAHHBIE — MOYTOBBIN aJapec C
UHJIEKCOM, aJIPEC JIEKTPOHHOI 1104 Thl, KOHTAKTHBIH TesiedoH).

IToaroroBka crarbu.

1. MarepuaJ cTaTbu JOJIZKEH OBITH W3JIOKEH B CJIEIYIOIIEH MOCIEI0BATEILHOCTH:

1.1. Ha3BaHMe CTATHU HA AHIJIMHACKOM $i3bIKE;

1.2. ununuasnsl u dbamunus aBropa(oB) HA AHIVIUICKOM S3BIKE;

1.3. mecTo paborbl aBTopa(oB) (Ha AHMIMIACKOM SI3bIKE): TI0JIHOE HAMMEHOBAHUE OPraHU3alluu, WHIEKC, TOPOI,
cTpaHa;

1.4. aHTI0g3bI9HAS AHHOTAITUS;

1.5. KJIf0YEBbIe CJIOBA HA AHTJIUNCKOM S3BIKE;

1.6. references-+rpanciaurepaliys HEAHIIOA3bIYHBIX JIEMEHTOB CIIMCKA JIATEPATYPbI;

1.7. Ha3BaHWe CTATHU HA PYCCKOM S3BIKE;

1.8. unuuagbr U HaMuINM U aBTOPOB;

1.9. mecTo paboThl ABTOPOR: TOJIHOE HAMMEHOBAHWE OPraHU3alUu, MOYTOBBIN WHIEKC, TOPO/, CTPaHa,;

1.10. uapexc YIK;

1.11. arHOTAIMA HA PYCCKOM SA3BIKE;



1.12. xmouesbie cyiosa (He Gosee 8);

1.13. Tekcr crarby;

1.14. ciiucok nureparypsl, opopmiieHHbii B coorBercreun ¢ rpeboBanusmu 'OCT;

1.15. kparkue Ouorpadun aBTOPOB HA, AHTIUHCKOM M PYCCKOM SI3BIKAX C YKA3AHUEM KJIFOUEBBIX HAYIHBIX
JoCTHzKEeHUH (y4eHyIO CTelleHb, yYeHOe 3BAHUe — IIPU HAJIMYKMU; MECTO PabOTbl, 3aHUMAEMYIO JIOJ2KHOCTb, KOH-
TaKTHbBIE JJAHHBIE — [MOYTOBBIA AJIPEC C MHIEKCOM, aJPec SJIEKTPOHHON MOYThl, KOHTAKTHBIN TenedOoH, OCHOBHBIE
00J1aCTH HayYHBIX UHTEPECOB U (POPMYIUPOBKA OCHOBHBIX PE3YJILTATOB).

2. TpeboBanusa K dopMmysaam:

— Hywmepanus ¢hopmys cKBO3HAs, BBIHOCHBIE (hOPMYJIBL IEHTPUPYIOTCS, HOMEP BBIPOBHEH IO TPABOMY KPAIO.

3. TpeboBaHus K pucyHKaM:

— Q@ailibl ¢ PUCYHKAME IPUCHLIAIOTCH OTJIEIBLHO B (DOpMATE IPOrPAMM, B KOTOPBIX OHM ObLIM BbIIOJIHE-
ubl: B (popmare MS Excel (misa rpadukos u guarpamm), eps, pdf, png, tiff, bmp uiu jpeg (¢ makcumasnbHbiM
Ka4eCTBOM ).

— PucyHnku ¢ mOAPUCYHOUHBIMH MOANUCIMHU 3aBEPCTHIBAIOTCS B TEKCT CTATHHU.

— TekcTbl, ABIMIONMECS 9aCThIO PUCYHKA, BbIinosHsAOTCs mpudrTom TimesNewRoman.

— @ororpadun J0IKHBI HUMeTh paspermenue He meree 300 dpi.

4. TonosiHuTeJIbHBIE TpeGOBaHUS:

— B rekcr crarbu HEOOXOIUMO BKJIIOYATH CCHLIKHM HA PUCYHKU W TADJIUIbI, a TAKIKE HOAPUCYHOYHBIE TIO-
MACH U 3aroJioBKu Tabswi. Bce OykBeHHbIE 0003HAYEHNUSI, TPUBEIEHHBIE HA, PUCYHKAX, HEOOXOIMMO MOSICHUTH B
OCHOBHOM TEKCT€ MJIA B TIOJIPUCYHOUHBIX TTOMUCSX.

— Cokpalenusi CJI0B He JONyCKATCst (KpoMe OOLIEeNPUHSATHIX ).

— BexkTopmbie iepeMenable 0003HATAIOTCS TOMYKUPHBIM MPUdTOM 6e3 KypCruBa.

— Tabumbt He JOIKHBL OBITH TPOMO3AKUMU. JHAYEHUsT (DUBUIECKUX BEJIUYNH B TaOIUIAX, HA TpadUKaX U
B TEKCTE JIOJIKHBI YKA3bIBATHCs B eaquHuiax usdmepenus CU.

— I'paduku, ecnu ux Ha PUCYHKE HECKOJIBKO, & TAKYKE OTJAENbHBIE JIETATNA HA YePTEXKAX, Y3JIbl U JTUHUNA HA
cXemax ciemyer 0003HadYaTh mudpamu, HAOPAHHBIMU KYPCHBOM.

— Hywmeposarb ciemyer ToabK0 Te (DOPMYJIbI U yPABHEHMs, HA KOTOPbIE UMEIOTCS CCHLIKH B TEKCTE, HyMe-
panusi CKBO3Has.

— CchUIky HA UCTOYHUKY B TEKCTE 3AKJIIOYAIOTCS B KBAIPATHBIE CKOOKH.

— UMHocrpaHHble MCTOYHUKYU IPUBOISITCS HA, sidbike opuruHasia. Cebliku Ha HEOIyDJIMKOBaHHbIE PADOTHI HE
JIOILYCKAIOTCS.

Bce crarbu, omyOnamkoBaHHBIE B Kypuaje «lIpobaembr wHMOpMaTuKm», MOCTymHBI Ha caiite https://
elibrary.ru/title_about.asp?id=30275 n Ha caiiTe KypHasa http://problem-info.sscc.ru cmycrs rof
IIOCJIe OITyOJTUKOBAHMS.

[Ipumep odopmitenns: cTareit MOXKHO MOCMOTPETDh Ha caiiTe KypHaJsa http://problem-info.sscc.ru.
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