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OT koueBbix cnos HO.U. XKypasnesa: “anroputmbl ¢ oueHkamm’
n “no4Ttn BCceraa’ 0O aCMMNTOTUYECKM TOYHbIX a/IFOPUTMOB

Tumadu Idyapd Xatipymourosuru'?« gimadi@math.nsc.ru
"Hogocubupck, Uncruryr maremaruku um. C.J1.CoGosena
2Hosocubupck, HoBocuBHpCKMii rocyIapCTBEHHbIH YHHBEPCHTET

FO.U. 2Kypasies 61 Mmoum niepBbiM 3aBiaabom B Uucturyre maremaruku Cu-
6upckoro Otuesienust (B jgaboparopuu Teopur Beruuciaenuii). Ero kiodesble ciioBa
“aJITOPUTMBI C ONEHKaMu M “HOYTH BCerja’ MPeIonpeesuain BCIO MOIO JIaJbHell-
NIVIO HAYYIHYIO JIesITeTbHOCTh B 00JIACTH JIMCKPETHON ONTUMU3AINY B UCC/IEIOBAHUN
oneparui.

Jljs1 33,129 IMCKPETHON ONTHMU3AIN OCHOBHBIM (DAKTOPOM, OIIPEIEISIONM pe-
AJIM3YeMOCTDb aJICOPUTMOB UX DEIICHUSs, sIBJIAETCS PA3MEPHOCTD (JJIMHA 3AIMCH BXO-
J1a) 33/1a9K, B 3aBUCMOCTH OT KOTOPOIi NUMEIOT MECTO T€ MJIU UHbIE OLIEHKU KavuecTBa
paborsr anropurma. Hanbosiee BayKHBIMIMU OIEHKAMHU KadeCTBa aJrOPUTMa B 3aBH-
CUMOCTH OT Pa3MEPHOCTH 33JIaYM CYUTAIOT €0 BPEMEHHYIO CJIOYKHOCTH U TOYHOCTH
MOJTy9a€MOT0 DEIIeH s, a JjIs 3a7a9 Ha CIyUIailHBIX BXOMAX TAKKE BAYKHBIMU CUH-
TAIOTCS OIEHKY CTENEHN HaJIE?KHOCTHU IOy I€HUS PENICHUS.

Ornenkoili oTHOCHTENBHOM morpemHocTu (relative error) asropurma A perie-
HUS 38/1a90 HA JIeTEPMUHUPOBAHHBIX BXOiaX Z, pasMepa 1 Ha3bIBAIOT TaKyl Be-
smmanny €4(n), 9ro Ha jmobom Bxone I € 7, BepHO W < e4(n), tue
OPT(I) u W4 (I) — ontuMasbHOE U HaliJIeHHOE B pe3ysbraTe paboThl ajropurma A
3HAUEHUs 11e1eBO (hyHKIMK 3318491 Ha BXOze I.

Jlyist 3a7181 Ha CITy9aifHBIX BXOJIAX KAYECTBO AJTOPUTMA XaPAKTEPU3YETCST TAKIKE
BEPOATHOCTLIO HecpabarbiBanus (failure probability).

AnropuTmM A Ha MHOXKECTBE BXOJIOB Z,, MMEET OIEHKM OTHOCHUTEJbHON Mo-
TPEIIHOCTU £4(Nn) U BEPOATHOCTBIO HecpabaTbIBaHUs 04(n) B Kjacce 3a-
Jad pasMepa n, ecaum Ha Bxomax I € 7, BEpHO CIEJYIOIIee HEPaBEHCTBO
P{W > EA(n)} < da(n), te d4(n) o3HAUAET JONO CIIyUaeB, KOLJA
aJNropuT™M A He rapaHTHpPYyeT NOJIyYeHHE DPEIIeHUs ¢ aHOHCUPOBAHHOM IMOIPENTHO-
CTBIO.

Asroputym TeMm sryure, dem MeHbIne €4(n) u 04 (n). AsropuT™ ¢ OneHKamMu OT-
HOCHUTEJIBHOI OTPEITHOCTH € 4(N) U BEPOSITHOCTH HecpabaTbiBaHus 0 4(n) Ha3bIBAEM
acumrornyecku TOYHBIM (AT), eciiu 06 OIEHKU CTPEMATCS K HYJIIO [IPH 72 — 00.
50-70 1.r. IPOIIJIOro BeKa ACCOIMUPOBAJINCH C MOHATHEM ‘“TPOKJIATUASI PA3MEPHO-
ctu” ("curse of dimensionality" , Puaapy Besmvan, 1961 r.). 9ra upobiema, cBsa3an-
Hasl ¢ SKCIIOHEHIIUATBHBIM BO3PACTAHNEM BPEMEHU PENIeHNUsl 381441 [IPU YBETMIeHUN
JUIMHBI 3aIIUCH BXOJHBIX JIAHHBIX. B IPOTHBOBEC MOHATHUIO "NMPOKJIATHS PA3MEPHO-
ctn" B pamrax AT moaxosa K pereHnio TPYAHBIX 33089 JUCKPETHON ONTHUMU3AINN
Pa3MEpHOCTD 3aJIa9H SBJIAETCS HAIIAM JIDYTOM W COIO3HUKOM.

Mesxaqynaponaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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K Hacrosimemy MOMEHTY OIpeIenIOCh HEMAJIO TpuMepoB peammsaiun AT mos-
XOJIa K PEIIEHUI0 TAaKUX GOJIbIIEPAa3MEPHBIX 33/1a4 JUCKPETHON ONTUMU3AIAN B UC-
CJIEZIOBAHUUY OTIEPALUii, KAK 33a49d MAPIIPYyTU3AUA (B TOM YUCJIE 3398 KPMMU-
Bosizkepa (3K)), MHOrOMHIIEKCHBIE 3891 O HA3HAYEHUAX, 3a/1a9U KJIACTePU3AIUN,
dKCTpeMaJIbHbIE 3aa91 Ha rpadax u cersx u T.1. OBBIMHO 3TH 33491 TPy IHOPENTa-
embl [1], 9T0 0ByCciIaBIuBaET AKTYaJIbHOCTH Pa3paboTKu 3(MEKTUBHBIX AJTOPUTMOB
pEeIlleHns] TAKUX 3aJ1a9 C FrapaHTUPOBAHHBIMU OIEHKAMHU KAUeCTBA UX PAOOTHI.

IlepBeIit TpuMep aJropuTMa ¢ IOYTH BCEria rapaHTUPOBAHHOI OIEHKONH TOYHO-
ctu 661 nan A.A. BoposkosbiM 60 sier Tony Hazan B pabore [2] must 3K .

Teopewma [2]. B cayuae pasromepnozo pacnpedeaehus mouex 6 eOUHUHOM K6a0-
pame anzopumm AB pewaem 3K 3a epems O(nlogn) nowmu eceeda (0 4 g(n) —
0) ¢ ouyenxoti ommocumenvhrot noepewnocmu € 4 g(n) = 0.48.

IIpusesem mepeble B Mupe npumepsl AT mogxona ¢ mcnosbzosamueM O(n?)-
anropurma UBT ("Wan B Gimekmitmmii nenpoiigennsiit ropox") msa 3K, Ha mo-
HoM rpade ¢ Becamu pebep — HE3ABUCHMBIMU CJIy9aiiHBIMU BeJIUYUHAMU (H.CJL.B.)
¢ dyuknueii pacupenesnenus (b.p.) quckperaoro (a.d.p.) u HenpepbiBHOro (H.G.p.)
THNA.

Omnpegennm xiace Cy,, n > 3, Bx010B 3Ky, 3a1aBaeMsblit n X n-marpuiei (c;;)
PacCTOAHUIT MexK/ Ly TOPOJaMu, 3JIeMeHThl KOTOPOil — H.CJL.B. ¢ obmieii ¢.p.

Teopema [3]|. Anzopumm UBIsvidaem AT pewernue 3Kp,in 6 kaacce Cp, ¢ obwed
d..p. pr, = P{cij = k}, k =1, K,,, npu ycaosuu Zngl(pl +...+pr)" = o(n).

Teopema [4]. ITycmo 3adan xkaace Cp, 620006 3Kyim ¢ 1 X n-mampuyed (c;;),
2NEMEHMBL KOMOPOT, — H.CA.6. ¢ 0bwel H.p.p. na ompeske (an,by),an > 0, u nyems
Pe(x) — p.p. n.ca.e. & = % <1, 1<1,j < n. Toeda anrzopumm UBI seaaemcs

a

b’Vl n
an2opumMmoM ¢ ouerkamu: € z(n) = O(m) u dz(n) = C’)(m%
2de obosnauerno J, = Wl P?fx) U Y — Kopenv ypasnenus Pe(x) = % IIpu amom

Ha ewvixode anzopumma UBI nosywaemes AT pewernue 3K, npu svinosnenuy cae-

n
max(nyn,Jn)

CaenctBue. B cayuae scex .p. suda Pe(z) < & (masicopupyrowux pasromep-

dyrouur 08y ycaosull: Z—" = 0( ) U Jp — 00 MpU N — 0.

noe pacnpedenenue UNI(ay,by)) ancopumm HBI umeem oyenru € 5(n) = (9( b /an )

n/lnn

u 0;(n) = (’)(ﬁ), a AT pewenue docmuzaemcs npu 6osee KOMNAKIMHOM YCAO-

GUU- an O(lnn)'
ITepBbie pe3ysibTaThl 10 OOOCHOBAHUIO ACUMIITOTUYECKON TOYHOCTHU OBLIN IMOJIY-
9eHbI C UCIOTF30BAHIEM HepaBeHCTBa debObimieBa. 11o3ke 6osee TpoyKTUBHOM OKa-
3aJ1aCh
n
Teopema Ilerposa Ilycmv S = ijl Xj — cymma m.cA.6. U CYuLeCmsyom
noaoscumenvroie koucmarwmo, hy, ..., hy, u T makue, wmo eeprv. HEPABEHCTNBA
. 1p .42 .
Ee!Xi < e2Pt” ona scarur j=1T,n v 0 <t < T.
exp{—ax?/2H} npu 0 < x < HT,
Tozda P{S > x} <
exp{—Txz/2} npux > HT

;20 H=73770_ hj.
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C ucnonb3oBaHIEM TeOpeMBbI HeTpOBa UMEIOT MeCTO Cjieayromue OIECHKH Ka-

gecrBa asgropurma VUBD g 3Kt ea(n) = O(g/{:n>, da(n) = % C yCJIOBU-
€M ACHUMIITOTUYECKOH TOYHOCTH 5—” = o(ﬁ , Tje mapamerp B, = b,, Qn, On,

COOTBETCTBEHHO, JJIsl HelpepblBHBIX ¢.p.: paBuomepHoro UNI(a,,b,) u ycegenno-

CMeEIeHHBIX: dKcroHeHmanbHoro FX P(ay,, o, ) u sopmasibaoro NOR(ay,, 0,,).

K ey mpuMepoB acCUMITOTHYECKOTO TTOIX0a K TPY/THOPEIaeMbIM 3aa9aM Ha,
JIETEPMIHUPOBAHHBIX BXOJIAaX, B IEPBYIO 0uepes cieyeT oTHeCTH 3K a0 (TSPoas)
B MHOI'OMEPHBIX IBKJIUJOBBIX IIPOCTPaHCTBAX U ee 0b6obmenue (m-PSP,,..) Ha ciy-
Jail TTOMCKa HECKOJbKUX PeOEpPHO HEMEePEeCEeKAIONINXCsT MapIIPyTOB KOMMHIBOSIZKEPA,
MaKCHMAJILHOIO CyMMAapHOIo Beca [5).

Ere npumeps! TpyaHOpermaeMbix 33,189 ¢ peaTu3aIuaMy 0 IX0/1a.

e MmuorouHekcHast akcuaabHas 33/a4a 0 Ha3HATCHUSIX.

o TpexunjexkcHas miaHapHas m-CJIOHHAS 3371a9a O HA3SHAYECHUSIX.

e 3aj1a9a 0 HECKOJIbKUX KOMMuBosizkepax (m-PSP) ma ciryd. Bxomax ¢ oauHaKO-
BBIMU U C PA3JINIHBIMU BECOBBIMHU (DYHKIIUAMHI MAPIIPYTOB KOMMUBOSIZKEPA.

e [loxkpeiTie moTHOrO Tpada M HECMEXKHBIMU ITUKJIAMU 33IAHHBIX PA3MEPOB C
SKCTpeMasIbHBIM cyMMapHbIM BecoM pebep (m-Cycles Cover Problem —m-CCP).

e 3ajiaua OTBHICKAHUSI CBSI3HOI'O OCTOBHOIO HoJrpada ¢ MakCHM. BecOM pebep B
ITOJTHOM HEOp-OM T'pade ¢ 3aJaHHLIMI CTEIIEHIAMI BEPIINH.

e 3aja4a OTHICKAHNUS B rpade OIHOI0 M HECKOJIBKUX OCTOBHBIX JIEPEBBEB C OIPa-
HUYEHHBIM (CHU3Y, CBEpXY, J160 (DUKCUPOBAHHBIM) JIHAMETPOM.

e 3asaun MapipyTu3anuu TpaHcrnopTHeX cpencts (VRP) ¢ ogauM u Heckob-
KUMH JIENI0, C BO3BPATOM M HEODsI3aTeIbHBIM BO3BPATOM B JIEIIO U JIP.

® YallakKOBKU B KOHTEIHEPHI U B IIOJIOCY C OTPAHMIEHHBIM OOIIIM PECypPCOM.

e Tlonck moaMHOXKECTBa BEKTOPOB 3aJaHHOTO pa3Mepa ¢ HaubOJIbIIel CyMMOii.
[1] Garey M. R., Johnson D.S.: Computers and Intractability, Freeman, San Francisco,

1979, 340 p.

[2] Boposkos A. A. K BepoaATHOCTHOIl IOCTAHOBKE ABYX SKOHOMMYecKux 3amad // JTAH
CCCP, 1962, 146(5). C. 983-986.

[3] Iepeneauua B. A., I'umadu 3. X. K 3a/aue HaX0XkK/JeHUsI MUHUMAJIBHOTO TaMUJIBTOHOBA
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KoMMHUBOsKepa // Yupasnsiemble cucrembl. C6. Hayw. Tp. HoBocubupcek: Uu-T MmaTema-
tukun CO AH CCCP. 1974. Bem. 12. C. 35-45.

[5] Tumaodu B. X., Xauat M. FO. DkcrpeMasbHble 3312491 Ha MHOYKECTBAX 1IEPECTAHOBOK |/
Exarepunbypr: Uza-so YMIL YIIU, 2016. 219 c.
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From the key words of Yu.l. Zhuravleva: “algorithms with
estimates” and “almost always” to asymptotically exact
algorithms

Gimadi Eduard-*x gimadi@math.nsc.ru
'Novosibirsk, Institute of Mathematics. S.L.Soboleva
2Novosibirsk, Novosibirsk State Universitys

Yu.l. Zhuravlev was my first head of the laboratory at the Institute of Mathe-
matics of the Siberian Branch (in the laboratory of the theory of computation). His
keywords “estimated algorithms” and “almost always” predetermined all my further
scientific activity in the field of discrete optimization in operations research.

For discrete optimization problems, the main factor determining the feasibility
of algorithms for solving them is the dimension (the length of the input record) of
the problem, depending on which one or another assessment of the quality of the
algorithm takes place. The most important estimates of the quality of an algorithm,
depending on the dimension of the problem, are considered to be its time complexity
and the accuracy of the solution obtained, and for problems on random inputs,
estimates of the degree of reliability of obtaining the solution are also considered
important.

The estimate relative error (relative error) of the algorithm A for solving a
problem on deterministic inputs Z,, of size n is a value £ 4(n) such that at any input
I €1, true W < ea(n), where OPT(I) and W4 (I) — - the optimal and
the value of the objective function of the problem at the input I found as a result
of the A algorithm.

For tasks on random inputs, the quality of the algorithm is also characterized by
the failure probability.

Algorithm A on the set of inputs Z,, has estimates relative error €4(n) and

failure probability §4(n) in the class of problems of size n if the following inequal-

% > EA(TL)} < 64(n), where d4(n)

ity is true on the inputs I € 7, ]P’{
means the proportion of cases where the A algorithm does not guarantee a solution
with the announced error.

The algorithm is better, the smaller €4(n) and d4(n). An algorithm with es-
timates of the relative error e4(n) and the probability of failure d4(n) is called
asymptotically exact (AT) if both estimates tend to zero as n — co. 50-70 years
of the last century were associated with the concept of the ” curse of dimensional-
ity” (”curse of dimensionality” Richard Bellman, 1961). This problem is associated
with an exponential increase in the time to solve the problem with an increase in
the length of the input data record. In contrast to the notion of the ”curse of di-
mensionality” in the framework of the AT approach to solving difficult problems of
discrete optimization, the dimensionality of the problem is our friend and ally.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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To date, many examples of the implementation of the AT approach have been
identified for solving such large-scale discrete optimization problems in operations
research as routing problems (including the CRM problem), multi-index assignment
problems, clustering problems, extremal problems on graphs and networks, etc. .P.
Usually, these problems are difficult to solve [1], which makes it important to de-
velop efficient algorithms for solving such problems with guaranteed performance
estimates.

[1] Garey M. R., Johnson D.S.: Computers and Intractability, Freeman, San Francisco,

1979, 340 p.

[2] Borovkov A. A. On the probabilistic formulation of two economic problems // DAN

SSSR, 1962, 146(5). S. 983-986.

[3] Perepelitsa V. A., Gimadi E. Kh. On the problem of finding a minimal Hamiltonian
contour on a graph with weighted arcs // Diskr. analysis. Novosibirsk, 1969. Issue.

15. S. 57-65.

[4] Gimadi E. Kh., Perepelitsa V. A. An asymptotically exact approach to solving the trav-
eling salesman problem // Controlled Systems. Sat. scientific tr. Novosibirsk: Institute

of Mathematics SO AN USSR. 1974. Issue. 12. S. 35-45.

[5] Gimadi E. Kh., Khachai M. Yu. Extremal problems on sets permutations // Ekaterin-

burg: Publishing House of UMTs UPI, 2016. 219 p.
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JNMuneiinas buHapHas knaccudpmkaunst Npn NHTepBasibHOMN
HeonpeaeneHHOCTU AaHHbIX

Epoxun Baadumup Heanosur'* erohin_v_i@mail.ru
Kadounuros Andpeti Ilasrosur kado1620@mail .ru

1

Commnuxos Cepzeti Baadumuposun svsotnikov66@gmail. com

!Cankr-Tlerep6ypr, Boenno-kocMuueckast akagemns umern A.P. Moxaiickoro
IIycts B pocTpancTse R™ 3a1aHbI Ba KOHEUHBIX MHOXKECTBA,
P={p};", 1 Q={q;};2.
VKa3aHHBIM MHOXKECTBAM COOTBETCTBYIOT MaTPHITHI
P = (pj) €eR™*" 1 Q = (gij) € R™™".

DaemenTtbl Marpull P u () 3aJaHbl ¢ MHTEPBAJILHON HEOIPE/IeIeHHOCThIO. BMecTo
TOYHBIX 3HAYEHUN 3JIEMEHTOB ng u q” U3BECTHbBI UX HUXKHUE U BEPpXHUE I'DAHUIILI:

_ miXn D _ (= miXn _ moXn ) — (= ma Xn
B—(Bij)ER 7P—(pij)€R 7Q—(Qij)€R aQ_(qij)eR -
HpI/IBe,ZLeHHbIe HU>Ke HEPpAaBEHCTBA BBIITOJTHEHBI ITO3JIEMEHTHO!

P<P<P, Q<Q<LQ. (1)

Xopomo uzsectHo (cM., HaupuMep, [1]), 94To upu oTCyTCTBUN UHTEPBAILHOI Heolpe-
JICJIEHHOCTH 3aJa4y Hecmpo2020 OTIENeHUs MHOKECTE P, Q I'MIIepIIOCKOCTBIO, He
POXOJIAIIEH epe3 HAYaI0 KOOPAUHAT, MOXKHO (POPMA/IM30BATh KaK 3a/ady pere-
HUSI CHUCTEMBI JITHEHHBLIX HEPABEHCTB BUJIA

Pwél,Qw}l@{_PQ]wg{_ll}, (2)
rae w € R™ — BeKTOp HEM3BECTHBIX KOI((DUIUEHTOB JIEBOI YAaCTH ypaBHEHWS T'd-
HepILIOCKOCTH (IpaBasi 4acTh ypaBHeHHsi HOpMHupoBaHa K 1). OdeBHIHO, UTO JJIst
pelleHnst 3a/1a9 MAIIUHHOIO OOYYEHUs MCIIOJIB3YIOTCS 00Jiee TOHKME METOIbI, IeM
cucrema (2) (cm., manpumep, [3]), mosromy OyzeMm eé paccMarpuBaTb B KadecTBe
yJIOOHOTO MOJIEJIBHOTO MPUMEPa W OTHPABHONW TOYKH JJIsI NAJIBHENIINX PaCcCyK/Ie-
auit. [Tycre W — jonyerumoe MHOXKeCTBO cucTeMbl (2). 3amernm, uto npu W # &
B 00ImeM cirydae cucreMa (2) nMeeT GeCKOHEUHOE MHOYKECTBO DEIeHUH, 1 BCe OHU, B
CMBICJIE 339U HECTPOTOI'0 OTIe/ieHns MHOXKeCcTB P u Q IumepriockocTbio, sBJis-
I0TCSL IKGUBAAECHIMHBLMU.

Eciu W = &, upu onpeiesieHHbIX yCIOBUsAX (B KOHTEKCTE 3a/@9 MAIIUHHOIO
00y1eHust) MOXKeT ObITh MOJIE3HO ncesdopewenue cucteMbl (2), bopMasTn30BaHHOE,
HaIPUMED, KaK pellleHre 3aJ1a9i BBIIYKJIOH HErJIa Kol 0e3yCJI0BHON MUHUMUBAIAN

HH PQ]“J_“ ” T 3)

Me>xgynapoanas koHgepeanus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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rue || - || — HekoTOpasi BeKTOpHAas HOPMA, | - |4 — Ollepalus II0JIOKUTEJLHON CPe3KH,
[pUMeHsieMasi K BEKTOPHOMY apr'yMeHTY MTO3JIEMEHTHO.

HexkoropbiM mapaiokcom siBjisieTcst TO akT, 9TO BHE KOHTEKCTa MAITHHHOIO 00Yy-
yenusa 3aja9a (3) saBjgerca 6osiee IPUBIEKATEILHOM, YeM 3a/1a9a PEIICHUS CUCTEMbI
(2), HOCKOJIbKY IIpU BBIGOPE CTPOrO BBILYKJIOH HOPMBbI (HAIIPUMED, €BKJIUIOBOI), OHA
UMeeT JIMHCTBEHHOE pelteHre. PaccCMOTPUM CJIeIyIONTHe 3a/Iadn:

Samada 1. Haiitu BekTop w € R™, gpjsronuiicss perenneM CHCTEMbI JIMHEHHBIX
HepaBeHCTB (2) auis aobvix MaTpur, P, (), yIOBIETBOPSIIONINX CUCTEMe JIMHEHHBIX
HepaseHcTs (1).

3agaua 2. Haiitu Bekrop w € R, saBiistonuiics perterneM 3aaaau (3) mjist 410661
marpull P, (), yI0BJIETBOPSIONIUX CUCTEME JUHeHHbIX HepaBeHCTB (1).

Samernm, 9To MHOXKeCTBa MaTpuri P, QQ, yI0BIETBOPSIONIIX CUCTEME HEPABEHCTB
(1), stBastrorest 6eckoneanbiMu. [pu sTrom P umeer my x 2™ kpaitaux Touek, Q — mg X
X 2" KpallHAX TOYEK, YTO JlaeT OCHOBaHHe omacarbcsi NP-Tpynnoctn 3amaa 1 u 2.
VKa3aHHBIE OIMACEHNs, K CIACThIO, HE OIPABIBIBAIOTCs, TIOCKOJIbKY B MHTEPBAJIHLHOM
aHaJIM3€e U3BECTHA CJIEITYIOMIAst

Teopema 1. [2] Cucrema JmHeliHbIx HepaBeHCcTB Ax < b pasperuma juist Bcex A, b
rakux 410 A < A < A, b < b < b Torga u TOJBKO TOIA, KOLJa Pa3pelIuMa CUCTEMa,
Azt — Az~ <b,z",27 > 0. [Ipustomz =z — 2.

B cuity Teopewmbr 1 jierko yka3zarh MeTObI pereHus 3aad 1 u 2.

VYrBepxkaenune 1. 3agada 1 mMmeer pelneHue TOrAa W TOJBKO TOLAA, KOLJa HMEET
pelrerne CUCTEMa JIHHEHHBIX HEPABEHCTB

P n P _ 1 -
_ — < + > 0.
[—Q}w {Q}w\[l]’w’w =0 W
Ilpu srom w = wt —w™.
Vreepxkaenune 2. Ecuu ||-|| — abcosroTHas BeKTOpHASI HOPMa, TO 38398 2 9KBU-

BaJICHTHAa 3aJave

— min, (5)

w

_ Pw+ P |lw|—1
0(w) = H[ el )

rae P = (£+P)/27 P = (P_B)/27 Qe = (Q"”Q)/Z Qr = (Q_Q)/Q’ || -
orepanus B3sTUsI a0COTIOTHON BEJINIMHBI, IPUMEHsieMas K BEKTODHOMY apryMeHTy
I03JIEMEHTHO.

Bamernm, 9to (5), TakxKe Kak U (3), ABISETCA 3a/a4eil BBILYKJION HervIaakoii 6e3-
YCJIOBHOJ MUHUMUI3AIMN, UMEIONIEil IPH NCIOIBL30BAHUKE CTPOrO BBIIYKJIOH HOPMBI
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eJIMHCTBEHHOE pelerne. PaccMOTpuM 33,1841
P 1

w — +v-1 — min (= 6,),

{{_Q} {_1:| 'Y:|+ w( ’Y)

[EARSFAREA ey R

e v > 0 — cKaJIIpHBII TapaMeTp.

(6)

(7)

Bagaan (6) u (7) aKTyaJdbHBI B CJIydae JIMHEHHO OTAEINMBIX MHOXKECTB (COOTBeT-
CTBEHHO TOYHBIX UM 00JIAJIAIONIMX HHTEPBAIBHON HEONPeAeIeHHOCThIO ). OueBuIHO,
110 0, = 0 mpu v = 0 u 3aga«m (6) u (7) UMEIOT GECKOHETHOE MHOKECTBO PEIIeHMIA.
B 10 e BpeMst MOXKHO MOKa3aTh, 9TO HAYMHAS ¢ HEKOTOPOTO 3HadeHus vy > 0 Oy-
JIeT BBIIOJIHSITHCS YCIOBHE 0 > 0 ¥ yIOMSIHYTBIEe BBIIIE 381a4H [IPU UCIOIb30BAHNH
CTPOTO BBIILYKJIONH HOPMBI Oy/lyT UMETh €JIMHCTBEHHOE PEIICHHUE.

Ha pucynke 1 npeacraB/ieHbl WTIOCTPAIMNA PE3YJILTATOB PENIEHUS MOIEIbHBIX
3aza4 7 u 5 (¢ MHTEPBAILHOl HEOIIPEIEJIEHHOCTHIO JAHHBIX) IIPU 1 = 2 U UCHOJIb30-

BaHUN EBKHHﬂOBOﬁ HOPMBEI.

wx wx, 1 ——

2

wx wyx, 1

X2

X1

X1

Puc. 1. a) Crporoe Jmneitnoe orgesnenue. 6) Hecrporoe snneiinoe otesienne

Ompeniesierne mapamMeTpoB «, 3 He OIICAHO B CHJIY OIPAHIMYEHHOI0 00beMa Te3u-

COB JIOKJIQ,IA.

[1] Banwux B. H., Yepeonenxuc A. 5. Teopus pacnosnasanusi o6pa3oB (CTaTHCTUIECKHUE

pobsemer o6yuenus). M.: Hayka, 1974.

[2] Dudsep M., Hedoma H., Pamwnux 5. u dp., Bamadu juHeiHON ONTHMH3ALME C HETOU-
HbeiME maHHbIME. M.-Mxesck: HUIL «Perynsapras n xaorudyeckas guHamukas, 2008.

[3] Deisenroth M. P., Faisal A. A., Ong C. S. Mathematics for machine learning. Cambridge

University Press, 2020.

[4] JIamxacmep II. Teopust marpun. M.: Hayka, 1982.
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Linear binary classification under interval uncertainty of data

Erokhin Viadimir'x erohin v_i@mail.ru
Kadochnikov Andrey' kado1620@mail.ru
Sotnikov Sergey' svsotnikov66@gmail. com

1St Petersburg, A.F. Mozhaisky Military-Space Academy
Let two finite sets be given in R™
P ={p;};; and Q= {q;}; .
The specified sets correspond to the matrices
P = (p'ij) € R™*™ and Q = (Qij) € R™2x",

The elements of the matrices P and @ are given with interval uncertainty. Instead
of the exact values of the elements p;; and g;; their lower and upper boundaries

are known: P = (Bij) € Rm>*n P = (p;) € R™>", Q = (gij) € Rm2xn Q =

= (q;;) € Rm2*"_ The following inequalities are satisfied element by element:

P<P<P, Q<Q<Q. (1

~—

It is well known (see, for example, [1]) that in the absence of interval uncertainty
the problem of unstrict separation of sets P, Q by a hyperplane not passing through
the origin can be formalized as a problem of solving a system of linear inequalities
of the form

ngl,czwzm[_mm[_ll], 2)

where w € R™ is the vector of unknown coefficients of the left side of the hyperplane
equation (the right side of the equation is normalized to 1). Obviously, more subtle
methods are used to solve machine learning problems than the (2) system (see, for
example, [3]), so we will consider it as a convenient model example and a starting
point for further reasoning. Let W be a feasible set systems (2). Note that for
W # & in the general case, the system (2) has an infinite set of solutions, and all of
them, in the sense of the problem of unstrict separation of sets P and Q hyperplane,
are equivalent.

If W = &, under certain conditions (in the context of machine learning prob-
lems), a pseudo-solution of the system (2) could be useful, formalized, for example,
as a solution to the convex non-smooth unconstrained minimization problem

I % ][50,

where || - || is some vector norm, [ - ] is a positive cut operation applied to a vector
argument element by element.

— min, (3)

w

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Quite a paradox that outside the context of machine learning, the problem (3) is
more attractive than the problem of solving the system (2), because when choosing
a strictly convex norm (for example, Euclidean), it has a unique solution. Consider
the following problems:

Problem 1. Find the vector w € R™, which is the solution of the system of linear
inequalities (2) for any matrices P, @ satisfying the system of linear inequalities (1).

Problem 2. Find the vector w € R™, which is the solution of the problem (3) for
any matrices P, Q satisfying the system of linear inequalities (1).

Note that the sets of matrices P, Q satisfying the system of inequalities (1) are
infinite. At the same time P has m; x 2™ extreme points, Q — mo X 2™ extreme
points, which gives reason to fear NP-difficulties of problems 1 and 2. Fortunately,
these fears were not justified, since the following is known in interval analysis:

Theorem 1. [2] The system of linear inequalities Ax < b is solvable for all A, b
such that A < A < A, b < b < b if and only if the system is solvable Azt — Az~ < b,
27,27 > 0. In this case, x = 2T — 2.

By virtue of the theorem 1 it is easy to specify methods for solving problems 1 and
2.

Statement 1. Problem 1 has a solution if and only if the following system of linear
inequalities has a solution

e[ Blee Ao
In this case, w = wT —w™.

Statement 2. If||-|| is an absolute vector norm, then Problem 2 is equivalent to
the problem

— min, (5)

w

_ Pw+ P |lw| -1
g

where P. = (P +P)/2, P, = (P—P)/2, Q. = (Q+Q)/2, @, = (@ —Q)/2, | - |
is an absolute value operation applied to the vector argument element by element.
Note that (5), as well as (3), is a convex nonsmooth unconstrained minimization
problem that has a unique solution when using a strictly convex norm. Consider the

2o [ 5],

5 o [ £ e[ 5],

— min (= 4,), (6)

w

— min (= 4,), (7)

w

S
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where v > 0 is a scalar parameter.

The problems (6) and (7) are relevant in the case of linearly separable sets (re-
spectively exact or having interval uncertainty). It is obvious that ¢, = 0 for v =0
and the problems (6) and (7) have an infinite set of solutions. At the same time, it
can be shown that starting from a certain value v > 0, the condition §, > 0 will be
fulfilled and the problems mentioned above will have a unique solution when using
a strictly convex norm.

Figure 1 illustrate the results of solving model problems 7 and 5 (with interval
uncertainty of data) at n = 2 and using the Euclidean norm.

X2

Fig. 1. a) Strict linear separation. b) Unstrict linear separation

The way of finding the parameters «, 5 is not described due to the limited scope
of the paper.

[1] Vapnik V. N., Chervonenkis A. Ya. Theory of Pattern Recognition, Nauka, Moscow,
1974 (in Russian).

[2] Fiedler M., Nedoma J., Ramnik J. et al, Linear Optimization Problems with Inexact
Data, Springer Science+Business Media, Inc., New York, 2006.

[3] Deisenroth M. P., Faisal A. A., Ong C.S. Mathematics for Machine Learning. Cam-
bridge University Press, 2020.
[4] Lankaster P. Theory of Matrices, Academic Press, New York — London, 1969.
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BoccTaHoBneHue nponyckoB napHbIX CpaBHeHUN

Ieoenro Cepzeti Jarunosuy'x sergedv@yandex.ru
Konwvioe Andpeii Banrepuesun' av.kopylov@yandex.ru

I Tyina, Tynbckuil rocyJapCTBEHHBIA yHIBEPCHTET

PaccmarpuBaercs usBecTHas 3a/1a9a BOCCTAHOBJIEHUS IIPOITYIIIEHHBIX 3HAYEHU B
9KCIIEPUMEHTAJIBHBIX JAHHBIX. C TeOPEeTHIECKON TOYKU 3PEHUsI JTaHHAs 387298 OKa-
3BIBAETCS BeChMa HeTpuBHAJbHON. [Ipobiema BoCCTAHOBJICHHST TIPOIIYIIEHHBIX 3HA~
YeHUIl B JAHHBIX WHTEHCUBHO pa3BuBaercs ¢ 70-X Toj0B mporuioro Beka. s ee
pelteHust ObLIN IIPEJJIOXKEHbI PA3JIMYHbIE CTATUCTUYECKUE U PErPECCUOHHBIE MOJIEIH
HA OCHOBE OIICHOK IIapaMeTPOB COOTBETCTBYIOIIUX BEPOSITHOCTHBIX PACIPEIEICHIM
U OIEHOK CTENEHU WX MCKAYKEHUN M3-38 MOTEPSIHHBIX U3MEPEHUH.

B Toxe BpeMmst Ha IpaKTUKE, BOCCTAHOBJIEHHE MTPOIYIIEHHBIX 3HAYEHUH JIACTO OC-
HOBAHO HA MPUMEHEHWN U3BECTHON HedOPMAJIbHOM TUIOTe3bl KOMIAKTHOCTH. JlaH-
Hasl TUIIOTe3a sIBJISeTCs] BasKHOM IapaJIurMOil HHTEJJIEKTYAJIBHOIO aHAJIM3a JAHHBIX.
B cooTBercrBuu € Hell peIoIaraeTCs, YTO UCCIIEIYEMOE SIBJIEHIE MOYKET HAXOIUTh-
Ccs B KOHEYHOM HYHCJIE COCTOSIHUM, TJI€ Pe3yJIbTaThl U3MEPEHNI ero XapaKTepUCTUK
KOCBEHHO TIPEJICTABJISIIOT 9TU COCTOstHMs. Ha OCHOBE Takoro momxoma ObLIM Mpej-
JIOYKEHBI PA3JINIHbIE JIOKAJIbHBIE TTapAMETPUIECKUE U HellapaMeTPIUIeCKue TTOIXOIbI,
AJICOPUTMBI OJIOYHON AIIIPOKCUMAIIUN U T.]T.

CiiejlyeT OTMETUTDb, YTO YIOMSIHYTBIE IIOIXO/Ibl HAIlleJleHbl Ha BOCCTAHOBJIEHUE
MIPOILYIIEHHBIX 3HAYEHNIT HEITOCPECTBEHHO N3MEPEHHBIX XapaKTePUCTUK, [TPEJICTAB-
JIEHHBIX B TPAUIMOHHON MAaTPWIlE JAHHBIX  00beKThI-TIpu3Haku’. FKcim mpobiema
BOCCTAHOBJICHHSI [TPOITYCKOB HA 3TOM STAlle aHAJN3a PelleHa, TO JiaIbHelIie mpeod-
DPA30BaHUST TAHHDBIX BBIIOJIHSIIOTCA 663 3aTPYIHEHUH, KOT/[a BBITUCIISIIOTCA PACCTOSI-
HUsI WA GJIM30CTH MEXK/Ly 3JI€MEeHTaMH MHOXKeCTBa (00heKTaMu ), TIPe ICTABIISIFOIIN-
MM COCTOSTHUSI UCCJIEyEMOTO sIBJICHMUSI.

B mammoii pabore paccMOTpeHa Jpyrasi CUTyalldsl, KOTJA SKCIEPUMEHTALHBIE
JIAHHBIE TIPEJICTABJIEHBI TOJIBKO B BHJIE MAPHBIX CPABHEHUN MEXKJTYy JIeMEHTAMEI MHO-
JKeCTBA MATPUIIAMU PACCTOSTHUH WU OJTM30CTelH, 1 HEKOTOPhIE U3 MapPHbIX CPABHEHMUH
yTpadeHbl. Kcjim OKa3bIBAETCsI, ITO IOBTOPUTDH U3MEPEHIS UCXOIHBIX XaPaKTePUCTHK
HEBO3MOXKHO, a MCXOJIHAasl MATPUIA JAHHBIX HEJIOCTYIIHA, TO HEBO3MOXKHO IIOBTOPHO
BBIYUCJITH COOTBETCTBYIOIIEE PACCTOSIHAE MU OJIN30CTh.

Takue ycIoBUSI BO3HUKAIOT, HAIPUMED, IpU paboTe M3MEPUTETbHBIX KOMILIEK-
coB tumna Kinect, koryga n3-3a c60eB BO3HUKAIOT MPOILYCKA M3MEPEHUI HEKOTOPBIX
XapaKTEePUCTHUK, 3aTPYAHSIONNX HOCTIELYIONNe CPABHEHNST PA3IUIHBIX COCTOSTHUIMA
o6bexTa [1]. B mpyrom ciydyae HeoGXOAMMOCTh BOCCTAHOBJIEHUS IIPOIYCKOB B JIaH-
HBIX BO3HUKAET B 3aJiade YJIyUIIeHUs BUIMMOCTUA HA M300PaKEHUSX, MOJIYIEeHHBIX
B YCJOBHUAX TyMaHa, IPU HAJUYUU JIOKAJTU30BAHHBIX UCTOYHUKOB OCBEIIEHUsI, KOTO-
pble He TO3BOJISIIOT MOJIYYUTDH OIEHKY KAPThI PACCEMBAHUS B COOTBETCTBYIONTUX UM
obmacrax [2].

Me>xgynapoanas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mexkabpst 2022 r.
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CiieoBaTeIbHO, BO3HUKAET MPOOJEMa BOCCTAHOBJICHHUS] YTPAYEHHBIX MaPHBIX
CPaBHEHWUI, JIJIs PeleHnsl KOTOPOil HeOOXOAMMO pa3padoTaTh COOTBETCTBYIONINE HO-
BBbIE METO/IBI.

B pa6ote npeiiozken moaxos [3] Ha OCHOBE BOCCTAHOBJIEHUS JIONYCTUMBIX 3HAUE-
HUIl CKAJISIPHBIX IPOU3BEJCHUN MEXK Ty deMEeHTaMI MHOYKECTBA, IOTPYKEHHBIX B €B-
KJIIIOBO ITPOCTPAHCTBO MIPH YCJIOBUU COXPAHEHUS MOJIOKUTETHHOM OMpeIeIEHHOCTH
COOTBETCTBYIOIIEH MATPUIIBI CKAJIAPHBIX Ipou3Benenuil. B mannom moaxone 6/1m30-
CTHU TTIOHUMAIOTCS KaK CKaJIIPHBIE ITPOU3BEIEHNS MEYK/TY dJIEMEHTAMU MHOXKECTBA, KO-
IJIa BCE OHU PACIOJIOZKEHBI TOJIBKO B OJTHOM KBaJIPaHTE METPUYECKOT'O IIPOCTPAHCTBA.
Boccranossienne paccTossiHiil OCHOBaHO Ha TIEPEXOe OT CKAJISIPHBIX IMPOU3BEIeHUHN K
PACCTOSHUSAM Ha OCHOBE TEOPEMBI KOCHHYCOB.

IIpenioxkeHHbIit METO HEOCPEACTBEHHOTO BOCCTAHOBJIEHHUS IIPOIIYIIEHHBIX I1ap-
HBIX CPABHEHUU SIBJISETCS MPUMEPOM IpPUMEHEHHUs pa3paboTaHHONW MPaKTUIECKON
TEXHOJIOTUN KOPPEKIIMN METPUYECKUX HAPYIIEHUIN B JIAHHBIX, IIPEJICTABJIEHHBIX I1ap-
HBIMU CpaBHeHusiMHU [4,5].

Pabora nognepxkana rpantamu PODU No. 20-07-00055, 20-07-00441.
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Restoring the missing paired comparisons

Duvoenko Sergey'x sergedv@yandex.ru
Kopylov Andrey' av.kopylov@yandex.ru
!Tula, Tula State University

The well-known problem of recovering missing values in experimental data is consid-
ered. From a theoretical point of view, this problem appears to be rather nontrivial.
The problem of recovering missing values in data has been intensively developed
since the 70s of the last century. To solve it, various statistical and regression mod-
els were proposed based on the parameter evaluation of the corresponding proba-
bility distributions and estimations of the degree of their distortion because of lost
measurements.

At the same time, in practice, the recovery of missing values is often based on
the so-called compactness informal hypothesis. This hypothesis is an important
paradigm of intelligent data analysis. In accordance with it, it is assumed that the
phenomenon under study can be in a finite number of states, where the results of
measurements of its characteristics indirectly represent these states. Based on this
idea, various local parametric and non-parametric approaches, block approximation
algorithms, etc. have been proposed.

It should be noted that the mentioned approaches are aimed at recovering the
missing values of the directly measured characteristics presented in the traditional
‘objects-features’ data matrix. If the problem of recovering missing values at this
stage of the analysis is solved, then further data processing is performed without
difficulties. In this case, all the distances or similarities between the elements of the
set (objects) representing the states of the phenomenon under study are calculated.

In this paper, another situation is considered, when the experimental data are
presented only by pairwise comparisons between the elements of the set in the form
of matrices of distances or similarities, and some pairwise comparisons have been
lost. If it is not possible to repeat the measurements of the original features, or
the original data matrix is not available, then it is not possible to recalculate the
corresponding distances or similarities.

Such conditions can arise, for example, in measuring complexes of the Kinect
type. Due to failures, the missing values of some characteristics make difficult the
subsequent comparisons of the various object states [1]. In another case, it is nec-
essary to restore the missing values in the problem of improving visibility in images
obtained in foggy conditions. In the presence of localized light sources, they do not
allow obtaining an estimation of the scatter map in the respective areas [2].

Therefore, the problem of restoring the lost pairwise comparisons needs to be
solved, and it is necessary to develop the appropriate new methods.

The paper proposes an approach [3] based on restoring the correct values of
scalar products between elements of a set immersed in Euclidean space, subjected
to the condition that the corresponding matrix of scalar products is positive definite.
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In this approach, similarities are treated as scalar products between the elements
of the set, when all of them are located in only one quadrant of the metric space.
The recovery of distances is based on the transformation from scalar products to
distances based on the law of cosines.

The proposed method is an example of solving the practical problem based on

the developed technology of the correction of metric violations in data represented
by paired comparisons [4,5].

1]
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Pa3HopogHbIii KnacTepHblii aHCaMbJib: BEPOATHOCTHast Moaesb,
cTeneHb pa3HoODpa3uns U oueHKa KayecTsa

Bepuxos Baadumup Bopucosuu' berikov@math.nsc.ru

"Hosocubupck, Nucruryr maremaruku uM. C.JI1. Cobonesa CO PAH

B knacrepHOoM aHasm3e TpeOyeTCs MOIYyIUTh pa3dueHne HEKOTOPOI'0 MHOYKECTBA
00'bEKTOB HA OTHOCUTEIHHO HEGOJIBINOE YMCJIO OJHOPOAHBIX IIOIMHOXKECTB (IpyI,
KJIaCTePOB, KJaccoB). Uucso Ipyni MOXKeT ObITh U3BECTHO 3apaHee UM JO0JIKHO
OBLITH OIpeseeH0 aBTOMAaTHIecku. [lom KpuTepreM OJHOPOIHOCTH PA30UEHUsT ITO-
HUMAaETCs HEKOTOPBIN (DYHKIIMOHAJI, 3aBUCAIIUI OT ONUCAHUI OObEKTOB, HAIIPUMED
roKa3areJieil BHyTPUTPYIIIIOBOIO U MEXKTPYIIIIOBOroO pasbpoca.

B 3zamagax kimaccudukanuy u IpOrHO3MPOBAHUST AKTUBHO PA3BUBAETCSH IOIXO/T,
OCHOBaHHBIM Ha KOJUIEKTUBHOM HpuHATHU perneruii. [Ipu sTom nrorosoe permrenune
OTIPEJIEJISIeTCST Ha, OCHOBE HECKOJIbKMX BAPHAHTOB, MOJYYEHHBIX PA3TUIHBIMUA AJITO-
puT™MaMu OO OJTHUM aJITOPUTMOM, C Pa3HBIMU Mapamerpamu paborsl. KosrekTus-
HbI (aHCAMOJIEBBIT) MIO/IXO/ B KJIIACTEPHOM aHAIM3€e MO3BOJIsIET HOBBIIATE YCTONIN-
BOCTH PE3YJILTATOB I'PYIIIMPOBKH B CJIydae HEOpPEIeJeHHOCTH B BHIOOpE Iapamer-
POB, IPOBOAUTH 00PABOTKY HOJIBIIUX 00HEMOB JIAHHBIX (AHAJIUZUPYS 110 OTAEJIHHOCTH
CPaBHUTEJILHO HEOOJIbIINE UX YACTH), 8 TAKXKE UCIOJIb30BATH «IIPOCTHIE» BBHIYHCIIM-
TesIbHO 3P PeKTUBHBIE ANrOPUTMBI (HAIPUMED, HAIPABJICHHBIE Ha [IOUCK KJIACTEPOB
cepuaeckoit GopMbl) i1 OGHAPYXKEHHsI CJIOXKHBIX CTPYKTYD JAHHBIX.

Cy1irecTByeT HECKOJIBKO OCHOBHBIX HAIIPABJIEHUI B METOJIaX ITOCTPOEHUsT KOJLIEK-
TUBHBIX DPEIEeHUl KJIACTEPHOro aHaJn3a. B mamHOi paboTe paccMaTpuBaeTcs Ha-
IpaBjIleHAe, OCHOBAHHOE HA WUCIIOJIB30BAHUU KOGCCOUUAMUBHHIT Mampuy, (HA3BIBa-
eMBIX TaKXKe MAMPUUALMU NONAPHLT COBNAJCHUT, MAMPUUAMU CMEHCHOCTIU, CO-
occurrence matric), yCTAHABIMBAIOIINX, KAK YACTO KaXK/as apa 00beKTOB OKa3bl-
BAETCs B OJHOM M TOM 2Ke KJyiacTepe (MK B PA3JIMYHBIX KJIACTEPax) 110 BCEM BapHaH-
TaM pa3buenus. Vcmogp30BaHmne TAKOTO BUIa MATPHUIL TIO3BOJISET PEIIUTH IPOOIeMy
B3aMMHOI'O COOTBETCTBUS KJIACTEPOB B BAPWAHTAX TPYIIIAPOBKHU: IMOCKOIBKY HyMe-
paIusi KJIACTEPOB BHYTPH KaKJION KJIACTEPU3AINH SIBJISIETCsI CyObeKTUBHOIM, JTIOObIE
[IEPECTAHOBKHU METOK KJIACTEPOB SKBHUBAJIEHTHBL.

DJIeMeHTBbI YCPEJHEHHO KOaCCOIMATHBHON MaTPHUIIBI MOI'YT PACCMATPUBATHCS
KaK MEpbI [OIAPHOI0 PAacCTOAHMs (CXOIACTBA) MeXKJy OObEKTaMu: 9eM dalle Iapa
00BbEKTOB ObLIa 00beIMHEHA AJTOPUTMAME, BXOJSIINMHU B aHCAMOJIb, B OJUH KJla-
crep, TeM HoJiee TOXOXKUMU SIBJISTIOTCS JIAHHBIE 0ObeKThI. [IJIs oy Yennst nTOroBoro
KOHCEHCYCHOTO Pa30HeHns] UCHOJIb3yeTCs KaKOH-Inb0 U3 aJlfOPUTMOB KJIACTEPHOTO
aHaJIn3a, OCHOBAHHBII Ha MOIIAPHOM CXOJICTBE, HAIIPUMED, CIIEKTPAJIbHBIA AJITOPUTM
KJIACTEPHOI'O aHAJIU3a.

B pa6ote [1] npoBeieHO TEOPETUIECKOE U FKCIIEPUMEHTAIBHOE UCCIIEIOBAHIE PA3-
HOPOJTHOTO KJIACTEPHOTO aHCcaMOJisi, OCHOBAHHOTO Ha HAOOPE PA3TMIHBIX aJITOPUTMOB
KJIACTEPHOTO aHajm3a. KoIeKTHBHOE pellieHre CTPOUTCS Iy TeM aHaJI3a YCPeTHEH-
HOI KOACCOIMATUBHON MaTPHIIBI, IIPU HAXOXKJIEHUH KOTOPON YUYUTBIBAIOTCS OIEHKH
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KadeCcTBa MOJIYIeHHBIX BAPHAHTOB IPyInupoBKu. s obocHOBaHMsT pa3paboTaHHOTO
MeTOJa IIPEe/IJIOZKEHA BEPOATHOCTHAS MOJIENIb aHCAMOJIEBOIl KIIaCCUMUKAIIIY, YIUThI-
BaloIasi KOPPEJMPOBAHHOCTh OIeHOYHBIX (DYHKIM. B Moje/n jgeraercs mpeinosio-
JKEHHUE O CYIIEeCTBOBAHUU «UCTUHHBIX» HEIIOCPEICTBEHHO HE HADJIIOIaeMbIX KJIaCCOB,
KOTOPOE II03BOJISIET BBIBECTH OIEHKN KadecTBa pabOThI aHCAMOJIS.

C mOMOIIBHIO MOJENTH TOJTyYeHbl aHAJTUTHICCKUAE 3aBUCUMOCTH MEXKJTy OIEHKAMU
Ka4eCTBa PEIICHUs] U XapaKTePUCTHKaMK aHCaMbJlst (YMCIIOM ero 3J1IeMEeHTOB, OKH/[a~
€MbIM 3HaYEHUEM U JIUCIepcueil MHeKCca KadecTBa, MOKA3ATEIIMU KOPPETUPOBAH-
HOCTH aJIFOPUTMOB).

IIpoBeneno ucciiemoBanme BUSIHAS KOPPEJUPOBAHHOCTH OA30BBIX PEIIEHUi aH-
cam0OJis Ha ero KadecTBo. [lokazaHo, 9YTO y4ueT KOPPEIUPOBAHHOCTHU MO3BOJISET 00b-
SACHUTDH YJIydIIeHNe KAYeCTBa aHCaMOJIs P YBEJIMYEHNN CTeIleHn Pa3Hoo0pa3ns Ba-
PUAHTOB pa3dbUeHUst, YTO paHee OBLIO FIKCIEPUMEHTAJIBHO YCTAHOBJIEHO B Psijie PAOOT.

B pamkax mozeu HaiiJieHO BBIpayKeHUE JjIsd ONTUMAJIbHBIX BECOB, JIJIsI KOTOPBIX
MUHHUMAJIbHA, BEPXHSI TPAHUIA OIIEHKHM BEPOSTHOCTHU OMUOKY Kiaccudukanuu. Pas3-
paboTaH aJropuTM, B KOTOPOM DPEan30BaH METOJ, TOCTPOEHUsT aHCAMOJIST U BBIUUC-
JIEHUs ONTUMAJILHBIX BECOB; IIPOBEIEHO €0 IKCIEPUMEHTAILHOE HCCIIEOBAHNE.

Pabora nognepxkana rpanrom PH® No. 22-21-00261.
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Heterogeneous cluster ensemble: probabilistic model, measure of
diversity and quality estimate

Berikov Viadimir' berikov@math.nsc.ru
'Novosibirsk, Sobolev Institute of Mathematics SB RAS

In cluster analysis, it is required to obtain a partition of a certain set of objects
into a relatively small number of homogeneous subsets (groups, clusters, classes).
The number of groups may be known in advance or must be determined automati-
cally. The criterion of the homogeneity for the partition is understood as a certain
functional that depends on the descriptions of objects, for example, characteristics
of intra-group and inter-group variance.

In the problems of classification and forecasting, an approach based on a collec-
tive decision-making is being actively developed. In this case, the final solution is
determined on the basis of several variants obtained by different algorithms or by
one algorithm, with different parameters. The collective (ensemble) approach makes
it possible to increase the stability of the grouping results in case of uncertainty
in the choice of parameters, to process large amounts of data (by separate analysis
of relatively small sub-samples), and also to use ”simple” computationally efficient
algorithms (for example, aimed at finding spherical clusters) to discover complex
data structures.

There are several main directions in the methods for constructing ensemble so-
lutions in cluster analysis. In this paper, we consider a direction based on the use
of co-association matrices (also called matrices of pairwise coincidences, adjacency
matrices, co-occurrence matrices), establishing how often each pair of objects ap-
pears in the same cluster (or in different clusters) over all partitioning variants.
Using this kind of matrices allows solving the problem of mutual correspondence of
clusters in grouping variants: since the numbering of clusters within each partition
is subjective, any permutations of cluster labels are equivalent.

The elements of the averaged co-association matrix can be considered as mea-
sures of pairwise distance (or similarity) between objects: the more often a pair of
objects was combined into one cluster by the algorithms included in the ensemble,
the more similar these objects are. To obtain the final consensus partition, one of
the clustering algorithms based on pairwise similarity is used, for example, spectral
clustering.

In [1], a theoretical and experimental study of a heterogeneous cluster ensemble
based on a set of different clustering algorithms is carried out. An ensemble solution
is built by analyzing the averaged co-association matrix, which takes into account the
quality estimates of the obtained partition variants. To substantiate the developed
method, a probabilistic model of ensemble classification is proposed that takes into
account the correlation of evaluation functions. The model makes an assumption
about the existence of ”true” not directly observable classes, which allows us to
derive estimates of the performance of the ensemble.
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With the help of the model, analytical dependencies between the estimates of
the quality of the solution and the characteristics of the ensemble (the number of
its elements, the expected value and variance of the quality index, the correlation
characteristics of algorithms) are obtained.

A study was made on the influence of the correlation of the basic elements of
the ensemble on its quality. It is shown that taking into account the correlation
makes it possible to explain the improvement in the quality of the ensemble with
an increase in the degree of diversity of partitioning variants, which was previously
experimentally established in a number of works.

Within the framework of the model, an expression is found for the optimal
weights for which the minimum upper bound on the estimate of the probability
of a classification error is reached.

An algorithm has been developed in which the method of constructing an en-
semble and calculating the optimal weights is implemented; an experimental study
of the algorithm is performed.

This research is funded by RSF, grant 22-21-00261.

[1] Bertkov V. Model and method for constructing a heterogeneous cluster ensemble //

Automation and Remote Control, 2022. — Vol. 12, p.89-107.
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O uuncne peLuean7| HEKOTOPbLIX cneuunanbHblIX 3a4a4 NOUCKa B
AadHHbIX 4YAaCTbIX U HEYaACTbIX 371eMEeHTOB

Toxoea Eaena Bcesonaodosna edjukova@mail.ru
Jhoxosea Anacmacus ITemposna'* anastasia.d.95@gmail.com

"Mocksa, ®UIT Y PAH

Wccitemytorest BOIPOCHI CJ0XKHOCTH JIOTUIECKOTO AHAJIN3a [EJIOUNC/IEHHBIX JIaH-
veix. [l crernmanabHBIX 33729 MMOWCKA B JAHHBIX YACTHIX M HEYACTHIX JIEMEHTOB,
Ha, PeIeHnn KOTOPBIX 0a3upyeTcss 00y IeHne JIOTUIECKUX MPOIEIY P KITacCupPUKAIINAT,
[IPUBEJIEHBI ACUMIITOTUKN TUIIMYIHOTO YUCJIa PEIIeHU.

PaccmarpuBaemble 3ajiadm [TOMCKA B JAHHBIX YaCTbIX U HEYACTHIX JIEMEHTOB
BOPMYJIUPYIOTCsT CJIEAYIONUM 0OPa30M.

Uccnenyercsa muoxkectBo 06bekToB M. Kazkaprit 00bekT u3 M MOXKeT ObITh IIpe -
CTaBJIEH B BUJE YUCJOBOIO BEKTOPA, MOJIYIEHHOTO HA OCHOBE HAOJIIOIECHUS WU W3-
MEpEeHHUsI PsIjia ero XapakTepucTuk. Takne XapaKTepuCTUKN HA3BIBAIOT aTPUOYTAMU.
IIpeamonaraercs, 9T0 KaxKIblil arpruOyT UMEET OIPAHUYEHHOE MHOXKECTBO JOITyCTH-
MBIX 3HAYEHUIl, KOTOPbIE KOIUPYIOTCS [EJIBIMUA YUCJIAMU.

IIycts X = {x1,...,2,} — MuoxkecTBO arpudyros; H = {z;,,...,z;.} — nabop
u3z v, v < M, pa3iuuHbIX arpubyros; ¢ = (01,...,0.) — HabOP, B KOTOPOM 0; —
JIOITyCTUMOe 3HateHMe IPHU3HAKa &, ¢ = 1,2,...,7. Ilapa (o, H) nasvieaemca sae-

mermaprvim Ppaemernmom (D) nuuet r. Yepes W (M, X)) 0603HATIM MHOXKECTBO
Bcex DP.

IIycts S = (aq, ..., a,) — o6bexT u3 M (31¢ech aj, j € {1,2,...,n}, — 3Hadenue
aTpubyTa x; ns obvekta S). O6bext S codeporcum DD (o, H), ecoun aj, = 0; upn
i=1,2,....r.

Jlana HeKoTOpasi COBOKYITHOCTh 00beKToB D m3 M u 3amano yncio p, 0 < p < 1.
Yepes |D| obosnauaercs uncio o6bextos 8 D. 9P (0, H), (0, H) € W (M, X)), Ha3bl-
Baercs (p, D)-uacmoiwm, ecitn He MeHee p|D| oobekToB S’ u3 D conepxkar 9P (o, H).
Nuave 9P (0, H) — (p, D)-nevacmud. 9P (o, H), (o, H) € W(M, X ), Ha3biBaercs
(0, D)-newacmoim, ecu HU onuH 00beKT 3 D He comepxur (o, H).

9D (0, H), ssasonmiics (p, D)-dacteiMm B W (M, X)), HA3BIBACTCA MAKCUMAND-
nom (p, D)-aacteim 8 W(M, X), ecau so6oit 9@ (¢, H') uz W (M, X) Takoii, 1ato
o' D o, H D H, ue spusercs (p, D)-gacteim. 9P (o, H), apusttonuiica (p, D)-
HevyacteiM B W(M, X), HassiBaercss munumarvioum (p, D)-nevacreim B W (M, X),
ecau jioboit DD (o', H') uz W (M, X) rakoit, uro ¢’ C o, H' C H, ue aBusercd
(p, D)-negacroiM. [lonsarue munumassaoro (0, D)-nedacroro 9P moaHOCTHIO aHAIO-
[UYHO BBEASHHOMY HOHSTUIO MHHEMAJIBLHOIO (p, D)-neuacroro D@ s p > 0.

Bosamkaior sBe oTaesbHbe 3amadu: 1) g sagannoro p, 0 < p < 1, waiitu B
W(M, X) Bce (makcumasbhblie) (p, D)-uactbie 9D; 2) st 3amansoro ¢, 0 < ¢ < 1
Hajitn Bce (MuHmMasbHbIe) (¢, D) -Hewactble 9. MHorna Tpebyercst COBMECTHOE
[EPEYUCICHIe MAKCIMAIBHBIX JaCTBIX 1 MUHUMAJIBHBIX HeIacThix DD.
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3ajiaur MONCKa B JAHHBIX YaCTBIX M HEYACTBIX JIEMEHTOB SIBJISIOTCS OJHUMU W3
IEHTPAJIbHBIX 38/1a9 NHTEJIJIEKTYAJIbHOTO AHAJIN3a JAHHBIX B OCOOEHHO BaXKHBI B CJIy-
4yae OOJIBIINX JAHHBIX. DTU 3389l aKTyaJbHbI J[JIsi MHOIUX IIPUKJIAJIHBIX 00J1acTeil,
CpeJi KOTOPBIX CJIEAYET BBIJIEIUTH HAXOXKEHNE B JAHHBIX aCCOIMATUBHBIX ITPABUII
¥ MAaIIHHOE 00ydJeHue.

B mepBom ciayyae D ma3biBaiorT 0a30if JAHHBIX, a KaXKIblil 00beKT m3 D Ha-
3pIBAOT Tpansakimeil. Acconuarusaoe npasmwio (All) ycranasiauBaer 3aBUCHUMOCTD
MeXy aByMs dacTbiMu D, cormacHo KoTopoit oguH dacTeii 9P X (mochuika) ¢
HEKOTOPOIi «JI0CTOBEPHOCTHIO» BjedeT apyroil yacteiit 9P Y. [Ipu srom 9P X u Y
HOPOXKIAI0TCs OMHUM 00mmM dacThiM DD, oboznadaembiM (X, Y'). Haubosee uudop-
MaTuBHBIME cauTaioTcs Te All, KoTopble TOPOKIAIOTCS MAKCUMAILHBIMEI 9aCTHIMA
90 (X,Y) ¢ «MuHUMAIBLHOI» ochbUIKOI X . Bompock! moncka acconuaTuBHbBIX Ipa-
BUJI HanboJIee U3yUeHbl B Cayvae OMHAPHBIX JaHHBIX [1].

O1HOI U3 TJIABHBIX 33189 MAIIMHHOIO OOYYEHUs sIBJIIETCS 3a/a9a KJIaCCupPUKa-
UM HA OCHOBE IpeleeHToB. B aroMm ciayyae D — obyuaromas BbIOOpKa (3aaHHast
COBOKYIIHOCTB IIPUMEPOB 00beKTOB U3 M), a Kaxplii obbekT uz D — obydaormuii
00bekT mim npeneaeHT. [lomekaliye n3MepeHnio U HabJIIOIEHNIO CBOMCTBA UCCIe-
JLyeMbIX 00'bEKTOB HA3BIBAIOTCSI IPU3HAKAMHI. B CAMOM IIPOCTOM CJIyUae IPereIeHThI
JIeJISITCsT Ha, J1Ba KJiacca (KJIace MOJIOXKUTEIIBHBIX U KJIACC OTPUIATEbHBIX IPUMEPOB).
B obmiem ciryuae uncsio KaaccoB MOXKeT ObITh 60JIbIIe 1ByX. Tpebyercs 1Mo mpu3Hako-
BOMY OIUCAHUIO IPEIbABIEHHOIO 06bEKTA, O KOTOPOM 3apaHee HEM3BECTHO, KAKOMY
KJIACCY OH IIPUHAIJIEXKUT, OLPEEJUTh (PACIO3HATD) 9TOT KJIACC.

Xopotiue pe3yabTaThl TOKA3bIBAIOT JIOMMIECKIe KIaCCH(DUKATOPI, TP KOHCTPY-
UPOBAHWU KOTOPBIX MCIIOIB3YIOTCSI KAK OCHOBHBIE njen anropurma «Kopay [2], Tak n
AJITOPUTMOB BBIYHMCJIEHUS OLEHOK [3]. D11 KiaccuduKaTops! BiepBbIE [PEII0KEHbL B
[4]. B anropurmax tuna «Kopa» anasius upenemeHTHON nrdOpMAIMu IPOBOIUTCS B
[PEJIOJIOXKEHIH, 9TO TTPU3HAKOBBIE OMUCAHUS JIIOOBIX JBYX 00ydYaonmx 0oO0beKTOB,
MPUHAJJIEZKAIIX PA3HBIM KJjaccaM, He COBIaaioT. Ha sTare oOydIeHUs I KarK-
qoro kiacca K uiryrcs Tak HasblBaeMble (P, ¢)-IIPeJCTABUTENbHBIE DJIEMEHTADHBIE
KJ1acCHUKATOPBI, TIpeJIcTaBIIstonue coboii creruanbabie 9P uz W(M, X).

[Mycrs Q(K) u Q(K) — MHOXKecTBa mpenesienTos u3 knacca K u me u3 kinacca K
coorBercrBenno u p > 0, ¢ < p. Torma (p,q)-IpeaCcTaBUTE/IBHBINA JIeMEHTAPHBII
kiaccudukrarop Kiacca K sBisercd oguoBpeMeHHO (MakcumasbubiM) (p, Q(K))-

qacteiM DD n (MurnManbHEBM) (¢, Q(K) -Heuacteiv 9P 8 W (M, X). Kak npasmio
cHauasia cTposTes MunuMasbhbie (¢, Q(K))-nedacteie D@, a 3aTeM U3 HUX OTOGHpa-
10TCs Te, KoTopsle sipysitorest (p, Q(K))-vyacTeivu. Ha ciemyroriem stane HafijeHHbIE
(p, ¢)-IpeJcTaBUTENIbHBIE SJIeMEHTapHBIE KIacCubUKATOPhl Kilacca K ydacTBYIOT B
HPOIIE/LyPE «TOJOCOBAHUS> 38 OTHECEHHE PACIO3HABAEMOIO OObEKTa K 9TOMY KJIAC-
cy. Marepuan obydenust 6e3omubouno Kiaccudunupyercs npu ¢ = 0. Opnako Ha-
xoxenne (0, Q(K))-neqactox P TpebyeT GONBINX BHIMUCIUTEIBHBIX 3aTpar. B

caydae GUHADHBIX JAaHHBIX, Korja Tpebyerca Haiitn Bce MurmMasbhbe (0, Q(K))-
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ueuyacroie DD suga (0,...,0), 970 u3BecTHAs TPYIHOPEIIAEMasl I€PEIUCIIUTEbHASL

3aJla4a, Ha3blBaeMasd MOHOTOHHOI Jryajn3anueii.

OrmernM, 9TO K 3ajiade COBMECTHOI'O IePEYNC/IEHUs] MaKCUMAJbHBIX 9aCThIX U
MUHMMAJIbHBIX HedacThix D@ cBomuTCst 3aada pacmmdpOBKH MOHOTOHHON (DyHK-
uu [5].

B menax mccnenoBanus CKOPOCTH PENIEHUST PACCMATPUBAEMBIX 33aT B CIyUae
OOJILITINX JTAHHBIX MPEJICTABIAET WHTEPEC MOJIYIEHHEe ACUMITOTUK TUITHIHOTO THUC-
Jla 9acThIX ¥ HeuacThix P, a Takxke TUNMIHON JyinHBl Takux dPD. B pabore [6]
UCKOMBIE OIEHKHU IIPUBEJIEHBI JJisi MHOXKeCTBa MuHuMaJbHbIX (0, D)-#HeuacThix DD,
Ha3bIBAEMBIX B 9TOH paboTe TYNMMKOBBIMU MOKPBITASIMA IEJIOUNCTEHHON MATPHUIIHI.
B nacrosmieit pabore Tak ke, Kak 1 B [6] paccMorpen ciydail 60IbIIOr0 Yncia ar-
pubyTos. Tpebyembie onenku nosyuessl mis (p, D)-gacroix 9P crienuaabHOrO BUIA
B IIPEJIIIOJIOKEHIH, YTO KaXKIbIH aTpubyT nmeeT k,k > 2, JOMYCTUMBIX 3HAYUEHUN.
CpaBHeHHe NOJIyYeHHBIX B HACTOSIIEH paboTe OIEHOK ¢ OlleHKamu u3 [6] cuieTesb-
CTBYeT O MEPCIEKTUBHOCTHU IIPUMEHEHUs] METOJIOB MOUCKA 9acThix P mjs mocTpoe-
uus (p, 0)-IpeCcTaBUTEBHBIX JIEMEHTAPHBIX KJIACCU(DUKATOPOB.

PesynpraTsr HacTosIeit pabOTHI COITIACYIOTCS C SKCIEPUMEHTATBHBIMIA UCCITIEI0-
BaHUsIMHI, NpuBeEHHBIME B [7]. TlocTpoennbie B 7] Monenn kinaccudukaTopos ¢ opu-
eHTaIlell Ha MeTO/bI TOMCKA YACThIX DD MMO3BOJISIIOT IIPU OIPEIEIEHHBIX YCIOBUIX
CYIIECTBEHHO COKPATUTH BpeMsi 00y JIeHMsI.
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On the number of solutions to some special problems of searching
for frequent and infrequent elements

Djukova Elena' edjukova@mail.ru
Djukova Anastasia'x anastasia.d.95@gmail.com

"Moscow, FRC CSC RAS

The issues of the complexity of the integer data logical analysis are investigated.
Asymptotic estimates of the typical number of solutions are given to special problems
of searching for frequent and infrequent elements in data, on the solution of which
the training of logical classification procedures is based.

The considered problems of searching for frequent and infrequent elements in
data are formulated as follows.

Let M be the set of objects under examination. Each object from M can be
represented as a numerical vector obtained by observing or measuring a number of
its characteristics. Such characteristics are called attributes. It is assumed that each
attribute has a limited number of admissible values, which are encoded by integers.

Let X = {x1,...,2,} be a set of attributes; H = {z,,,...,z;,.} be a set of r,
r < n, various attributes; o = (o1,...,0,) be the set in which o; be allowed an
admissible feature value x;,, ¢ = 1,2,...,r. The pair (o, H) is called an elementary
fragment (EF) of length r. The set of all EFs is denoted by (M, X).

Let S = (ai,...,a,) be an object from M (here aj, j € {1,2,...,n}, be an
attribute value x; for object S). Object S contains EF (o,H), if aj, = 0; at i =
=1,2,...,7.

Some set of objects D from M is given and number p, 0 < p < 1is given. Through
|D| denotes the number of objects in D. EF (o, H), (0,H) € W(M, X), is called
(p, D)-frequent, if not less p|D| objects S” from D contain EF (o, H). Otherwise EF
(0, H) is (p, D)-infrequent. EF (o, H), (o, H) € W(M, X), is called (0, D)-infrequent,
if no object from D does not contain (o, H).

The EF (o, H) is called mazimal (p, D)-frequent in W (M, X) if it is (p, D)-
frequent in W (M, X) and any EF (o', H') from W (M, X) such that ¢’ D o, H' D
H is not (p, D)-frequent. The EF (0, H) is called minimal (p, D)-infrequent in
W(M,X) if it is (p, D)-frequent in W (M, X) and any EF (¢’, H') from W (M, X)
such that ¢’ C o, H C H is not (p, D)-frequent. The concept of minimal (0, D)-
infrequent EF is completely similar to the introduced concept of minimal (p, D)-
infrequent EF for p > 0.

There are two separate tasks: 1) for a given p, 0 < p < 1, find in W(M, X)
all (maximal) (p, D)-frequent EFs; 2) for a given ¢, 0 < ¢ < 1, find all (minimal)
(q, D)-infrequent EFs. Sometimes a joint enumeration of the maximal frequent and
minimal infrequent EFs is required.

Finding frequent and infrequent elements in data is one of the central tasks of
data mining and is especially important in the case of big data. These tasks are
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relevant for many application areas, among which are finding associative rules in
data and machine learning.

In the first case D is called a database and each object from D is called a
transaction. Association rule (AR) establishes a relationship between two frequent
EFs, according to which one frequent EF X (premise) with some “probability”
entails another frequent EF. Wherein EF X and Y are generated by one common
frequent EF denoted (X,Y’). The most informative are those AR that are generated
by the maximum frequent EF (X,Y") with a “minimum” premise. The questions of
finding AR are most studied in the case of binary data [1].

One of the main problems of machine learning is supervised classification. In this
case D is a training set (some given set of examples of objects from M) , and each
object from D is a learning object or a precedents. The properties of the objects
under study that are to be measured or observed are called features. In the simplest
case, the precedents are divided into two classes (the class of positive and the class
of negative examples). In general case, the number of classes may be more than two.
Given a description in terms of features of an unknown object, it is required to find
out (recognize) the class it belongs to.

Good results are shown by logical classifiers, the construction of which uses both
the main ideas of the algorithm “Cora” [2] and of calculating estimates algorithms
[3]. These classifiers were first proposed in [4]. In the algorithms of “Cora” type,
the analysis of precedent information is carried out under the assumption that the
feature descriptions of any two training objects belonging to different classes do not
coincide. At the stage of learning for each class K are looking for the so-called
(p, q)-representative elementary classifiers, which are special EF from (M, X).

Let Q(K) and Q(K) be the sets of precedents from the class K and not from
the class K, respectively, and p > 0, ¢ < p. Then (p, q)-representative elemen-
tary classifier for class K is both (maximal) (p, Q(K))-frequent EF and (minimal)
(¢, Q(K))-infrequent EF in (M, X). As a rule, the minimal (¢, Q(K))-infrequent
EFs are constructed first, and then those that are (p, Q(K))-frequent are selected
from them. In the next step, the found (p, q)-representative elementary classifiers of
the class K take part in the “voting” procedure for assigning the recognized object
to this class. The training material is unmistakably classified at ¢ = 0. However,
the finding of (0, Q(K))-infrequent EFs is computationally expencive. In the case of
binary data, when you want to find all minimal (0, Q(K))-infrequent EFs of the kind
(0,0,...,0), it is a well-known intractability enumeration problem called monotone
dualization.

Note that the problem of decoding a monotone function is reduced to the problem
of joint enumeration of the maximal frequent and minimal infrequent EFs [5].

In order to investigate the speed of solving the considered problems in the case
of large data, it is of interest to obtain asymptotic estimates of the typical number
of frequent and infrequent EFs, as well as the typical length of such EFs. In [6] the
required estimates are given for the set of minimum (0, D)-infrequent EF's, which are
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called irredundant coverings of an integer matrix in this work. In presented paper,

as well as in [6], the case of a large number of attributes is considered. The necessary

asymptotic estimates are obtained for (p, D)-frequent EFs of a special type under
assumption that each attribute has k, & > 2, admissible values. Comparison of these
estimates with those from [6] indicates that the methods of searching for frequent

EFs are promising for constructing (p, 0)-representative elementary classifiers.

The results of this work are consistent with the experimental studies presented
in [7]. The classifier models in [7] with a focus on methods for searching for frequent
EFs can, under certain conditions, significantly reduce the learning time.
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MocTpoeHune rayccosbix nupamng nsobpa>keHnii Ha OCHoBe
peweTouYHbIX ypaBHeHuin bonbymana

Havun Oaez Badumosun' 0ilyin@gmail.com

! Mocksa, @enepanbHoe rocyrapcrseHnoe yapexaenue " PemgepasbHblil
uccyienoBaTenbekuil meHTp "Mudopmaruka u ynpasienue" Poccuiickoit akagemun HayK"

Tayccoser mupamuier (I'TD) SBAAIOTCA OHIM U3 IVIABHBIX KOMIIOHEHTOB MACIITA0-
HO MHBAPUAHTHBIX METOJI0B 06paboTku n3obpaxkenuii, taknx kak SIFT u SURF [1]-
[2]. Tupamua Taycca npencrasisier coboit MHOMKECTBO, COCTOSIINEE M3 HUCXOIHOTO
n300pazkeHust, ero pasMbituii o Tayccy (Hasoxenuit duiabrpa Faycea) n macrrab-
HBIX IpeobpasoBanuii (arnceMiiunr u gayHcaMiumar). CranIapTHbIi C1ocob pa3Mbl-
tus mo ['ayccy ocHOBaH Ha CiIeLyIOIeil TUCKPETHON CBepTKe

z'y' =K 2 2
r+uy
Moo = 3 aep (< Y 1w aty - ),
vy =K

rie A — HOPMUPOBOYHAST KOHCTAHTA, JIJIsT JMCKPETHOTO TayccoBa sifpa, &,y — KOOp-
JIUHATBI UKCeJell nByMepHoro uzobpakenus, I(x,y) u I(x,y,0) — UHTEHCUBHOCTD
[[BET& OCHOBHOI'O M DPA3MbITOrO u300pakeHus (B IPaalusx Ceporo) COOTBETCTBEH-
HO, K 3aBucHT OT 0 W B GOJIBIIMHCTBE CIydaeB paBHO round(30), Takxke round
0003HAYAET OIEPAINIO OKPYIVIEHUs /10 OJIMKAMIIEro 1ejioro Jucia.

B smureparype ykaswiBaercs, uto nocrpoenue 'l sanumaer npumepno 80% BbI-
qucaureabHoro spemenn g meroga SIFT [4]. Ha npakrTuke pasmep okHa CBEPTKH
pasen 2K + 1 = round(30) + 1, 310 03HaYaer, 4TO CJIOKHOCTH BBIUUCJEHUIl pac-
ter ¢ pocrom o. Hampumep, meron SIFT TpeGyer BbIloOJHEHHsT CBEPTOK MIMPUHON
9,11,13,15,19 Ha kaxkayio okTaBy. OTMeTUM TakKe, YTO CBEPTKA SIBJISIETCS HEJIO-
KaJILHOH IIPOLELy PO, U OYEBUIHO, YTO HeoOxoquMa MoubuKaius MeToia (Hapu-
Mep, IKCTPAIIOJISIUS JAHHBIX UHTEHCUBHOCTH | 3a TpaHUIbl M300parkKeHus) BOIU3M
rpaHuI; n300parkKeHus.

C apyroit CTOPOHBI, XOPOIIIO U3BECTHO, YTO JJIsT HEIIPEPBIBHBIX IEPEMEHHBIX T, I, O
dyukius I(x,y, o) ects perenne ypasaenust auddysun [3]

ol 0?1 %I

do? 0x2 ' 0y?

rue koddunuent quddysun D pasen 1/2.

[esbio0 HACTOSIIETO UCCIIJOBAHNS SIBJISIETCS Pa3pabOTKa ajJbTePHATUBHOTO O/
X0Jla K raycCOBCKOMY pasMbiTuio (u mocrpoenuio ['Il) Ha 0OCHOBe perneTouHbix MoJie-
seit Bonmbumana (LB). Hacrosimas mozens LB nipenasnadena i pelenus ypasHe-
nnsa guddysun 6e3 npuMmenerus cseprok. [loaxon LB ocHoBan Ha AByX KOMITOHEH-
rax: gekaprosoii pemerke (Puc.l) ¢ koopaunaramu (z,y), COOTBETCTBYIOIIEH 1306~
DPaXKeHMUIO CO CTENEeHbIO PA3MbBITHUS 0, U MOJEJNH, OIUChIBaoIeil mpouecc nuddy3un.

Me>xgynapoaaas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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) ® 3 )
C2 C1
o L2 o — T
L] ® ¢4 L]

Puc. 1. Pemerka monemun D2Q4. Vbl penterku (pacrosioKeHue IUKCeNei) 0603HaueHbI
kpykKamu. CTpeski 0603HAYAI0T BO3MOXKHBIC HAIIPABJICHUS IBUKCHHUA JACTHII.

DTa MOJIe/Ib IKBUBAJIEHTHA yPABHEHUIO, OMUCHIBAIONIEMY JIBIPKEHUE JacThly, (BUPTY-
aJbHBIX) €O cKopocTaMu 12 = (£¢,0),¢34 = (0,%c) (¢ — abecomornoe 3HauCHIE
CKODOCTH) TI0 Y3JaM DENIeTKH. 3JeCh NPEIONATACTC, ITO PACIIONOKEHHE y3JI0B
PEIETKN COBIAAET ¢ pacrnosoxkenneM nukceneil. Konnenrpamun wacrun, onpese-
asiemble Kak fi(o,x,y),i = 1...4, cOOTBETCTBYIONINE CKOPOCTSIM C;, IOJUUHAIOTCS
ypasrenuio LB D2Q4 (1Be mpocTpaHCTBEHHbIE KOOP/MHATLI, 9€ThIpE cKopocTn) |5,
B HacTOsmEll paboTe 3TO ypaBHEHUE EPENUCHIBACTCS B CJIEYIONIEM BUJIE

e
fi(o + 507 T+ Ci,xa(jv Y+ ci,yég) = fl (Ua Z, y) + E(I(gv €z, y) - fi(av €z, y))? (2)
rae ¢ = 1...4, TakXKe ¢z, C;y €CTh IPOEKIUU CKOPOCTH C€; Ha OCH T, Y, HUHTEHCUB-
HOCTb M300parKeHus! OIPeIesIsieTcs n3 (POPMYJIb

I(a,x,y) = Zfi(a7xuy)v

rye 7 pasaa 2D /c? + (§0)% /2. Cxema (2) umeer BTOPOil MOPSIOK TOYHOCTH ATIIPOK-
cumanuu ypaaenus auddysun (1).

Ipumensis Moseshb (2), MOXKHO BBIYHCJIATH CJEIYIONIEE PA3MBITOE U300pasKeHne
(co cremeHb0 pa3MbITUs 0 + 00) U3 UCXOMHOrO u300pazkeHWs (CO CTEIEHBIO pas-
MBITHsI 0) JIUIsl BCeX THKCesieil x,y (y3Jibl pemerkn), ecan usBectHsl f;(o, z,y). Tak
KaK JJIsl HCXO/HOTO M300payKeHns 3aJlaHa TOJIbKO MHTEHCUBHOCTH [ (0, 2, Yy), TO JJIst
HOJIyYEeHHs] TOYHOIO PEIeHHs] HeOOXOMMO BBIUUCIUTE COOTBETCTBYIONIUE SHAUCHSI
filo,z,y) . DTOro MOXKHO JOOUTHCS, UCIIOJIB3YS METOMbI, UCHOJIb3YOMIUECS IPU MO-
JIeJTAPOBAHNY TUAPOIMHAMIIeCKHX Teuennii [6]. Kpome Toro, B rpaHmYHBIX y3/ax
[PUMEHSIETCST SKCTPATIOJIAMOHHOE KPAEBOE YCJIOBHE BTOPOTO MOPSIIKA.
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IIpeamaraembrit MeTom BbIcOKOId dekTuBeH. Bo-iepBhix, MeTon LB mpumepno B

1,4 — 2 6eicTpee dynkimu GaussianBlur uz makera OpenCV (Tect nposomusicst st
n3obpazkennit ¢ pasperterauneM 500 x 500, pe3yabTaT 3aBUCUT OT CTEIIEHU PA3MBITHS,
nporpamma Harmcana na C++ ). IlpegcraBiennas cxema JIEMKO IIPOrPAMMUDYETCs,
[Ipe/IJIAraeMblil [IOIX0, 3HAYATEIHHO PO, YeM METO[ OBICTPOro Mpeobpa30BaHUsT
Dypbe, KOTOPBIA YACTO UCIIOIB3YETCs JJIsl BBIYUCICHUs CBEPTOK (0COGEHHO ¢ 60JIb-
LIO¥ IIMPUHOI pa3MbITusl). B 3aKiioueHre Tak»Ke ciieyer MOIePKHY Th, YTO MOJIEJIb
LB noka3sbiBaeT OTJIMIHYI0 MacIITabupyeMOCTh Ha MHOTOSIEPHBIX KOMIIBIOTEPAX.

1]
2]
3l
(4]

]
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Development of image Gaussian pyramids using lattice Boltzmann
method

Ilyin Oleg" 0ilyin@gmail.com
! Moscow, Federal Research Center ”Computer Science and Control” of the Russian
Academy of Sciences

Gaussian pyramid (GP) is one of the major components of several image pro-
cessing approaches like scale-invariant feature detection SIFT and SURF methods
[1]-[2]. Gaussian pyramid is a set consisting of blurred and resampled (upsampled
and downsampled in a special way) images. A most common way to perform the
Gauss blur is based on the following discrete convolution

o’y =K /2 /2
T +y
I(z,y,0) = Z Aexp <( 952 )>I(leayy/)a
oy ==K

where A is the normalization constant for the discrete Gauss kernel, x,y are the
pixel coordinates in a two-dimensional image, I(x,y) and I(x,y, o) are the base and
blurred image color intensity (in grey scale) respectively, K depends on ¢ and in
most cases equals round(3c), and round is closest integer function.

It has been reported previously that the construction of the GP takes approxi-
mately 80% of the computation time for SIFT method [4]. In practice, the size of
the convolution window is 2K + 1 = round(3c) + 1, this means that computation
complexity is growing with o. For instance, SIFT method requires to perform the
convolutions of width equal 9,11, 13,15,19 per octave. Moreover, the convolution
is non-local procedure, it is obvious that a special treatment at the vicinity of the
image boundaries is needed.

On the other hand, it is well known that for the continuous z,y, o variables the
image intensity I(z,y, o) obeys the diffusion equation [3]

ol (821 (’921>

502~ Plaz T o (1)

where the diffusion coefficient D equals 1/2.

The goal of the present study is to develop an alternative approach for the gaus-
sian blurring (and constructing GP) based on the lattice Boltzmann (LB) models.
The present LB model aims to solve the diffusion equation without the application of
convolutions. LB approach is based on two components: a cartesian lattice (Fig.1)
with coordinates (z,y) corresponding an image with blur level o and a model which
describes the diffusion process. This model is equivalent to the equation governing
the dynamics of particles (virtual) with the velocities ¢1,2 = (£¢,0), ¢34 = (0, %c) (c
is the velocity absolute value) hopping over lattice nodes. In here, it is assumed that
the location of the lattice nodes coincide with the location of pixels. The particle
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Fig. 1. Lattice for D2Q4 model. Lattice nodes (pixel locations) are denoted by circles.
Arrows define possible particle motions.

concentrations defined as f;(o,z,y),i = 1...4 traveling with the velocities ¢; are
governed by D2Q4 (two-dimensional, four velocities) LB equation [5], in the present
study this equation is rewritten in the following form

so

4T(I(vaay) —fi(a,x,y)), (2)

filo + 00,2+ ¢;z00,y + ¢ yoo) = fi(o,x,y) +
where ¢ =1...4 and ¢; 5, ¢; , are projections of ¢; on z,y, the intensity (or concen-
tration in terms of LB variables) is given by

I(o,z,y) = Zfi(a,x,y)

and 7 is computed as 2D/c? + (§0)%/2. It can be shown that the scheme (2) is
second order accurate approximation of the diffusion equation (1). Applying LB
model (2) one can compute the next blurred image in GP (with the blur level o +d0)
from the initial image (with blur o) for all pixels z,y (lattice nodes) if f;(o,z,y) are
known. Since for the initial image only the intensity I(c, x,y) is given, then to obtain
accurate solution one needs to deduce appropriate values of f;(o,z,y) . This can
be performed by adopting the techniques widely used in modeling of hydrodynamic
flows [6]. In addition, at the boundary nodes second-order extrapolation boundary
condition is applied.

The proposed method is efficient. First, LB method is approximately 1.4 —
— 2 times faster than GaussianBlur function from OpenCV package (the test was
performed for the images with the resolution 500 x 500, the result also depends on
the blurring levels, the program is written in C++). Next, the presented scheme
can be be easily programmed, the proposed method is significantly simpler than the
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fast Fourier transform method which is used for computing the convolutions. As
a final remark, one should emphasize that LB model shows excellent scalability on
multicore computers.
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ﬂapeTo-onTmmaanble peweHunAa B 3aaa4e MyJ'IbTI/IMO,D,ElJ'IbHOVI
Knacrtepun3auunm

Bozamwupes Muxaua FOpvesuy! okkambo@mail.ru
Opaoe Imumputi Asexcandposu'x di-orl@mail.ru

Tyna, Tyal'Y

B nokiazge paccmarpuBaercs npuMeHeHre MHOTOKPUTEPUAIBHON OIITUMUA3AIINY B 38~
Jade MyJIbTUMOIAIBHOM KaacTepu3anun. My mbTuMoaibHast KIacTePU3aIinsi BBIIOJI-
HSETCST HA MYALTMUMOOGALHOT JaHHBIT -~ TAHHDBIX, TPEJCTABICHHBIX B BUJE HECKOJIb-
KuxX MHOXKeCTB. OCOOEHHOCTD MYJIBTUMOIAIBHON KJIACTEPH3AAN B TOM, ITO OHA, BbI-
[TOJTHSIETCsI OJITHOBPEMEHHO Ha BCEX MHOXKECTBAX JIAHHBIX. B pe3yJsibrare MyJIbTHMO-
JAJIbHBINA KJIACTEP MPEJICTABISET CODON COYeTaHNEe SK3EMILISIPOB JAHHBIX U3 PA3HBIX
MHOKECTB.

WsBecTHolt 1pobsieMoil B KJIACTEPHOM AHAJN3€ HABJISETCs MpoOJeMa MHTEPIIpe-
TAIUN TIOJIY Y€HHBIX KJIACTEPOB, PEIlleHre KOTOPOU CBA3AHO C MHTEJIEKTYaTn3aIei
06paboOTKN JTaHHBIX. J[1000i aJropuT™M KJIACTEPU3AINHN UCIOIb3yeT HEKOTOPYIO Me-
py OJm30CTH, ONpEIEe/IEHHYI0 Ha MHOXKECTBE KJIACTEPU3yeMbIX 00beKTOB. [losTomy
«CMBICJT» TIOJIy9IaeMbIX KJIACTEPOB OIPEIEISeTCS UCIOJIb3yeMOi Mepoil OJim30CTH:
OOBEKTHI BXOAAT B OJIMH KJACTED IIOTOMY, YTO OHH OJU3KHU APYT JAPYLY COTJIACHO
BBIOpAHHO, KaK MPaBUJIO, INCIOBOI Mepe OJIM30CTH.

CreruaJsibHbIH [10/IX0/T K MYJIBTUMO/IAJILHOM KJIACTePU3AINN UCIIOJIB3YyeTCs B AHa-
muze popmasbubX noHsATHH (ADIT) [1]. Asropurmer ADII paboTatoT Ha TEH30PHBIX
[IPEJICTABICHUSIX MHOIOMEDHBIX JTAHHBIX — (POPMANOHHIT KOHMEKCMAT, U CTPOST Ha
HOAX PEUEMKYU NOHAMUL WA MYALMUMOIGALHBIE KAACTIEDDL.

MuoromepubIit pOpMaTbHBIN KOHTEKCT IPEICTABIISET CODOi OTHOIIEHIE

K=< Kq,Ky,...,K,,R> (1)

Ha JoMeHax JaHHbiX D1, Da, ..., Dy, K; C D;. MyibTuMoja bHble KJIACTEPhl HA
konrekcre (1) crposTes B Buje

C=<X1,X5,..., X, > (2)

X; C K;, u 06J1afafoT CJIEIYIOIMUM CBONCTBOM 3aMbIKAHUSI:

VU:(Il,I'Q,...,SCn)€X17X2,...,Xn,U€R, (3)

npu sroM Vi = 1,2,...,n,Vz; € D\X; < Xy,...,X; U{z;},..., X,, > He ynosie-
TBOpsIET yCI0BUIO (3).

Myavmumodasvrvili Kaacmep - 3TO TOIMHOMKECTBO B BUJIe KOMOUHAIIUIT 3JIeMeH-
TOB U3 pa3HBIX HaOopoB K;. OH TakxKe Ompee/igeTcs KaK 3aMKHYTOe M-MHOKECTBO,
MOCKOJIBKY CBOHCTBO 3aMBIKAHUA (3) 00ECTIETMBAET €r0 «CAMOJIOCTATOMHOCTDY : KJIa-
CTep He MOXKeT OBITh yBeJndeH 6e3 HapyIIeHUs yCIOBHUS 3aMBIKAHMI.

Me>xgynapoanas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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Modanvrocms xaacmepa — 3TO KOJTMIECTBO TOJMHOYXKECTB ero 00pas3yonmx, m <
n.

Paszmeprocmo xaacmepa — 370 KOJINIECTBO OOBEKTOB B KJIAaCTEPE, KAK YHCJIOBBIX,
TaK ¥ HeINCJIOBBIX. DopMaIbHOE TIOHSATHE — 3TO TAaKOW MYJIBTUMOJIAIBHBIN KJIacTep,
B KOTOPOM JIJIsI BCEX €r0 9JIEMEHTOB BBITIOJHSIETCS yCJIOBUE

u=(r1,22,...,2k) € X1,Xo,...,Xg,u € R. (4)

DopMaJjibHOE TIOHSITHE IPEICTABJISIIOT CODON MAKCHMAJIbHO BO3MOXKHBIN M-MEpPHBIT
rUnepKyO, MOJTHOCTHIO 3AII0JTHEHHBIN d/IeMeHTaMu 13 MHOXKecTB naHubix K; C D;. B
A®ITI BBesieHO TIOHATHE NAOTMHOCTIU MYALMUMOIGALHO20 KAacmepa U (hOpMabHBIE
HOHSATUS MHTEPIPETUPYIOTCS KaK abCOIOTHO IJIOTHbIE KJIACTepsl [2].

Jokia 1 OCHOBaH Ha COJEPIKAHUM HAIMUX paboT [3, 4] 1 cOMEPKUT HOBBIE SKCIIE-
PUMEHTAJIbHBIE PE3YJIbTAThI. || pUHITUINAIBHBIMY TOJIOXKEHUSIMU, PACKPBIBAEMBIMU B
JIOKJIaJ1e, SIBJISIOTCS CJIEIYIONITE.

1. ®opmasbible KoHTEKCTHI (1), CcTposimuecs Ha PeAbHBIX JAHHBIX, ABJISIOT-
¢ UX O0BEKTHO-IIPU3HAKOBLIMU IpeacraiaerHusymu. Omuo us muoxkecrs K; C D; -
9TO OOBEKTHI PEATHHOTO MUPA, & JAPYTHe MHOXKECTBa — 3TO aTpUOyThl OOHLEKTOB U
MHO>KeCTBa MHbIX, BHEITHUX 110 OTHOIICHUIO K O6'beKTa1\J JaHHBIX. MHTepIIpeTaHI/IH
MyYJIBTEMOJIATIBHBIX KJIACTEPOB (2) BBINOJIHSAETCS B COOTBETCTBUH C JIBYMsI MX XapaK-
TEePUCTUKAMU: IJIOTHOCTHIO U PA3MEPHOCTHIO (00BEMOM ). DTHU XapPaKTEPUCTUKH IIPO-
THBOpEYAT APYT JAPYTY: KAK CJIEAyeT U3 IKCIEPUMEHTOB Ha O0bEKTHO-ITPU3HAKOBBIX
JIAHHBIX, IJIOTHBIE KJIACTEPHI UMEIOT HEOOIBITOH 00beM 1 HaobopoT. ITosTomy 3amatua
MYJIBTUMO/IAIBHOM KitacTepu3anuu GopMyIupyeTcs Kak 3a/1a9a MHOTOKPUTEPUAIIb-
HO OTITUMUBAIIIH.

2. Cpeau pertienuit 3a1a11 MHOIOKPUTEPUAAIHLHOM OIMITUMI3AIUIT TPEIITIOITUTE b=
bl [Tapero-onrumasbabie pemenusi. pout [lapero comepkuT MHOXKECTBO pPaBHO-
3HAYHBIX PENIeHnil, Ha KOTOPOM HUCCJIEYIOTCA PA3JIMIHbIE BADUAHTHI HHTEPIIPETAIIH
KJIACTEPOB.

3. st mocrpoenust [TapeTo-onTuMa/JIbHBIX PElIeHnil 3a/1a91 MYJIbTUMOIAJIbHON
KJIACTEPU3aIiu 11eJ1eCO00Pa3HO TPUMEHSITH IBOJIIOIUOHHBIE AJIrOpUTMbL. [Ipenmytie-
CTBaMU BOJIIOIMOHHBIX AJTOPUTMOB SABJISIOTCS IIPUCYINAsi UM MHOXKECTBEHHOCTh Pe-
IICHNH 1 BO3MOXKHOCTB YIIPABJIATH 3BOJIIONUENA PENICHU B COBPEMEHHBIX pDeasIn3a-
[USIX TAKUX AJTOPUTMOB.

B paborax [3, 4] ucmoan3yeTcss 9BOOIUOHHBIN AIrOPUTM MHOTOKPUTEPHAIBHOMN
ONTUMUBAIMH, KOTOPbI IIPUMEHEH B PEIEHUIX 33189 MYJIbTUMOIAJIBHON KJIaCTePH-
3allUU Ha HECKOJIbKUX HabOpaxX JAHHBIX. AJI'OPUTM OTHOCUTCS K CEMEHCTBY ajaropuT-
MoB NSGA-II, B KOTOPBIX MPUMEHSETCS CBONCTBO JIUTU3Ma B oleparopax orbopa
PEeHETUYIECKUX AJITOPUTMOB. TakyKe B HAIIEM AJITOPUTME UCIIOJIB3YETCT HEJOMUHUPY-
eMaA COPMUPOBKA peuterudi, ITO 1o3BoJsieT cTpouTh MpoHT Ilapero. IIpumenenue
VKa3aHHBIX CBOICTB II03BOJISIET YIIPABJISITH SBOJIIOIMEl PEIIeHUul ¢ IEJIbI0 IIOUCKA
KJIACTEPOB C 33JAHHBIMU CBOWCTBAM.
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MyJbTUMOIAIbHAS KJIACTEPU3alis IPUMEeHeHa B aHa/IM3€e JAHHBIX OCJIOXKHEHUH
nadapkra mMuokapaa [4]. Ucnonszosamucs manuble o 1700 mamuentax, uMerorine
123 npusHaka Ajs KayKaoro mamuenTa. JlamHble TpU3HAKOB COJAEPXKAT CBEICHHUS 00
aHaMHe3e MAIMeHTOB, aHAJIN3aX, IPUMEHEHHON Tepalul U pPe3yJibTaTaX JeUeHNs.

ITapeTo-onTUMAaIbHBIE PEIIEHUSI CTPOSITCS ONTAMAJIBHBIMUA I ABYX KPUTEPUEB:
ILIOTHOCTHU

[RN (X1 x Xo X ... x X,,)]
d =
© | X1 | X | Xa| x ... x| X

(5)
u obbeMa, KJIaCTEpPOB

v(C) = | X1| x | Xa| x ... X | X,]. (6)

ITosnyaaembrit B pesynbrate GpoHT [lapeTo comepkKuUT MHOKECTBO KJIaCTEPOB,
CpeJi KOTOPBIX OCOOBIM MHTEPEC IMPEJICTABIISIIOT KJIACTEPHI JIBYX THUIIOB.

1. Kitacteps! ¢ 60IbIIAM 9UC/IOM MAIUEHTOB U JOCTATOYHO IJIOTHBIE WHTEPIIPe-
TUPYIOTCSA KaK COAeprKallne WH(PpOPMAIINo, OTPayKaIoNIyIo o0Ine 3aKOHOMEPHOCTH,
HaIpUMep, CTAHJAPTHYIO TEPAINIO, MPUMEHIEMYIO /I OOJBITNHCTBA TAIIMEHTOB.

2. KitacTepb! ¢ HEOOJTBITIAM TUCIOM TAITUEHTOB, B IIpeJiesie — C eIMHCTBEHHBIM I1a-
[IMEHTOM, COIEP>KAT HETUIIMIHYIO NH(MOPMAIMIO U UHTEPIPETUPYIOTCS KaK (DAKTHI.

B rnoxnane mpuBogsgTCS PE3yIbTaTBHI WCCJCIOBAHUA JIAHHBIX OCJIOYKHEHWUH WH-
dapKTa MHOKapIa U Pe3yIbTaThl UCCICIOBAHUS ITPOU3BOIUTEIHLHOCTH pa3paboTaH-
HOTO aJITOPUTMA: €T0 BRITUCIUTEIbHAS CIIOXKHOCTD, MACIITAONPYEeMOCTh, BPEMEHHbBIE
xapakrepucTuku. O0CYKIaI0TCs BO3MOXKHOCTH IIpUMeHeHus [lapeTo-onTuMaIbHbIX
pelennii 3a/1a4u MyJIbTUMOJIAJIBHOM KJIACTEPU3AINN B ITPUKJIAIHBIX CUCTEMaX I0JI-
JEP2KKHU TPUHATHUS PEIIeHUI.

Pa6ora mogmepxana rpantamu POOIU Ne 19-07-01178, Ne 19-47-710007 m Ne 20-
07-00055.
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Pareto-optimal solutions in the multimodal clustering problem

Bogatyrev Michael* okkambo@mail .ru
Orlov Dmitriy'« di-orl@mail.ru

'Tula, Tula State University

The report discusses the application of multi-criteria optimization in the task
of multimodal clustering. Multimodal clustering is performed on multimodal data -
data presented as multiple sets. The peculiarity of multimodal clustering is that it
is performed simultaneously on all data sets. As a result, a multimodal cluster is a
combination of data instances from different sets.

A well-known problem in cluster analysis is the problem of interpretation of the
obtained clusters, the solution of which is associated with the intellectualization of
data processing. Any clustering algorithm uses some measure of proximity defined on
the set of objects to be clustered. Therefore, the "meaning” of the resulting clusters
is determined by the proximity measure used: objects are included in the same
cluster because they are close to each other according to the numerical proximity
measure chosen, as a rule.

A special approach to multimodal clustering is used in the Formal Concepts
Analysis (FCA) [1]. FCA algorithms work on tensor representations of multidimen-
sional data — formal contexts, and build lattices of concepts or multimodal clusters
on them.

A multidimensional formal context is a relation

K=< K;,Ks,...,K,,,R> (1)

on data domains D1, Do, ..., D,, K; C D;. Multimodal clusters on the context
(1) are constructed as

(C:<X1,X2,...,Xn> (2)

X; C K;, and have the following closure property:

Vu:({El,l‘Q,...,I‘n)GXl,X27...,Xn,u€R, (3)

at the same time Vj = 1,2,...,n,Vz; € D\X; < Xy,...,X,;U{x;},..., X, > does
not satisfy condition (3).

Multimodal cluster is a subset in the form of combinations of elements from
different sets of K;. It is also defined as a closed m-set, since the closure property
(3) ensures its ”self-sufficiency”: the cluster cannot be enlarged without violating
the closure condition.

The modality of a cluster is the number of subsets of its constituents, m < n.

Cluster dimension is the number of objects in the cluster, both numeric and
non—numeric. A formal concept is a multimodal cluster in which the condition is
met for all its elements

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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u=(x1,22,...,25) € X1, Xo,..., Xp,u € R. (4)

The formal concept is the maximum possible m-dimensional hypercube, completely
filled with elements from the data sets K; C D;. The FCA introduces the concept of
multimodal cluster density and formal concepts are interpreted as absolutely dense
clusters [2].

The report is based on the content of our papers [3, 4] and contains new experi-
mental results. The principal provisions disclosed in the report are the following.

1. Formal contexts (1) based on real data are their object-attribute representa-
tions. One of the sets K; C D; are objects of the real world, and the other sets are
attributes of objects and many others external to data objects. The interpretation
of multimodal clusters (2) is performed in accordance with their two characteris-
tics: density and dimension (volume). These characteristics contradict each other:
as follows from the experiments on object-based data, dense clusters have a small
volume and vice versa. Therefore, the task of multimodal clustering is formulated
as a multi-criteria optimization problem.

2. Among the solutions to the multi-criteria optimization problem, Pareto-
optimal solutions are preferred. The Pareto front contains a set of equivalent solu-
tions, on which various variants of cluster interpretation are investigated.

3. To construct Pareto-optimal solutions to the problem of multimodal cluster-
ing, it is advisable to use evolutionary algorithms. The advantages of evolutionary
algorithms are their inherent multiplicity of solutions and the ability to control the
evolution of solutions in modern implementations of such algorithms.

In [3, 4], an evolutionary algorithm of multicriteria optimization is used, which
is applied in solving multimodal clustering problems on several data sets. The al-
gorithm belongs to the NSGA-II family of algorithms, in which the elitism property
is applied in the selection operators of genetic algorithms. Our algorithm also uses
nondominable sorting of solutions, which allows us to build a Pareto front. The use
of these properties allows you to control the evolution of solutions in order to search
for clusters with the specified properties.

Multimodal clustering has been applied in the analysis of data on complications
of myocardial infarction [4]. Data on 1,700 patients with 123 signs for each patient
were used. These signs contain information about the history of patients, tests, the
therapy used and the results of treatment.

Pareto-optimal solutions are constructed optimal for two criteria: density

4(C) = [RN (X7 x Xa x...x X,)|
X x| X X x | X

and clusters volume

o(C) = | X1| % | Xa| % ... x | Xal. (6)
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The resulting Pareto front contains many clusters, among which two types of
clusters are of particular interest.

1. Clusters with a large number of patients and sufficiently dense are interpreted
as containing information reflecting general patterns, for example, standard therapy
used for most patients.

2. Clusters with a small number of patients, in the limit — with a single patient,
contain atypical information and are interpreted as facts.

The report presents the results of the study of these complications of myocardial
infarction and the results of the study of the performance of the developed algorithm:
its computational complexity, scalability, time characteristics. The possibilities of
using Pareto-optimal solutions to the problem of multimodal clustering in applied
decision support systems are discussed.

The work was supported by RFBR grants No. 19-07-01178, No. 19-47-710007
and No. 20-07-00055.
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Mounck 4acTbix 3/71IeMEeHTOB B AaHHbIX U 0Dy4eHue no
npeueaeHTam

pazynos Huxuma Apxadvesusr'x nikitadragunovjob@gmail.com
Twoxosa Eaena Bcesonodoena' edjukova@mail.ru
'Mocksa, ®ULL 1Y PAH

B pabore paccmarpuBaercst moaxom K 3ajade KIacCUMUKAINN 110 TPETeIeHTaM, OC-
HOBAHHBII HA IPUMEHEHUH alllapara JuckperHoii maremaruku [1]. IIpeioxkena no-
Basl BBIYUCJUTENTHHO 3pdeKTHBHAS MOJEIbL KOPPEKTHOTO Kjaaccudukaropa, 6a3u-
pyIoIasicsi Ha TOWCKE YaCThIX 3J€MEHTOB B JaHHbIX [2]. IIpusemeHsl pesysibraThl
9KCIIEPUMEHTOB Ha, MOJEJIbHBIX U PeasibHBIX 33/a9ax.

SBanava kiraccuuKaIum 10 IpereaeHTaM hOPMYyJIAPYETCs CASIY UM 00pa30M.
IIycte M — ucciemyemoe MHOXKeCTBO 00beKTOB. VI3BecTHO, uT0 MHOXKeCTBO M 11pe-
CTaBUMO B BUJIe 00bEINHEHUS HEIEPECeKAIOMNXCs MOAMHOXKeCcTB K1, . .., K, Ha3bI-
BaeMbIX Kaaccamu. O0bekThl u3 M ONUCHIBAIOTCS HEKOTOPON CUCTEMOI YHMCJIOBBIX
NPUHAKOE T1, ..., Tn. KaXKIBIH NPU3HAK UMeET OIPAHUIEHHOE UUCJIO JIOIYCTUMBIX
3HAYEHUIT, KOTOPhIE KOAUPYIOTCS MEJIBIMU JucaaMu. VIMeroTcst mpuMepbl 00beKTOB U3
MHOKecTBa M, TIPO KaxKJIbIil U3 KOTOPBIX M3BECTHO, KAKOMY KJIACCy OH MPUHAJJIE-
JKUT. DTO Obydaromme 00beKThl win npeyedermot. TpedyeTcs: o mpebsBICHHOMY
HabOPy 3HAYEHUI MPU3HAKOB, OMUCHIBAIOIIEMY HEKOTOPBIH 00beKT u3 M, 0 KOTOpOM
3apaHee He M3BECTHO, KAKOMY KJIACCY OH MPUHAJIEXKUT, OIPEIE/IUTh STOT KJIACC.

BBesieM OCHOBHBIE HOHATHSA. Daemenmaphoim Kaaccuguramopom (K) pan-

ra r Ha3bIBAETCS dJIEMEHTAPHAS KOHBLIOHKIWS HAaJ| IEePEeMEHHBIMHU 1, ..., L, BUAIA
a1 Tr . . ; . .

xil.oxln, e @y, # xy, (i # u), 0j — JONMyCTUMOe 3HavMeHne NPU3HAKa Tj, NPH

t=1,...,rm m;’: IpUHUMaeT 3Hadenue 1 nmpu x;, = o; u sHadenne 0 nnage. Yepes

Np obosznauaercss uaTepBas ucruaHoctu YK B. Oobekr S € M codeporcum DK B,
ecn S € Np. 9K B nopootcdaem K B’, eciu Ng C Np:.

ycts K € {Ky,..., K}, K ={Ki,...,K;} \ {K}. Honoxum Q(K) u Q(K) —
MHOZKECTBa, BeexX IperneenTos n3 K u u3 K cooTBEeTCTBEHHO.

9K B mnasbiBaerca p-wacmowm B Q(K), ecrm |[Np N Q(K)| = p. 9K B, asuisio-
muiics p-gacteiM B Q(K), HasbiBaeTcsa makcumanrvrowm p-wacmowm B Q(K), eciu B
Q(K) me cymecrByer HU oHOrO p-dacroro DK, Koropsii mopoxaer B.

SK B nasbiBaerca noxpumuem 11 Q(K), ecmu NgNQ(K) = @. 9K B, apasio-
muiicss mokpuitaeM 1y Q(K), HaspiBaeTces munumanivtom noxpumuem aas Q(K),
ecrm B He MOPOKIaeT HEKaKoe Jpyroe mokpbitie s Q(K).

9K B HasbiBaercs (mynuxosvim) p-npedcmasumenvrowm it Kinacca K, ecin
B — p-uacteiit B Q(K) u B —(vunmMasnbioe) nokpeitne s Q(K). DK B, ab-
JIIOMUCS P-TIPEJICTABUTEIBHBIM JJIg Kjacca K, HA3BIBACTCA MAKCUMAALHOIM P-
npedcmasumenvrowm i Kinacca K, eciiu B — Makcumaiibublil p-gactoiii B Q(K).

Paccmarpusarorcs Tpu momenn KiaccudukaTopos. IlepBas — 3T0O XOpomo mu3-
BECTHAsT MOJIEJIb TOJIOCOBAHUS IO TYIMHMKOBBIM p-TipencrasurenbabiM DK [3, 4], B xo-
Topoii monck uckombix K mus xkaxmporo kinacca K npoussoguTcs B aBa dtana. Ha

Me>xgynapoaaas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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TIepBOM dTalle Ha OCHOBe aHajm3a MEOyKecTBa (K ) cTposTCs MEHIMATBHBIE TIOKPbI-
g g Q(K). Tlpu 3ToM permaercs CIoKHas MepedncIuTe/bHas 33/1a9a IACKPeT-
HOIl MaTeMaTHKH, Ha3blBaeMas MOHOTOHHOH Jyasnusarnueii [5]. Ha Bropom sramne u3
naiinennbix YK orbupaiorcs Te, Koropble apisorca p-dactbivu B Q(K). OcroBhas
BBIUHCJIATE/IHbHAS CJIOKHOCTH B 9TOH MOJIEJIN 3aKII0YAETCs B HEOOXOUMOCTH PEIaTh
3a/1a94y MOHOTOHHOM JyaJIM3aliun, JJisi PeleHnsi KOTOPOil He CyInecTByeT 3hheKTHB-
HOI'O aJIropuTMa (aJrOpUTMa C IOJUHOMUAIBHON 3a/ePIKKOIL).

Bropast Mojie/ib CTPOUT MHOXKECTBO MAKCHUMAJIBHBIX P-IIPEICTABUTE/IbHBIX 3JIe-
MEHTapHBIX KJIacCupUKaTOpoB Jyist Kaxkaoro Kiaacca K [6]. [Touck raknx K rakke
OCyIIeCTBIIsIeTC B Ba drana. Ha nepsoM srane anajusupyercsa MHOXKeCTBO Q(K).
B pesynbrare dopmupyrorcs Bce makcumasibabie p-dacteie DK. Ha Bropom srame
u3 HaiizeHHbx DK BBIOMPAIOTCS TOJIBKO Te, KOTOPBIE SIBJIATCS (MUHUMAIBHBIMHK)
noxpbrTusvu i Q(K).

BoruncureibHast C/I0KHOCTB BTOPO#l MOJIEJIM B OCHOBHOM 3aKJIIOUaeTCsl B HEOD-
XOJIUMOCTH TIOMCKA MaKCHUMAaJbHBIX p-dacThix K. Jlnsg pemrenust sToit 3aa4uu He
CYIIEeCTBYeT aJrOPUTMa C MOJUHOMHUAIBHON 3ajep:kkoit. OQHAKO MO0 CPABHEHUIO C
IIEPBOI MOJIETBIO, 9TA MOJIE/h SIBJIAeTCA bosiee 3 (PEKTUBHON Ha TPAKTUKE, OCOOEHHO
B c/Tydae GOJBITOTO YHC/Ia KIaccoB, Tak Kak BMecTo Q(K ) alropuTM paccMaTpuBaer
MeHbIIlee 110 MOIHOCTH MHOXKecTBO Q(K).

Tperbst Mozesib Takke paboraer B 1ABa Iramna. Ha mepBoM 3rame CTPOUTCST MHO-
kecTBO p-dacThix B Q(K) asemenrapubix kiaccudukaTopos panra p. K rakoro
Buzla Ha3biBaloTCH p-npasuavhowmu B Q(K). Ha Bropom srame u3 naiigennbix 9K
BBIOMPAIOTCS TOJIBKO T€, KOTOPbIE SBJISAIOTCH (MUHUMAJIBHBIMU) HOKPBITUSMU JIJIsI
Q(K). Touck p-mpasmabaerx DK Ha TepBoM 3Talle OCYIIECTBISETCS AITOPUTMOM
ADR, npenjioxenubiM B HacTosieil padore. Asropurm ADR siBiisiercss moguduka-
Iyeli aJIropuTMa [OMCKa JacThIX 9JIEMEHTOB B OGnHApHBIX JaHHbIX DepthProject [2].

Ha Bxom anropurmy ADR mnomaercss marpuia L, ¢TpOKaMu KOTOPOH SIBJISIIOTCS
onmcanus 00beKTOB Kiacca K, GuHApU30BaHHBIE C ITOMOIIBIO M3BECTHOIO METOJA
one-hot koguposanus. HecioxkHO BHIETH, YTO MOUCK BCEX P-IIPABUJIBHBIX dJIEMEH-
TapHBIX KJIACCH(PUKATOPOB SKBUBAJIEHTEH IIOUCKY BCEX HAOOPOB M3 P CTOJIOIOB MAT-
putibl L, KOTOpbIE B IIepeceYeHrr He MeHee YeM C P CTPOKAMH ITOH MaTpHIbl 00-
Pa3yIOT MOACTPOKY, COCTOSIIYIO M3 €IUHUIHBIX 3JIEMEeHTOB. Takoit Habop CTOJIOIOB
HA3BIBAETCS P-MIPABUJILHBIM. Pabory airopurma ADR MoxkHO mpejicTtaBuTh B BHje
00xo/a B TVIyOUHY JIepeBa peleHnii, BEPIIMHAMA KOTOPOTO SIBJISIOTCS HabOOPBI CTOJTO-
OB MaTpUIlbl L, mpuyem Ha 1yiyOuHe d HAXOAATCA BCe HAOOPBI MOIIHOCTHU d U TOJILKO
onu. Ha Bwixome anropurm ADR Bo3Bpalaer Bce p-paBUIbHbIE HAOOPHI CTOJIOIIOB
MaTpurbl L B opsiake ux odxoma

B pabote nmpoBeseHO IKCIEPUMEHTAIBHOE CPABHEHNE TPEX MOJIEJIEll TONCKa KOP-
PEKTHBIX JIEMEHTAPHBIX KJIacCuPUKaTOpoB. PaccmarpuBaeMble MOJIEIN PeaIn30Ba-
Hbl Ha s3bike C++. IlepBasi MOJeIb CTPOUT TYIMKOBBIE p-TipejcrarebHble DK,
[IPU TOM 33Jia9a MOHOTOHHON Jya/IM3aI[ii PEIIaeTCsl C MMOMOIIBI0 ACUMIITOTHYECKH
ontumasibHoro ajaropurma RUNC-M [7], KoTopblil siBiisgeTcs JUaepoM 10 CKOPOCTH
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cuéTa cpeay APYyTUX M3BECTHBIX AJITOPUTMOB MOHOTOHHON myaJin3anun. Bropas mo-
JIeJIb CTPOUT MAaKCHUMAJIbHBIE P-TIpeJIcTaBuTeNbHble DK ¢ IpuMeHeHneM ajaropurma
DepthProject [2]. Tperbst Mojeas crpout p-npasuibable DK ¢ IpuMeHeHneM mpe-
JlaraeMoro B Hacrosiei pabore ajropurma ADR. DKcrnepuMeHTaIbHO UCCIE0BAHBI
KOJIMYECTBEHHBIE CBOMCTBA MHOYXKECTB UCKOMBIX DK U BBISIBIIEHBI yCIOBUS TPUMEHU-
MOCTH HOBOI MOJIEJTN MTOUCKa, P-IpaBWIbHBIX K.
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Finding frequent elements in data and supervised learning

Dragunov Nikita'x nikitadragunovjob@gmail.com
Djukova Elena' edjukova@mail.ru

"Moscow, FRC CSC RAS

The paper considers an approach to the problem of supervised classification based
on the application of the apparatus of discrete mathematics [1]. A new computa-
tionally efficient model of correct classifier based on finding frequent elements in data
is proposed [2]. The results of experiments on model and real tasks are presented.

The task of supervised classification is formulated as follows. Let M be a
nonempty finite set of objects. The set M is known to be represented as a union of
disjoint subsets K7, ..., K, called classes. Objects from M are described by some
system of integer features x1,...,x,. There are examples of objects from the set of
M, about each of which it is known which class it belongs to. These are training
objects or precedents. It is required to determine the class based on the presented
set of feature values describing some object from M, about which it is not known in
advance to which class it belongs.

Let’s introduce the basic concepts. An elementary classifier (EC) of rank ris an

elementary conjunction over variables x1,...,x, of the form B = x}’ll .z J , where
xj, # i (¢t # u), o; is the allowed value of the attribute z;, when i = 1,...,r
and x]’ takes the value 1 when x;, = o0; and the value 0 otherwise. Np denotes

the interval of truth of EC B. The object S € M contains EC B if S €g. EC B
generates EC B’ if Ng C Np:.

Let K € {Ky,..., K}, K = {Ky,...,K;} \ {K}. Assume Q(K) and Q(K) are
the sets of all precedents from K and from K, respectively.

EC B is called p-frequent in Q(K) if [NgNQ(K)| = p. EC B that is p-frequent in
Q(K) is called mazimal p-frequent in Q(K) if there are no p-frequent ECs in Q(K)
that generate B.

EC B is called a covering for Q(K) if Ng N Q(K) = @. An EC B that is a
covering for Q(K) is called a minimal covering for Q(K) if B does not generate any
other covering for Q(K).

EC B is called (irredundant) p-representative for the class K if B is p-frequent
in Q(K) and B is a (minimal) covering for Q(K). An EC B that is p-representative
for the class K is called mazximal p-representative for the class K if B is maximal
p-frequent in Q(K).

Three classification models are considered. The first one is a well-known model of
voting by irredundant p-representative ECs [3, 4], in which finding of target ECs for
each class K is performed in two stages. At the first stage, the minimal coverings for
Q(K) are constructed based on the analysis of Q(K). Herewith a complex enumer-
ative problem of discrete mathematics, called monotone dualization, is solved [5].
At the second stage, ECs that are p-frequent in Q(K) are selected from the found
ECs. The main computational complexity in this model lies in the need to solve
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the monotone dualization problem, for which there is no effective algorithm (an
algorithm with a polynomial delay).

The second model builds a set of maximal p-representative elementary classifiers
for each class K [6]. Finding of such ECs is also performed in two stages. At the
first stage, the set Q(K) is analyzed. As a result, the set of all maximal p-frequent
ECs is formed. At the second stage, only those that are (minimal) coverings for
Q(K) are selected from the found ECs.

The computational complexity of the second model mainly lies in the need to
find maximal p-frequent ECs. There is no polynomial-delay algorithm for solving
this problem. However, compared to the first model, this model is more efficient in
practice, especially in the case of a large number of classes, since instead of Q(K),
the algorithm considers a smaller set of Q(K).

The third model works in two stages. At the first stage the set of p-frequent in
Q(K) elementary classifiers of rank p is constructed. ECs of this kind are called
p-reqular in Q(K). At the second stage, only those that are (minimal) coverings for
Q(K) are selected from the found ECs. Finding p-regular ECs at the first stage is
carried out by the ADR algorithm proposed in this paper. The ADR algorithm is
a modification of the algorithm of finding frequent elements in binary data Depth-
Project [2].

The input of ADR algorithm is the matrix L whose rows are descriptions of
objects of class K, binarized using the well-known one-hot encoding method. It is
easy to see that finding of all p-regular elementary classifiers is equivalent to finding
of all sets of p columns of the matrix L, which in intersection with at least p rows
of this matrix form a substring consisting of unit elements. Such a set of columns is
called p-regular. The ADR algorithm can be described as a traversal into the depth
of the decision tree, the vertices of which are the sets of columns of the matrix L,
and at a depth of d are all the sets of power d and only them. At the output, the
ADR algorithm returns all p-regular sets of columns of the matrix L in the order of
their traversal.

The paper presents an experimental comparison of three models of correct ele-
mentary classifiers finding. The models are implemented in C++. The first model
builds irredundant p-representative ECs by solving the monotone dualization prob-
lem using the asymptotically optimal RUNC-M [7] algorithm, which is the leader
in counting speed among other well-known monotone dualization algorithms. The
second model builds maximal p-representative ECs using the DepthProject [2] algo-
rithm. The third model is proposed in this paper and builds p-regular ECs using the
ADR algorithm described above. The paper experimentally investigates the quanti-
tative properties of the sets of the desired ECs and identifies the conditions for the
applicability of a new model of p-regular ECs finding.

[1] Zhuravlev Yu. I. Ob algebraicheskom podhode k resheniyu zadach raspoznavaniya i klas-

sifikacii // Problems of Cybernetics, Moscow: Nauka, 1978. No.33 — p. 5-68.
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MpuHuMnbl NOCTpoeHnsa 1 PYHKLNOHUPOBAHNS MHOIMOYPOBHEBbLIX
mMoaenein pacno3HaBaHUs

Kpacrnonpowurn Buxmop Baadumuposuyu'? krasnoproshin@bsu.by
0O6pa3uoe Baadumup Asexceesun’ obraztsov@bsu.by
' Musck, Besopycckuii rocynapCTBEHHbIH YHHBEPCHATET
2MuHck, Bemnopyccknit rocytapcTBeHHBII YHUBEPCUTET

Samada pacro3HaBaHUsi 00Pa30B SIBJSETCS WHIAYKTUBHON 1O MOCTPOEHUIO, TaK
KaK 3a/laHHas B Hell mHQOpMAIWA anpuopu HemnosHasd. [losTomy Bce aaropurmsl,
HUCIIOJIb3YEMBIE JIJIsI €€ PEIleHUs], TI0 CBOEH CyTH SABJIAIOTCS IBPUCTUIECKUMU, TO €CTh
HE UMEIT CTPOrOro MaTeMaTHIeCKOr0 ODOCHOBAHUSI.

BosibmmHCTBO MHIYKTUBHBIX 33184 PEIaeTcs 1o ciemyomeit cxeme. C mMOMOIIBIO
9BPUCTUYECKUX AJTOPUTMOB IIOJIYyYalOT OJHO U3 BO3MOXKHBIX PelleHuii, KoTopoe 3a-
TeM MBITAIOTCA YIIYYIIATD C TOMOIIBIO AOMYCTUMBIX MATEMATHIECKHUX CPEJICTB. TaKast
cxeMa II03BOJISIeT He TOJIBKO yIPOCTUTDH TPEOOBAHUSA K SBPUCTUYECKUM aJITOPUTMAM,
HO ¥ IIOBBICUTH Ka4ecTBO (PUHAJIBHOIO perreHus. [locTpoeHHble B pe3yJibTare ajro-
pUTMBI Ha3BaJu MHOroypoBHeBbiMU. Ha puc. 1 mpuBeseHa cxema JBYXYPOBHEBBIX
aJITOPUTMOB.

N 3AJJAYA N/ 3A/AYA

|

NHOOPMALNSA

Puc. 1. O6mas cxema moCTpOEHUsT ABYXYPOBHEBBIX MOJEJIEH PACIO3HABAHUS

IIpunnunel mocTpoeHus Mojesel i IPUBEIeHHLIX Ha cxeMe BapuauToB A u B
pas/JIM4YHbL. B mepBoM ciydae CTPOUTCs CyNEepPIO3UIUsS 3BPUCTUIECKUX AJIOPUTMOB
Ay, ..., A, n Hexoroporo asropur™ma Ay . Bce aTu anropurmbl paboTaloT ¢ OJHUM
U Te€M Ke BXOJHBIM 00beKTOM x. Bo BTOpoMm — mHMOpPMAIUS O 33/a8e JeKOMITO3H-
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pyercs. Kaxnpiii us asropurmoB A; paboraer co cBOMM OOBEKTOM ;. Ilpu 3TOM
asroput™ Ay IpUMEHsIeTCsT JIJIsl CHHTe3a Pe3y/IbTara Ha 00beKTe X , KOTOPBIH SIBIIs-
ercsl Cynepro3uIueii O0beKTOB Ty, ..., Ty, -

AKTHUBHOE UCIIOJIB30BAHUE MIEPBOr0 X HUX ObLI0 nHUInuposano 0. M. 2Kypasiesbim
[1]. Cmbicat ero npesyioxKenus ObLI JOCTATOYHO MPOCT. Tak KaK 9BPUCTHYECKUE AJl-
TOPUTMBI SIBJISIIOTCS TIJIOXO YIPABJISEMBIMHI, TO MOJIYYUB C UX TOMOIIBI0 KaKOe-JTi00
pelrenne, ero MOXKHO 3aTeM KOPPEKTUPOBATh. 10 €CTh yInpaBjieHne PENIeHueM B Ta-
KOM CJIy4ae IepellaBajioch Ha mocjepyomue maru. [Ipu atom TpeboBaHusT K 3BPU-
CTUYECKUM AJITOPUTMAM CYIIECTBEHHO ITOHUKAJIVCH.

Taxzke Ob110 3amedeHo [1], 9To 06O AJIrOPUTM PACIIO3HABAHUST MOXKHO DPac-
CMATPUBATDh B BUJIE CYTEPIO3UIIH PACIIOZHAIOIIETO OIIEPATOPA U PEIIAIONIETO TPABH-
sa. VlcenenoBa-Hust TAKAX CXEM, B 3aBUCHMOCTH OT PE3yJIBTATOB PADOTHI aJTOPUTMOB
Ay, ..., A, , pa3BUBAJINCH B JIByX HAIPABJIEHUSAX. B IIepBOM CJIydae Mpenoaaraioch,
9TO (PUHAJBHBIN PE3YJIBTAT CTPOUTCsI AJITOPUTMAMU U3 YKa3aHHOrO Habopa u ¢op-
mupyercsi B ipocrpadcTBax By = {0,1} smbo Bz = {0,1, 2} . Takoii nmoxxox HazBaim
JIOTMYECKON KOPPEKTUPOBKOH [2]. Bo BTrOopoM ciyuae B Kauectse Ay, ..., A, uCHO/IDL-
30BAJIICH PACIIO3HAIOIINE ONEePATOPbI. AJITOPUTMBI, B 00IIEM ciIydae, (DOPMUPOBATIH
pe3yabTaT Ha 06a3e MPOCTPAHCTBA JNEeHCTBUTENbHBIX ynces R . Ilna moctpoenus: aj-
ropurMa Ag B 3TOM CjIydae HCIOJIB30BaJIUCh ODBIYHBIE AJIT€OPANIECKIe OITEPAIIHH.
Takoe moIX0M, B CBOIO OvYepe b, HAa3Ba U ajaredpandeckoil KOpPeKTUPOBKOIA.

B pesysbrare npoBeeHHBIX UCCIEI0BAHNI BBISICHUIOCH, YTO BO3MOXKHOCTH JIOTU-
TEeCKUX KOPPEKTOPOB, B CUITY “O€THOCTH MTPOCTPAHCTBA (PUHAILHBIX PEITeHHit, CUTb-
HO orpannvens! [3]|. B cBoro ouepens nccienoBanust anrebpanieckoi KOPPEeKTHPOBKI
ObLIN HAIIPABJIEHBI Ha yIIPOIIEHNEe TPeOOBAHMI K 9BPUCTUIECKUM ajiropurmaM. IIpe-
JIeJIbHBIH (B HEKOTOPOM CMBICJIE) JUIsl HUX pesyibrar [4] mMoxHO cdopmynmuposarh
caeayromuM obpazoM. Eciim 06beKThl KOHTPOJIBHON BBIOOPKU HE COBIAJIAIOT, & IB-
PUCTUYECKUIl AJITOPUTM HE CJIUIIKOM “BBIYYPHBIIN’, TO B OMJIMHEHHOM 3aMBIKAHUN
€IMHCTBEHHOTO PACIIO3HAIONIETO OllepaTopa BCEra MOYKHO MOCTPOUTH KOPPEKTHBIN
(TouHBIN TSt 3a7aHHON BBIOOPKM) ajroputM. CileJcTBUEM 9TOTO SIBJISIETCST YTBED-
JKJIEHUE: eCJT KOPPEKTHBIN aJIrOpUTM HEBO3MOXKHO ITIOCTPOUTH B JIBYXYPOBHEBO MO-
JIeJIA, TO €ro HEBO3MOXKHO IOCTPOUTH JIJIsi PACCMATPUBAEMON 339/ B IIPUHITUIIE.

Aurebpanmyeckasi, Kak ¥ JIOPHYeCKasi KOPPEKTUPOBKA HE JIMIIEHA HEIOCTATKOB:

- KOPPEKTHBIE AJITOPUTMbI CTPOMJIMCH TOJIHKO JIJIsl KOHTPOJIBHBIX BBIOOPOK, 9UTO
00ecIeInBaIo HeOOXOIMMbIE YCJIOBUST PA3PENTUMOCTH 3aJ[add Ha BCEM MHOYKECTBE
JIOIIYCTUMBIX OO'bEKTOB;

- 3a MpeJeslaMi KOHTPOJIBHON BBIOOPKHU ajroputm Ay Bes cebst He COBCEM aJIeK-
BaTHO.

Iepeiinem Temeps K 06cyxkaennto BapuanTa b. C HEOOXOAUMOCTHIO TOCTPOCHMST
TAKNX AJTOPUTMOB ABTOPHI CTOJKHYJIUCH B 337[a9aX MEIUIMHCKON TUATHOCTHUKY [5)].
[Tpu pemeHny TpPakTUIECKUX 33129 YaCTh WH(MOPMAIMK, KaK IPABUJIO, OepeTcs U3
Me/IUIIMHCKON JINTePaTyPhl (B BUJIE JOTUUYECKUX IPABUIL), & YaCTh - U3 JINIHOT'O OIbI-
Ta Bpada. [Ipuwdem nocieusst yacTh nHGOPMAIUH B OOJIBIITMHCTBE CJIyIaeB He hop-
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Majm30BaHa. 1acro OHa IpeiCTaBIAThC B BUe IPUMEPOB ([IPEIe/IeHTOB ), OIUCAH-
HBIX B CBOEM IIPU3HAKOBOM IIPOCTPAHCTBe. s MOCTAHOBKHM JUATHO3a C MCIOJIB30-
BaHUEM IIPABUJI MOYKHO IIPUMEHSITH CTAHIAPTHBIN ajropurM pesosonuii Ay . A s
JIMArHOCTHUKHY 110 TIPUMEPAM, eCTECTBEHHO, UCIIOIH30BATh AJITOPUTM PACIIO3HABAHUS
As . Opnako mjis nosydenust obmiero pesyiabrara Ag(x) BozHukaer npobsema, CBsi-
3aHHas ¢ obbeaunenueM pemenuit Aj(x) u Ag(x) . Hisa ee pemenus paspaboran
OPHUIMHAJIBHBIN II0JIX0/, OCHOBAHHBIM Ha MOAUMUKAINY [IBYXyPOBHEBOI MOJIEJN Ba-
puanTa B.

Ob6mast cxeMa TaKoro IO/IX0a BKJIIOYAET CJIEILYIONINe OCHOBHBIE STAIIBL.

- CTpouTcs 1IeKAPTOBO IPOU3BEIEHUE ITPOCTPAHCTB, B KOTOPBIX OIIPEIEICHBI 00b-
€eKTbl 1 U T2 .

- Asropurmamu Ap (¢ ucnosnb3oBanueM uporenypsl nocrpoennss KHD) B yka-
3aHHOM IIPO-CTPAHCTBE T'€HEPUPYETCs IIOIMHOKECTBO OOBEKTOB.

- Ha ocHOBe mipuMepoB B JIEKAPTOBOM IIPOU3BEJIEHUN CTPOUTCS MIPOEKIINsT 00bEK-
TOB, & BCEe OOBEKTHI IPUBOJATCST K OJTHON Pa3MEPHOCTH.

- B mpocrpancree X C BY BBogurca Mepa npenegearaoctu s : X X X — [—1,1]
TaKas, 9TO

s(x1,22) =1 & x1 = x9;
Va1, 20 € X S(.’I}l,xg) = 5(1‘2,1‘1);

s(x1,22) + 8(21,T2) = 0.

TIe Tp - JIOTUIECKOE OTPHUIIAHNTE O0HEKTa To.

- Ha 6a3e Mepbl HpeneaeHTHOCTH CTPOUTCS CEMECTBO aaropuTmMos Ag , B Buje
pacmupenust ajroputTMoB As . IIpu 9TOM ceMelicTBO JIOJI2KHO YIIOBJIETBOPATE YCJIO-
BUIO: Ha JIAHHBIX, T€HEPUPYEMbBIX U3 JIOTUYECKON YacTh MHQMOPMAINN, PE3YIbTATHI
anropuT™MoB Ay u Ay JOJZKHBI COBIAJIATH. AHAJOMMYHOE YCJIOBUE HAKJIAJIBIBAETCS
Ha BBIOOPKHU U aJIropuT™Mbl Ag 1 As.

IIpemmokeHHbBIH MOIXO YCIIENTHO TPUMEHSJICSA Ha MPAKTUKE I PEITeHus MPH-
KJIAIHBIX 33189 U3 00JIACTH OPTOIEINH U CIIOPTUBHON MEIATIHEI.

Pabora nomepxkana rpanrom BPOOU ®21APM-005.
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Construction and operation principles of multilevel recognition
models
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!Belarus, Minsk, Belarusian State University
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The problem of pattern recognition is inductive by construction, since the infor-
mation given in it is a priori incomplete. Therefore, all the algorithms used to solve
it are inherently heuristic which means that they do not have a strict mathematical
justification.

Most inductive problems are solved according to the following scheme. Using
heuristic algorithms, one of the possible solutions is obtained, which they then try
to improve with the help of valid mathematical means. Such a scheme allows not only
simplifying the requirements for heuristic algorithms, but also improving the quality
of the final solution. The resulting algorithms are called multilevel algorithms. Fig.
1 shows a diagram of two-level algorithms.

N TASK N TASK

|

INFORMATION

- - - - —

Fig. 1. General scheme for constructing two-level recognition models

The principles of building models for options A and B shown in the diagram
are different. In the first case, a superposition Ay, ..., 4, of heuristic algorithms is
constructed as well as algorithm Ag. All these algorithms work with the same input
object z. In the second case, information about the task is decomposed. Each of the
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algorithms A; works with its own object x;. In this case, the algorithm Ay is used
to synthesize the result on object x, which is a superposition of objects 1, ..., Ty.

The active use of the first algorithm was initiated by Yuriy Zhuravlev [1]. His
idea was quite simple. Since heuristic algorithms are poorly controlled we can correct
any solution being obtained by such algorithms later on. This means that decision
control is transferred to subsequent steps. At the same time, the requirements for
heuristic algorithms were significantly reduced.

It was also noted [1] that any recognition algorithm can be considered as a
superposition of a recognition operator and a decision rule. Studies of such schemes,
depending on the results of the algorithms Aq, ..., 4, , developed in two directions.
In the first case, it was assumed that the final result is built by algorithms from
the specified set and is formed in the spaces By = {0,1} or By = {0,1,2} . This
approach was called logical correction [2]. In the second case, recognition operators
were used as A, ..., A,. Algorithms, in the general case, formed the result based on
the space of real numbers R . In this case, ordinary algebraic operations were used
to construct the algorithm Ag. This approach was called algebraic correction.

As a result of the research, it turned out that the possibilities of logical cor-
rections, due to the “poverty” of the final solutions space are severely limited [3].
In turn, studies of algebraic correction were aimed at simplifying the requirements
for heuristic algorithms. The limit (in some sense) result [4] for them can be for-
mulated as follows. If the objects of the control sample do not coincide, and the
heuristic algorithm is not too “pretentious”, then in the bilinear closure of the only
recognizing operator, it is always possible to construct a correct (exact for a given
sample) algorithm. The consequence of this is the statement: if a correct algorithm
cannot be constructed using a two-level model, then it cannot be constructed for
the problem being under consideration at all.

Algebraic, as well as logical correction has its drawbacks:

- correct algorithms were built only for control samples, which provided the
necessary conditions for the solvability of the problem on the entire set of admissible
objects;

- outside the control sample, the algorithm did not behave quite adequately.

Let us now proceed to the discussion of the option B. The authors encountered the
need to construct such algorithms to solve medical diagnostics problems[5]. When
solving practical problems, part of the information, as a rule, is taken from the
medical literature (in the form of logical rules), and part is taken from the doctor’s
personal experience. Moreover, the last part of the information in most cases is not
formalized. Often it is presented in the form of examples (precedents) described in
its feature space. To make a diagnosis using the rules, you can use the standard
resolution algorithm A;. And for diagnostics by examples, of course, use the recog-
nition algorithm As. However, to obtain a general result Ag(z) there is a problem
associated with combining solutions found with A;(z) and As(x). To solve it, an
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original approach has been developed based on a modification of the two-level model
of option B.

The general scheme of this approach includes the following main stages.

- Construction of the Cartesian product of the spaces in which the objects 1
and x5 are defined.

- Algorithms A; (using the CNF construction procedure) generate a subset of
objects in the specified space.

- Based on the examples in the Cartesian product, a projection of objects is
constructed, and all objects are reduced to the same dimension.

- In space X C BY a measure of precedence is introduced s : X x X — [—1,1]
such as

s(z1,22) = 1S 21 = x9;
Vo, x2 € X < s(x1,22) = s(x2,21);

s(x1,x2) + s(x1,Z3) = 0.

where T3 - logical negation of an object x5.

- Based on the measure of precedence, a family of algorithms Ag , is built in
the form of an extension of algorithms A, . In this case, the family must satisfy
the condition: on the data generated from the logical part of the information, the
results of the algorithms Ay and A; must match. A similar condition is imposed on
samples and algorithms Ay and As.

The proposed approach was successfully used in practice to solve applied prob-
lems in the field of orthopedics and sports traumatology.

This work was supported by the BRFFR grant F21ARM-005.
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O6 ogHOM pobacTHOM MeToae rnaBHbIX KOMMOHEHT
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Kiraccmaeckuii MeTo TVIABHBIX KOMIIOHEHT IEPBOHAYAILHO PACCMATPHBAJICT KAK
3ajlada HaMIydlIell allllpOKCUMAIMM KOHEYHOIO MHOXKECTBA TOYeK IPAMBIMU U
wrockoctsimu [1]. PacemoTpum ofH BapmaHT poOGACTHON TOCTAHOBKH STOW 3a/1a-
gyu. OH ocHOBaH Ha HpuMeHeHHHU auddepeHIUpyeMbIX arperupyiomux (yHKImit
M{z1,...,2n} [3, 2], KOTOpPBIE SABJISIFOTCST HETYBCTBUTEIBHBIMEI K BBIOPOCAM.

Jlano koHe4HOE MHOXKECTBO TO4YeK {X1,...,xn}t C R™. Ienrp ap € R™ mmerca
KaK pellleHue 3aatu:

ag = arg;g]iRr}L M{[lz1 — al?, ..., [lzx —a|*}.

it ee pelieHusT UCTIOIB3YETCs CEYIONIas UTEPAITMOHHAS TPOIEypa:

N
E t
= 'kak,
k=1

oM —a'l]?,... —al]?
ore of = M=o 1P, )
2,

Iloce HaXOXKJICHUA g OCYHUIECTBJ/IACTCA IIEHTPUPOBaHUEC:

T — T —ag, k=1,...,N.
Ouepe/aast riaBHast KOMIOHeHTa a; (1 < j < n) HIIeTcss KaK PeIleHns 3aatn:

a; = arg mln M {||z1]? = (a,21)%, ..., [lzn ] — (a,2N)*} .

LJTsl ee pelieHusT UCTOJIB3YeTCs CIAEYIONas UTEPAITMOHHAS TPOTIETypa:

a;" = arg H\1|m Z”k (lzel? = (a,2x)?)

¢ _ OM{llza]® = (a',21)?, .. [l2]® — (o, 2n)?}
rjue vy, = O .

Ee moxxHO Takke mpuBecTH K ciemyromieii popme:

1
attl — N (Sta'),
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rue

¢
’l}l o e 0 xll ... 'rln
t (at)TStat t T . .
A = 7t Z s S :X . '._ . X, X:
(a’,a") ; ’
.« .. UN le ... an

o

Ha marmsanpix mpuMepax MOKa3bIBAETCsl YCTONYINBOCTD MPEJIOKEHHBIX METOI0B
K BBIOpOCaM.
[1] Pearson K. On lines and planes of closest fit to systems of points in space. Philosophical
Magazine. 1901. Vol. 2. PP. 559-572.

[2] IIu6zyxos 3., M. IIpuHInn MUHIME3AIUKA SMIXPAIECKOrO PIUCKA U yCPETHAIOIIAE arpe-
rupyromue dyukiuu. — B: Utorn Hayku u texauku. Cepusi: CoBpeMeHHasi MaTeMaTUKa,
u ee npunoxenusi. Temarudyeckue 063opsl. BUHUTU PAH. 2018, T.152.
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About one robust principal component method
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The classical principal component method was initially considered as the problem
of the best approximation of a finite set of points by straight lines and planes [1].
Let’s consider one variant of the robust formulation of this problem. It is based on
the application of differentiable aggregating functions M{z1,...,2x} [2, 3], which
are insensitive to outliers.

Given a finite set of points {z1,...,zx} C R™. The center ag € R" is sought as
a solution to the problem:

ag = arg;t[el]iRri M{||x1 —al?,..., lzn —a||2}.

To solve it , the following iterative procedure is used:

N
1 E t
== vkxk,
k=1

OM{ |z — at||2 _at
shere of = M =P o — ')
2k

After finding ag, centering is performed:

T = xp—ag, k=1,...,N.
The next main component a; (1 < j < n) is sought as a solution to the problem:

aj = arg ”I(ﬂllill M {||1'1H2 - ((1,1‘1)2, ) ||J:N||2 - (CL,$N)2} :

To solve it , the following iterative procedure is used:

aj" = arg unﬁln Z“k (lzwll* = (@, zx)?)

M {[J1[* = (' 21)%, .. [lan|* = (o' 2n)?}

8zk
It can also be reduced to the following form:

where v}, =
attl — 1 (S'at)
At ’
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where

U% e O ‘Tll e xln
St=x"[ + .. |X, X=

t
Un IN1 *°* ZNn

(a')T Stat

(a*,at) ~

A=

o -

The stability of the proposed methods to outliers is shown by illustrative examples.
[1] Pearson K. On lines and planes of closest fit to systems of points in space. Philosophical
Magazine. 1901. Vol. 2. PP. 559-572.
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[3] Shibzukhov Z. Machine Learning Based on the Principle of Minimizing Robust Mean
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CpaBHeHue cpegcte AutoML Ha npumepe 3agayqn perpecun
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AsromarusupoBannoe Mammaaoe obyduenue (AutoML) MOXKHO Ha3BATL COBpE-
MEHHOH TeHJIeHIell B cpepe MaAIIMHHOrO o0yueHus. JlanHoe HalpaBieHne aKTHBHO
HCCJIEIyeTCs HAYIHBIM COODIIECTBOM, UTO MOJATBEPKIACT CYIIECTBOBAHUE U Pa3pa-
OOTKY Pa3JIMIHBIX MPOTPAMMHBIX CHCTEM aBTOMATU3NPOBAHHOTO MAITMHHOTO 00y 1e-
Husi. B KadgecTBe mpuMepa MOXKHO IIPUBECTH JIOCTATOYHO PACIPOCTPAHEHHBIE CHUCTE-
Mmbl AutoML: Light AutoML (LAMA), TPOT, Auto-Sklearn, H20 AutoML, Mljar.
ABTOMATH3MPOBAHHOE MAIUHHOE OOydYeHMe HAMPABJIEHO HA aBTOMATHYECKYIO Ha-
CTPOIKY aJIFOPUTMOB MAIIMHHOIO 00yUeHHs U UX KOMIIOHOBKY B o0miee (IporpaMm-
HOE) pellleHre — KOHBelep MAIIUHHOIO 00yUeHHsl — C YYETOM HOCTABJICHHOM 3a/1a49u
obyuenus (Habopa gaHHBIX) [1].

Jlanuble pa3paboOTKHU MMO3BOJISIOT CIEIMAINCTaM B O0JACTU MAIIMHHOTO O0yde-
HUSI TOJ00pATh MMOJXOMAIIHII aJrOPUTM ¢ ONTHUMAJIbLHBIME I'MIIEPIAPAMETPAME JJIs
OIIMCAHNUS UCCJIEYeMOro HabOpa JIAHHBIX. 3a4acTyIO MCCJIEI0BATE/N BBIIOJIHAIOT U
OIIEHMBAIOT MHOXKECTBO KOHMUIypammii Moean MeTonoM npod u ommbok. [locesn-
HUEe JIOCTUXKeHUs B objacTu uccienoBannii AutoML pemator 3Ty mpobJieMy myTem
ABTOMATHUIECKOI'O IMOMCKA ITOJXOMAIIEr0 AJIFOPUTMA ¢ COOTBETCTBYIONIMME THIIEPIIa-
paMeTpaMu, TO €CTh ABTOMATU3UPYIOT MPAKTHIECKH BCE TAIBI Pa3pabOTKI MOJE/N
MamuHHOro o6ydenus [2]. AutoML mbITaeTcs cO3ZaTh €IUHYIO CHCTEMY, KOTOpasl
MOXKET YCTPAHUTH HEOOXOIUMOCTh BMEIIATEIHCTBA Y6JIOBEKA Ha KarXKJIOM dTare Mpo-
recca MOJICJTUPOBAHUS U 00y IEHUsI.

ITporpecc B obsactu AutoML mnpuBes K HOSIBJIEHUIO MHOYXKECTBA CUCTEM, KOTO-
pble aBTOMATH3UPYIOT [IPOEKTUPOBAHUE U Pa3pabOTKy MPEUMYIIECTBEHHO MO/IeJIei
MAIUHHOTO OOYYEeHUsI C YIUTeJIeM Ha PA3HBIX dTAIaX.

Mpbl uwceaeoBain psiji COBPEMEHHBIX pa3paborTok B obmactu AutoML: Light
AutoML (LAMA), Tree-Based Pipeline Optimization Tool (TPOT), Auto-Sklearn,
H20 AutoML, Mljar, periast mpu 9TOM 3a/1a4y MAITHHHOTO 0OyYeHusI ¢ yaureaem. B
WCCJIEJIOBAHUY PE3yJIbTATHI TPE/ICKA3AHIS MOJEJN JTMHEHHON perpeccu CpaBHUBA-
€TCsl ¢ pe3yJsibTaTaMu MOJeJIeil, KOTOpbIe IIPEJJIOKIIIN [I€PEINCIeHHbIE CUCTEMbI. B
9KCIIEPUMEHTAJILHON YacTu paboThl MbI UCHOJIB30BAIN JBa HA0OPa JIAHHBIX, COJIED-
JKAIUX OPOIYCKHU, KATeropUuabHble U YUCJIOBbIe npu3Haku: cars [3| u plants [4].

[To pesysmbraram KCIepuMeHTa OBLIO OMPEJEIEHO, YTO MOJIEIb JIMHEHHON pe-
rpeccuy IoKa3aJjia HauIydIline pe3yabTaThl 110 Merpukam Tounoctu MAE, RMSE,
MedAE, onnako meTpuka R? mambosiee TOYHBII Pe3yJIbTAT TOIYYaICa Y MOJIEIH,
moctpoenHoit cucremoii Light AutoML.

Taxke pe3ysbTaTbl M3MEPEHUs IIPOIECCa MOCTPOCHUsT M O0YIEeHUsT MOJIEIIN JIJIst
PACCMOTPEHHBIX CHCTEM IMOKA3AJIA, YTO CpeJlHee BpeMsi, HeOOXOIUMOe JIJis MOI00-
pa Hamryueii koundurypamun Moeau cucremoit AutoML cocrasiisier 0K0JIO OJIHOI
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MUHYTBI 1J1s1 HeGoubinux (nopsaaka 10 reic. 06pa3nos) HaGOPOB JaHHbIX. Bee ke 1mpo-
IIECC IIOATOTOBKY JIAHHBIX U O0YU€HUs HA HUX MOJIEJIN MOXKET CUJIBHO BAPbUPOBATHCS
B 3aBUCHMOCTH OT IIPEJIMETHON 00JIACTH U PelaeMoil 3a1a4u.

B nporiecce ananuza cucrem 66110 OOHAPYKEHO, UTO HE BCE CHCTEMbI TIOJTHOCTBIO
aBTOMATU3UPYIOT BCE ITAIbl MAIMUHHOTO 00ydenus: cucrema TPOT He moxer pa-
00TaTh C JAHHBIME, COIEPKAIUMHI MPOILYCKH, & TAKXKE KATErOPHAJIbHBIE TPU3HAKH
JIOJKHBI OBITH 3apaHee IEPEKOAUPOBAHBI B YHCIOBble. MHOrME cHCTEMBI UCIIOJIb3Y-
0T Ha STalle IIPeJBAPUTE/IbHON 00pabOTKN JAHHBIX TOJBKO CTATHCTUYECKHE METO-
JIbL JIJI OYUCTKY IIPOIYIeHHbIX 3Hadenuii (Mljar uckmodaer ¢cTpoKu ¢ npoIycKaMu
JInOO 3aMOJTHAET UX CPEJHUM 3HAYEHUEM, MOJON, MUHUMAJIBHBIM 3HaYeHueM; Auto-
Sklearn samosiHsieT TPOIYCK B YHCJIOBBIX JAHHBIX CPEIHUM 3HAYECHUEM, MEIMAHOM,
CaMbIM YaCTBIM 3HAYEHHMEM), HO He YAAJISIOT aHOMAJbHbIE 3HAYEHHs U HE CHUXKA-
IOT Pa3MEepPHOCTh MPU3HAKOBOI'O ITPOCTPAHCTBA. MeTo bl MAITHHHOTO O0yUeHus 0e3
YUUTEeJIsT MOXKHO TaKKe HCI0JIb30BaTh ISl IIPeIBAPUTEIbHON 00paboTKU JaHHBIX,
OJTHAKO JIJIsI 9TOTO MOTPEOyeTCsi 3HAUUTEILHO YCJIOKHUTD UMILIEMEHTAIINIO MOJTYJIei
CUCTEMBI, OTBEYAIOININX 3 MIPEIBAPUTEIbHYI0 00PabOTKY TAHHBIX.

Takum 06pa3oM, MOXKHO CIEJIATh BBIBOJ, YTO pacCMOTpeHHble cucreMbl AutoML
CJIOKHO Ha3BaTh yHUBepcasJbHbIMU. VlcciieoBarenn B O0OJACTH JTAHHBIX B UTOT'e
JIOJIZKHBI IIPUHUMATH BEIOOP OTHOCUTEJILHO TOI0, KAKYIO CUCTEMY MCIIOJIb30BATH JIUOO
IpUOErHyTh K CAMOCTOSITEJIBHOMY aHaJn3y, 00paboTKe JTaHHBIX U OAO0PY Haubojee
3¢ dekTUBHON KOHMUTYPAIUN MOJIEIN MAITUHHOTO 00y YeHMSI.

Mo>KHO TPEJIOKUTH PsJl IEPCIEKTUBHBIX HAMPABICHUN PA3BUTUS JJIS CUCTEM
AutoML: BHeApeHME aJrOpUTMOB MAITUHHOIO 00y YeHust 0€3 yUUTeJIs JIJIs [TOAN0TOB-
KU JIAaHHBIX; SIBHBII BBIOOD ajIrOpUTMa ONTUMU3AIMK I'HIIepIIiapaMeTpoB; HEOOXOH-
MOCTB 00Jiee HHTEJIEKTYAJBHON ITPeIBAPUTEIbHON 00PabOTKY JAHHBIX, BBUY TOTO,
9TO NSt PA3IUIHBIX HAOOPOB MAHHBIX YHU(DUIMPOBAHHBIN MeTO 00pabOTKU MOXKET
HE IIOIONTH.

TloaBoms uror, ciemryer OTMETHTh, YTO cucTeMbl AutoML sBJIsIIOTCS OCTATOYHO
BayKHBIM HAllpaBJIeHueM st OusHeca (B wactHOCTH, Light AutoML 6elia paspabo-
TaHa JUIst Hy K1 GpuHAHCOBOH KoMnanun) [5]. VccsemoBatus B JaHHOM HAIIPABJIEHUN
IIOMOT'YT pa3paboTaTh OOIILYI0 METOIUKY MOCTPOEHUs] CUCTEM aBTOMATU3UPOBAHHO-
0 MAITUHHOTO OOyYeHHUs, KOTOpasi IIOMOIJIa CIPOEKTUPOBATH CUCTEMY JJIst HY2KIT
KOHKPETHOH OTpac/H JTUOO MPEeIIOKUTL Oosiee obIee pereHme.
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AutoML to Date and Beyond: Challenges and Opportunities // ACM Computing
Surveys (CSUR) 54, 2022.— P.1-36.

[2] Koroteev, M.V. Review of some modern trends in machine learning technology // E-
Management 1(1), 2018.— P.26-35.

[3] Car Dekho Data, https://www.kaggle.com/datasets/shindenikhil/
car-dekho-data. Last accessed 30 October 2022.

[4] Combined Cycle Power Plant Dataset, https://archive.ics.uci.edu/ml/datasets/
Combined+Cycle+Power+Plant. Last accessed 30 October 2022.
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Automated machine learning (AutoML) can be called the current trend in ma-
chine learning. This direction is being actively explored by the scientific community,
which confirms the existence and development of various software systems for au-
tomated machine learning. Quite common AutoML systems can be cited as an
example: Light AutoML (LAMA), TPOT, Auto-Sklearn, H20 AutoML, Mljar. Au-
tomated machine learning is aimed at automatically setting up machine learning
algorithms and linking them into a common (software) solution — a machine learn-
ing pipeline — taking into account the set learning task (data set) [1].

These developments allow specialists in the field of machine learning to choose
the appropriate algorithm with optimal hyperparameters to describe the data set
under study. Often, researchers perform and evaluate multiple model configurations
through trial and error. Recent advances in AutoML research solve this problem
by automatically searching for a suitable algorithm with appropriate hyperparame-
ters, i.e., automating almost all stages of machine learning model development [2].
AutoML is trying to create a single system that can eliminate the need for human
intervention at every step of the modeling and training process.

Advances in AutoML have resulted in many systems that automate the design
and development of predominantly supervised machine learning models at various
stages. We explored a number of modern AutoML developments: Light AutoML
(LAMA), Tree-Based Pipeline Optimization Tool (TPOT), Auto-Sklearn, H20 Au-
toML, Mljar while solving a supervised machine learning problem. In the study, the
prediction results of the linear regression model are compared with the results of the
models proposed by the listed systems. In the experimental part of the work, we
used two data sets containing gaps, categorical and numerical features: cars [3] and
plants [4].

According to the results of the experiment, it was determined that the linear
regression model showed the best results in terms of MAE, RMSE, MedAFE ac-
curacy metrics, however, the R? metric was the most accurate result for the model
built by the Light AutoML system.

Also, the timings of the process of building and training the model for the con-
sidered systems showed that the average time required to select the best model
configuration by the AutoML system is about one minute for small (about 10 thou-
sand samples) data sets. Nevertheless, the process of preparing data and training
a model on them can vary greatly depending on the subject area and the problem
being solved.
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During the analysis of systems, it was found that not all systems fully automate
all stages of machine learning: the TPOT system cannot work with data containing
gaps, and categorical features must be pre-coded into numerical ones. Many systems
use only statistical methods at the data preprocessing stage to clean up missing
values (Mljar excludes rows with gaps or fills them with mean, mode, minimum
value; Auto-Sklearn fills a gap in numeric data with mean, median, most frequent
value), but do not remove anomalous values and do not reduce the dimension of
the feature space. However, unsupervised machine learning methods can also be
used for data preprocessing, however, this will require significantly complicating the
implementation of the system modules responsible for data preprocessing.

Thus, we can conclude that the considered AutoML systems can hardly be called
universal. Data scientists ultimately have to make a choice about which system to
use or resort to their own analysis, data processing and selection of the most effective
configuration of a machine learning model.

We can suggest a number of promising areas of development for AutoML systems:
introduction of unsupervised machine learning algorithms for data preparation; ex-
plicit choice of hyperparameter optimization algorithm; the need for more intelligent
data pre-processing, since a unified processing method may not be suitable for dif-
ferent datasets.

In the end, it should be noted that AutoML systems are quite an important
area for business (Light AutoML, which was developed for the needs of a financial
company) [5]. Research in this area will help develop a general methodology for
building automated machine learning systems, which helped to design a system for
the needs of a particular industry or offer a more general solution.

[1] Karmaker, S., Hassan, M.M., Smith, M.J., Xu, L., Zhai, C., Veeramachaneni, K.
AutoML to Date and Beyond: Challenges and Opportunities // ACM Computing
Surveys (CSUR) 54, 2022.— P.1-36.

[2] Koroteev, M.V. Review of some modern trends in machine learning technology // E-
Management 1(1), 2018.— P.26-35.

[3] Car Dekho Data, https://www.kaggle.com/datasets/shindenikhil/
car-dekho-data. Last accessed 30 October 2022.

[4] Combined Cycle Power Plant Dataset, https://archive.ics.uci.edu/ml/datasets/
Combined+Cycle+Power+Plant. Last accessed 30 October 2022.

[5] Vakhrushev A. et al. LightAutoML: AutoML Solution for a Large Financial Services
Ecosystem // arXiv preprint arXiv:2109.01528, 2021.
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TecTnpoBaHue nHBapnaHTaMmum B NpUMEHEHUN K 3ajade
TECTUPOBAHUSA peKOMeHAaTeNbHbIX CUCTEM
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Xpumanxose Anmon Cepzeesun’ akhritankov@hse.ru

1ﬂ0nr0npyzm1>n‘/'17 MockoBckuit pU3UKO-TEXHUIECKUT WHCTUTYT
2Mocksa, HIY BIITD

Pekomenarebabie cuCTEMBbl B Hallle BpEMsI aKTUBHO HCIIOJIb3YIOTCS B OHJIANH-
cepBHCaxX — Mara3umHax, KHHOTeaTpaX, HOBOCTHBIX moprajiax. OHOM u3 paccMaTpu-
BaeMbIX B 9TOIl cdepe 3a/1a4 gBjsieTcs 3aja4a "MHOropykoro dbamaura". B Heil B ka-
YeCTBE aJITOPUTMA PEKOMEHIAIIUNH UCIIOIb3YETCsT AJITOPUTM JIJISI ABTOMATA C HECKOJIb-
KUMH PYYKaMU, OJIHY WU HECKOJIBKO U3 KOTOPBIX I0JIb30BATE/b MOYXKET “ChIIPaTh’,
3a YTO aJrOPUTM HOJIy4unT Harpasy. Lless anropurma — 11o100paTh CTPATErnio BbI-
6opa pydeK Jis MOJb30BaTeIsd TakK, YTOOBl MUHUMHU3UPOBATEH TOTEPH.

Obecrieuenne BLICOKOTO yPOBHSI JIOBEpHst K paboTe aJiropuTMa PEKOMEH AN s1B-
JISIeTCsT XKU3HEHHO BayKHOW 3aJiadeil JJIst MOM0OHBIX CUCTEM — B IIPOTHBHOM CJIydae
UMU [IPOCTO He OyAyT IHOJIb30BATHCsS. BBOIUMBIN B 9KCILIyaTAIIUIO CEPBUC JOJIKEH
HIPUHOCHUTD 6J1aro o0IecTBy, yA00seTBopsaTh TpeboBanusM Kojekca stuku B cdepe
U u cooTBeTcTBOBATH MPUHATHIM CTaHmapTam, Hampumep, [SO-24028. Yrobsr He
JIOIYCTUTD TOTAJAHUS K KOHEYHBIM IOJIb30BATE/ISIM CHCTEM, HE COOTBETCTBYIOIIIX
3asgBJIEHHBIM K HIM TPeOOBaHUIM, HEOOXOIMMO pa3pabaThiBaTh TOTHBIE U OO HEKTUB-
HBIE METOJIBI IIPOBEPKYU COOTBETCTBUSI U OIEHKHU yPOBHs jioBepusi. OJIHUM U3 BapuaH-
TOB IIPOBEPKH SIBJISIETCS aBTOMaTHIecKoe Tectupopanue. OIHAKO IIPUBBIYHBIE METO-
JIbI TECTUPOBAHUSI IIyTEM CPABHEHUS OTBETOB CUCTEMBI C 3TAJIOHHBIMU He PaboOTaIoT,
MTOCKOJIbKY 3TAJIOHOB TIOMPOCTY He cyIiecTByer. VHOrma Jlazke HeJIb3si ONPEJIE/IUTh,
9TO BOOOIIE SIBJISIETCS OTBETOM. DTa MPOOJIEMa M3BECTHA KaK MPOOJeMa TeCTOBOrO
opaxyma [1].

B 110/100HBIX cuTyaIusax MOXKHO MCIOJIB30BaTh metamorphic testing, wim Tectu-
poBanue uHBapuantamu [2]. OCHOBHOI njeeit 5TOro MeTona sIBJISeTCs He IIPOBEPKa
MPABUWJIBHOCTH OTBETA HA KAYKJOM KOHKPETHOM TECTe, a MPOBEPKA BBLIMIOJTHEHUST Te-
cTOBBIX MHBapuaHTOB (metamorphic relations) — ornoienuit Buja

R(x1, X2, ey Tny f(1), f22),. .., fl2r)) — {0,1}, (1)

rue f(z;)- pe3ynbrar paboThl IPOrpaMMbI Ha i-M TeCTOBOM BxoJie. B Gosiee kpat-
KOM BW/JIe UHBAPUAHT MOXKHO 3allUCaTh KaK (PYHKIMIO OT MATPHUILI X pa3Mepa n:

R(X, f(X)) —{0,1}. (2)

O 1HAKO JIeTEPMUHUPOBAHHDBIE HHBAPUAHTHI MOTYT ObITH HE3(D(MDEKTUBHBL JJIsT Te-
CTUPOBAHUSI CUCTEM, JIOITYCKAIONINX BOBHUKHOBEHIE HEKOTOPOT'O KOJIMIECTBA, OITNOOK
B 1iporiecce paboThl. B momo0HbBIX CTydasix MOYXKHO UCIIOJIb30BATh CTOXACTUIECKUE MH-
BapuaHThI BUJA

S(XY . X" A(XY), L f(XT) — (R(XY A(XY), . RX™, F(X™),  (3)

Mesxqynapogaasa kougepennus UOH-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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TO €CTh PACCMATPUBATEL OOJIBIIIOE KOJMYECTBO MPOBEPOK KAK €JINHBIN MHBAPUAHT.
DTO NMO3BOJIAT KOJUIECTBEHHO OIEHUTDH ONIUOKH, a TakKe OoJiee JTeTaIbHO U3YIUTh
00JIaCTU BXOJHBIX JIAHHBIX, HA KOTOPBIX 9TU OIMIMOKN ITPOUCXOJIAT.

CroxacTUdecKuii MHBAPUAHT MOYKHO IIPU HEOOXOIUMOCTH CJIEIATh JEeTEPMUHUPO-
BaHHBIMU, €CJIU PACCMOTPETH €r0 B TEPMHUHAX CTATUCTUIECKUX THIIOTES.

Hy: NuBapuanT S BBITOIHSIETCS.

H;: NuBapuant S He BBIMOJIHIETC.

O603HaMM DYHKIMIO IeTepPMAHNPOBaHUsl MHBapuanTa Kak 7 (S). B pesysbrare
[IPOBEPKU TUIIOTE3a JTUOO0 OyIeT OTBEPrHYTa, JIMOO He OyIeT OTBEprHyTa C 33/ aHHBIM
YPOBHEM 3HAYUMOCTH.

u(1)

r
1
1
1
1
1
1
1
1
:
b(@) |11
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Puc. 1. Ilpumep cocrapBieHns: CTOXACTUIECKUX NHBAPUAHTOB S1 1 S U3 JI€TePMUHUPOBAH-
HBIX R1 1 Rz, BBIYUCIEHHBIX [ k NapaJilejbHbIX 3allyCKOB CHCTEMbI U3 II0JIb30BATEIIsI
(u) u muOrOpykoro Gaumura (b). u(i) u b(i) - ganusle, noayyaeMble Ha Iare i.

B namnoit pabore paccMaTpUBAETCS BOIPOC IIPUMEHUMOCTU U PEATTU3YEMOCTH Te-
CTUPOBAaHUSI CTOXACTUIECKUMU MHBAPUAHTAMI JIJIsI PA3JIMIHBIX aJI'OPUTMOB PabOTHI
¢ MHOTOPYKUMU OaHUTaMU.

IlocTtanoBka 3amaum. Paszpaborarb WMHBApPUAHTHI I OOHAPYKEHUST HEKOP-
PEKTHOTO TIOBEJIEHUsI CUCTEMBI U IIPOBEPUTH UX PEATU3YEMOCTb.

Mopenb cuctembl. AJrOpuTMbl OAHINTA U TOJIB30BATENS PACCMATPUBAIOTCS
KakK “dépHbIe ANUKN € W3BECTHBIMY BXOJHBIMU ITapaMeTpPaMy U MPUHIUIIAMA Pabo-
rol. [Tapamerpamu 3ajadu sBJIIOTCA KoaudecTBo pydek (N), duciio BoIGHpaeMbIX
pyuek (A), nnuna srcnepumenta (L) u mapamerpst nonbzosaress (F).

NuaBapuanThl. 1 orenkn KadecTBa pabOThI CUCTEMBI UCIOIB3YETCS CJIETYTO-
A THBAPUAHT, MOy IaeMbIil 13 00X coobparkeHuit 0 pabOTOCIIOCOOHOCTH CUCTE-
MbL. Ecau noavaosamens menaem c60u npednowmenus He 4aue “em pas3 8 T Uulazos,
mo barndum ycnesaem o6ywamoves do MaKoT CMENeHU, YMo KOHMPOALHAA MEMPU-
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KQ CMAHOBUMCA HE HUMCE oAU Y OM MEMPUKYU, JOCTNULAEMOT HA NOAL30EAMENE
6e3 usMererUus NPednoumeruli. ITO CBONCTBO CJIOXKHO IIPOBEPUTH TPAUITMOHHBIMUI
Merpukamu Haroobue ROC-AUC wim SMIUPUIECKOrO PHUCKA, ITOCKOJIBKY TPYIIHO
cOpMyIUPOBATE KPUTEPUU [JIsi WX IOBEJEHUsI B mpoiecce obyuenusi. [IpoBepka
9TOr0 WHBAPHUAHTA CBOIUTCA K WHIANBUIYAJHLHBIM IIPOBEPKAM II0JIbL30BATEs U OaH-
JIATA.

BaiiecoBckasa ceTb. YTOOBI OIEHUTH 3aBUCUMOCTH MEXKJIy WHBapUAHTAMU JIJIs
JacTeil cucTeMbl, MOCTPouM 06aileCOBCKYIO ceTb. Bxomamu ceTu OyyT BCe BXOJHBIE
IapaMeTpbl 3aIyCKa, a BBIXOJAMU - HTOIOBbIE OIEHKU paboThl cucTreMbl. B KauecTBe
JIATEHTHBIX TIEPEMEHHBIX OYJIeM PacCMaTPUBATH WHBAPUAHTHI KOMIIOHEHT CHCTEMBI -
Ri,j. DTO 103BOJIUT KaK PACCMOTPETH CJIOKHBIE B3AMMOCBA3H MEKJy 3aBHCHMBIMU
[IEPEMEHHBIMU, TAaK ¥ OIEHUTH BEPOATHOCTU BBINIOJIHEHUS NHBAPUAHTOB KOMIIOHEHT.

. 2. UM 1eCOBCKOIi ceTH, IOCT HHOI JIJIs1 CUCTEMBI U3 I10JIb30BaTeId U MHOT'O-
Puc. 2. 11 ep 6aiteCOBCKOM CeTH, MTOCTPOEHHO cucre 3 TI0JTb30BATE, oro
pykoro GanauTa. 1,1 - ”HBAPUAHT MOJIb30BaTe/Nd, R (1,2} - MHBADUAHTHI GaHIUTA.

3akso4denue. B pabore nmpemiozkeH HOBBIM ClIOCO0 aHAJIN3A CIIOKHBIX CUCTEM, K
KOTOPBIM HE IIPUMEHNMO TECTHUPOBAHUE C OpaKyaoM. [IpenmyinecTBOM MeTOIA SIBIIS-
eTCsT BO3MOYKHOCTB CTPOTOi IMTPOBEPKY HAJIMIHsT HEOOXOIMMBIX CBOHCTB [3], KOTOpBIE
HEJIb3sI OIEHUTH TPAJIUNMOHHBIMU METPUKAMHU KAdecTBa. TakzKe MeTOJI IO3BOJISIET
OIIEHMBATH B3AWMOCBSI3U MEXKJIy OINIUOKAMU B PA3HBIX YACTSIX.

[1] Barr E.T., Harman M., McMinn P., Shahbaz M., Yoo S., The Oracle Problem in
Software Testing: A Survey// IEEE Transactions on Software Engineering, vol. 41, n.
5, 2015. — p.507-525.

[2] Chen T.Y., Kuo F.-C., Liu H., Poon P.-L., Towey D., Tse T.H., Zhou Z.Q.,
Metamorphic Testing: A Review of Challenges and Opportunities // New York:
Association for Computing Machinery, vol. 51, n. 1, 2018.

[3] Sculley D., Holt G., Golovin D., Davydov E. et al. Hidden Technical Debt in Machine
Learning Systems. NIPS, January 2015. —p. 2494-2502.
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Testing by invariants as applied to the problem of testing
recommender systems

Yakusheva Sofiya'x yakusheva.sf@phystech.edu
Khritankov Anton? akhritankov@hse.ru
!Dolgoprudny, Moscow Institute of Physics and Technology
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Recommender systems in our time are actively used in online services - shops,
cinemas, news portals. One of the problems considered in this area is the problem
of the "many-armed bandit”. It uses as a recommendation algorithm an algorithm
for an automaton with several handles, one or more of which the user can “play”,
for which the algorithm will receive a reward. The purpose of the algorithm is to
choose a handle selection strategy for the user in such a way as to minimize losses.

Ensuring a high level of confidence in the operation of the recommendation al-
gorithm is a vital task for such systems - otherwise they simply will not be used.
The service being deployed must be socially beneficial, comply with the AT Code
of Ethics, and comply with accepted standards such as ISO-24028. Accurate and
objective methods for verifying compliance and evaluating the level of trust must be
developed to prevent end users from reaching systems that do not meet their stated
requirements. One of the verification options is automated testing. However, the
usual testing methods by comparing the responses of the system with the reference
ones do not work, since there are simply no standards. Sometimes you can’t even
tell what the answer is. This problem is known as the test oracle problem [1].

In such situations, you can use metamorphic testing, or testing by invariants
[2]. The main idea of this method is not to check the correctness of the answer
on each specific test, but to check the fulfillment of test invariants (metamorphic
relations) — relations of the form

R(x1, X2,y ey Tny f (1), f22),. .., fl2n)) — {0,1}, (1)

where f(x;) is the result of the program on the i-th test input. In a shorter form,
the invariant can be written as a function of the matrix X of size n:

R(X, f(X)) — {0, 1}. (2)

However, deterministic invariants may not be effective for testing systems that
allow a certain number of errors to occur during operation. In such cases, one can
use stochastic invariants of the form

S(XE X F(XY, L f(XM) — (RXE F(XY), L RX™, F(X™),  (3)

that is, consider a large number of checks as a single invariant. This will allow you
to quantify the errors, as well as to study in more detail the areas of the input data
on which these errors occur.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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The stochastic invariant can be made deterministic, if necessary, if we consider
it in terms of statistical hypotheses.

Hy: S invariant holds.

Hi: S invariant fails.

Denote the invariant determination function as 7(S). As a result of testing,
the hypothesis will either be rejected or will not be rejected with a given level of
significance.

u(1)

b(2)

IR
)

Q/Q)\@

Nt/ A UL

Fig. 1. An example of compiling stochastic invariants S; and Sy from deterministic R1
and R computed for k parallel system launches from the user (u) and the multi-armed
bandit (b). u(i) and b(i) are data received at step i.

This paper considers the applicability and feasibility of testing by stochastic
invariants for various algorithms for working with multi-armed bandits.

Problem statement. Develop invariants for detecting incorrect behavior of the
system and check their feasibility.

System model. Bandit and user algorithms are considered as ”black boxes”
with known input parameters and operating principles. The task parameters are
the number of handles (N), the number of selectable handles (A), the length of the
experiment (L) and the user parameters (F).

Invariants. The following invariant is used to assess the quality of the system’s
operation, which is obtained from general considerations about the system’s perfor-
mance. If the user changes his preferences no more than once every x steps, then
the bandit has time to learn to such an extent that the control metric becomes at
least the fraction y of the metric achieved on the user without changing preferences.
This property is difficult check with traditional metrics like ROC-AUC or empirical
risk, as it is difficult to formulate criteria for their behavior in the learning process.
Checking this invariant is reduced to individual checks of the user and the bandit.
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Bayesian network. To evaluate dependencies between invariants for parts of
the system, let’s build a Bayesian network. The inputs of the network will be all the
input parameters of the launch, and the outputs will be the final estimates of the
system. As latent variables we will consider the invariants of the system components
- Ri;. This will allow both considering complex relationships between dependent
variables and estimating the probabilities of fulfilling component invariants.

Fig. 2. An example of a Bayesian network built for a system of a user and a multi-armed
bandit. R1,1 - user invariant, RZ{LQ} - bandit invariants.

Conclusion. The paper proposes a new way to analyze complex systems that
cannot be tested with an oracle. The advantage of the method is the ability to rigor-
ously check the presence of the necessary properties [3], which cannot be assessed by
traditional quality metrics. Also, the method allows you to evaluate the relationship
between errors in different parts.

[1] Barr E.T., Harman M., McMinn P., Shahbaz M., Yoo S., The Oracle Problem in

Software Testing: A Survey// IEEE Transactions on Software Engineering, vol. 41, n.

5, 2015. — p.507-525.

[2] Chen T.Y., Kuo F.-C., Liu H., Poon P.-L., Towey D., Tse T.H., Zhou Z.Q., Meta-
morphic Testing: A Review of Challenges and Opportunities // New York: Association

for Computing Machinery, vol. 51, n. 1, 2018.

[3] Sculley D., Holt G., Golovin D., Davydov E. et al. Hidden Technical Debt in Machine

Learning Systems. NIPS, January 2015. —p. 2494-2502.
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"Mocksa, ®emepasbrerii uccenosarenbekuii nenTp «MHMOPMATHKA ¥ yIpaBICHIE>
Poccuiickoit akanemun Hayk

3anaua uccisienqoBaHus. Vccieryercst HAauMeHbINAsT CPEJTHSIS TIOIPEITHOCTD OIle-
HUBaHUs HapaMeTpa IUIOTHOCTU PACIIPE/IEIEHUs] 110 BHIOOPKE HE3aBUCHUMBIX HAOJIIO-
JeHnii Kak (QyHKIUS CpeHell B3anMHON MHMOPMAINA MeXKy BHIOODKAMHI U 3HAYE-
HusiMu orieHoK. [Ipu 3a7aHH0# NJIOTHOCTH pacIpeiesieHns IapaMeTpa U KBaIPaTHI-
HO¥1 Mepe IIOTPEITHOCTH yKa3aHHAs 3aBUCUMOCTb CTPOUTCHA B (DOpMe OOpAIeHIS U3~
BECTHO} B Teopuu nHMOpMAIK QPyHKIMH «CKOPOCTh-TIOTPENTHOCTh> (rate distortion
function) [1].

Iycrs px(z|©) — ycaoBHasi IUIOTHOCTH PACIPEJEJICHUS CIYIARHON BEJMIMHBI
x Ha MHOXKecTBe X, r7e  — Hem3BECTHBIN CIIyYaifHblil MapaMeTp, TPUHUMAIOIIA
3HAYEHUs Ha MHOXKecTBe © ¢ anpuopHO II0THOCTHIO Pe (6). Tlosaras, uro onenka 6
CTPOUTCH 110 BHIOOPKE HE3aBUCHMBIX HaOJonenuit ¢ = (z1,. .., Ty ), & MOIPEIIHOCTD
BBIYHCJISIETCS 110 KBAIPATUIHON Mepe (é — 6)2, BBOAATCS CPEIHSS MOTPEITHOCTD

By, (X7:0) = / pxcn (&™) da" /@ 4o (Bl2™)d /@ (0 — 0)po0le™)do (1)
7 CpeIHssT B3anMHAasT NHMOPMAITHST

1 (X%0) = [ pxna)da” [ ao(Bla) nlae Ola") s 0)db. )

n

KOTODbIE 3aBUCSAT OT YCJIOBHOH ILIOTHOCTH qé(é|x"). 3aecs pxn(z™) u qé(é) —
0e3yCJIOBHBIE IJIOTHOCTU PAacIpejiesieHnii Ha MHOXKecTBax X" U . (I)yHlfLU/IOHaJILI
(1) m (2) mosponaor MuEEME3EPOBATL Iy (X";©) Mo miotHOCTH g¢(0|2™) TIPH
ycaosun Eg. (X™:0) < €, rue € — 3aJaHHas JOILYCTUMAs [IOMPEINHOCTD. Y Ka3aH-
HBI MuHUMYM Jaer yHkuuio R, (), koropas anajorudsa (yHKIUE «CKOPOCTb-
[OTPEITHOCTDY JJIs JIJIst MOJIeJieil KOJMPOBAHUSI HE3aBUCUMBIX HEIPEPBIBHBIX CO00-
IeHNH, TIepeIAHHbIX 10 KaHAJy € aJJIUTUBHBIM TayCcCOBBIM ImyMoM [2]. 3amada co-
CTOUT B IIOCTPOEHMH MOHOTOHHO yObIBarolell HikHel rpanunsl R, (€) juist byHK-
mn R, (¢). Torpa obparnas dbyukuns R, 1(I) maer HUZKHIOO IPAHMUITY CpemHEd mo-
IPENIHOCTH IpH JI0O0M (DPUKCHPOBAHHOM 3HAYEHNH CpeJHeil B3anMHoil nHdopmarmmn
Iy (XM 0) = 1.

Huxusisi rpannna dyskuun R, (). [Ipumensis TexHUKY BbIaucIeHNsT QYyHK-
IIUU «CKOPOCTb-TIOIPEITHOCTbY, U3JIOXKEHHYI0 B MOHOrpaduu [1], mosyyeHa HUKHsIs
rpaHuIa

Rn(2) > R, (2) = h(pe,) — 27" In2me(z —el)), (3)

min
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Machine learning 75

rze Ef:l)n < e < M. Buecs h(pe,) = _fG)n pe, (0,)Inpe, (0,)dd, — nubde-

PEeHIMaJbHAS SHTPOIMs OT INIOTHOCTH pacupejenenus pe, (0,,) 3nadenuii 0, (x™) =
Jo Hp@(H\x")dH Ha MHOXKecTBE O,; pe(fz™) — aHOCTepI/IOpHaH IUIOTHOCTH Ha

MHOXKecTBe O; 02 f@ 0%pe (0|2™)do — (fo Opo (0]x™ )d@) — J@cIepcus IIOT-

HocTH peo(6)z™) n 51(:31 = [xn Pxn(2™)o2 (2" )dz™. T'panuna (3) MOHOTOHHO yObIBa-

er, En(sf:l;) — oon En(sgﬁl) = 0. B [3] anamorn4HbIil MOAX0/, UCIOIB30BAH IS
MOCTPOEHNsI HUYKHEH I'DAHWIBI BEPOSITHOCTH OMUOKN KiaccuduKauu 0o0beKTOB B
IPOCTPAHCTBE TIPEJICTABIEHUI ¢ 3a]aHHBIM PACCTOSTHUEM.

IIpumep BerumcieHusi rpasunsl R (g). I'panuna suga (3) BbrumcieHa st
rayccosoit miornoct px (z]0) ~ N(0,0?) ¢ HensBecTHbIM cpegHUM 3HaveHueMm 0 u
U3BECTHO! sucniepeneii o2, 3HadeHns napameTpa 6 IMET HOPMAJIBHYIO HJIOTHOCTI)
pactpenenenus pe () ~ N(6y,02) co cpemnum 6y = 0 u mucnepeueit 03. B sTom
CclTydae anocTepHopHas IJIOTHOCTD sIBJsteTcs TayccoBoit pe(f|z™) ~ N(6,,02) co
CpeJHUM 3HadeHueM 0, = a, > p_, Ty U jqucnepcueii o2 = ogo?/(nod + o?), rue
an = 0§/(nog + o) [4]. Ucnonsays cucremy npeobpaszosanuit 6, = an Y 1, Tk,
n=1,2,..., u Boraucisg (n — 1)— KpaTHyIO CBEPTKY HOPMAJIbHBIX IIJIOTHOCTEH, 110
JTyveHa rayccoBa INIOTHOCTD pactpesenenns pe,, (0,) ~ N(0,a2n (o3 +0?)) snadenmnit
HamTy el onenkn u udddepennuanbaas surporms h(pe, ) = 271 In2rea?n (o +
+ 02). IoycranoBKa HaiiyienHoit uddepeHnuaabHOil SHTpoUK B (3) JaeT rpaHuiLy

R, (e) = 21 lna%n(ag + 02) —9o1 In(e — E:l)n), (4)
rie 51(1?31 = 020%/(nod + 0?), 5,(173,( = 55:31 (1 +nod(o3 + 0?)/(no3 + 02)02) < ad.

I'pannna suaa (4) coxpansiercst u B ciydae 0y # 0, korga 6, = an Y p_y Tk +
+ (02/(nod + c2))0o .

IIpu n = 1 umeem 5$i)n > efr?l)n u eﬁnix = 02. B sTom ciiyuae bopmyna (4) maer
HUZKHIOIO TPAHUILy CKOPOCTH KOJWPOBAHHUS HE3aBUCUMBIX W OJMHAKOBO PACIIPEJIe-
JIEHHBIX T'ayCCOBBIX BEJUIHH 0, HepegaHme 0 KaHAJIY C JJIATUBHBIM [ayCCOBBIM
mymom z — 6 [2]. B ciyqae n = 1 u 02 = 0 umeem x = 6, 5(1) =0, el = o2 u rpa-
Hua (4) coBuajaer ¢ usBecTHOi dbopmyinoit R (e) =2~ ! ln(a0 /€) [1]. T'paduueckue
wutocrpanuu rpanunpl (4) upu n =1 u n > 1 nadsl Ha pucyske 1.

ITpakTuyeckas 3HAYUMOCTH TpaHUIbl R, (£) COCTOMT B BO3MOMKHOCTH €€ IIPHU-
MEHEHUs JIJIsl BBIYUCJIEHUS] N30BITOYHOCTU MOIPEITHOCTA TPU PA3IMYHBIX CII0cobax
IOCTPOEHHS! OIEHKH TapaMeTpa 10 BbIOOPKAM KBAHTOBAHHBIX HaOJIIOfeHHil X" =
={&" = (&1,...,%,)} . [omarast, 9ro npu GUKCHPOBAHHOM pa3Mepe BLIGOPKU Bbl-
BPAHHBII CIIOCOD TOPOKIAET MHOKECTBO oneHok © = {A(i™),Vi™ € X"} co cpemeit
TIOT'PEITHOCTBIO F (X ek @) " cpeqHeil B3auMHOM mHMOpMarmein [ (X K é), U30BITOY-
HOCTh CpEJIHEl MOrPEIHOCTA OTHOCUTEHHO HUYKHEN TPAHUIIBI OMPEIe/IseTCs] BEJIH-
aunoit r = E — R, 1(I).

OcHoBHbBIE BBIBOBI. B paMKax BepOSTHOCTHON MOJIEM OIEHUBAHUST HEMTPEPBIB-
HOT'O TIapaMeTpa MO BLIOOPKE HE3ABUCUMbBIX HAOJIIONEHWI MOTyYeHa aHAJINTHIeCKAsT



76 Mamunnoe o0Oy«eHue

T
o i
= |
= |
Y |
= |
Q |
@] |
B |
I |
= |
= |
(U |
z |
= |
= |
(0] |
@ |
m |

‘ ‘ ‘

(n) oro® (n) 2
0 € 0 Emax 99

min U(Z) +02

NnorpewHoOCTb OUuEeHMBaHNA
Puc. 1. IloBenenne dyukmuu R, () asist rayccoBoii Mozemn.

HUZKHsIsI TPAHUIA CPEJIHEN MOTPENTHOCTH KaK (PYHKIUs CpeTHell B3auMHON MHQOP-

MAallni MEXKTy MHOYKECTBOM HabOJIIOMEHU M MHOKECTBOM BO3MOKHBIX OIEHOK. IIpu-

BeJIEH IIPUMEP IPAHUIBI JJIA TayccoBoil Moaean. OTMeUYeHO IPAKTUIECKOe IIPUMEHE-

HUe HUKHEH TPAHUIbI /I BBITUCACHUST N30BLITOYHOCTH CPEIHeil MOTPENTHOCTH pu

JIIO60M CIToco0e TTOCTPOEHUS OTIeHKU. PaccMOTpeHHBIH TTOIX0T TOTyCcKaeT 060bIenme

J1J1s1 BEKTOPHOT'O I1apaMeTpa.

[1] Berger T. Rate Distortion Theory: A Mathematical Basis for Data Compression //
Englewood Cliffs, New Jersey: Prentice-Hall Inc., 1971.

[2] Dobrushin R. L., Tsybakov B.S. // IRE Trans. on Inform. Theory, 1962. —8(5). —
p. 203-304.

[3] Lange M. M., Lange A. M. Information-theoretic lower bounds to error probability
for the models of noisy discrete source coding and object classification // Pattern
Recognition and Image Analysis, 2022. — 32(3). — p.570-574.

[4] Duda R.O., Hart P.E., and Stork D.G. Pattern Classification, 2nd ed. // New
York: Wiley & Sons, 2001.
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Information-theoretic lower bound to estimation error for
a parameter of a given probability distribution density

Lange Mikhail'x lange mm@mail.ru
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'Moscow, Federal Reseach Center ”Computer Science and Control” of the Russian
Academy of Sciences

Research task. Given probability distribution density with a random param-
eter, a minimal average error to estimate the parameter via a sample of the inde-
pendent observations as a function of an average mutual information between the
values of the observations and the estimates is investigated. For a known probability
density of the parameter and a square distortion measure, the specified function is
made by an inversion of the rate distortion function that is known in the information
theory [1].

Let px (z]|©) be a conditional distribution density of a random variable x in a set
X, where 6 is an unknown random parameter which is taken on the values in a set ©
by a prior density pe (). Taking into account that an estimate 0 is constructed over
a sample 2" = (z1,...,%,) of independent observations and an estimation error is
calculated by the square distortion measure (é—@)z, we define the average estimation
error

B, (X™0) :/npxn(x")dx"/éqé(é|z")dé/@(9fé)2p9(0|zn)d9 (1)

and the average mutual information

I,y (X™50) = / pxn (") da” /@ 46 (012" In(qo (62" /g6 (0))d0 (2

n

that are the functionals depending on a free conditional distribution density
qé(é\aﬁ"). Here, pxn(z™) and qé(é) are the unconditional distribution densities
in the sets X” and © respectively. The functionals (1) and (2) allow us to mini-
mize I, (X™;©) over the density qé(é|x”) when E,_ (X™;0) < € subject to a given
admissible estimation error e. This conditional minimum yields a function R, (g)
which is similar to the rate distortion function for encoding the independent contin-
ues letters with the additive Gaussian noise [2]. The task is to construct a strictly
decreasing lower bound R, (e) to the function R,(e). Then the inverse function
R, 1(I ) yields the lower bound to the average estimation error subject to any fixed

value of the average mutual information I, (X";0) = I.
Lower bound to the function R, (¢). Using a technique to calculate the rate
distortion function [1], we have obtained the following lower bound
Ra(€) > R, (¢) = h(pe,) — 2 ' In2me(c — (1)), (3)

min

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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where 51(:1)11 < e < el Here, h(pe,) = — f@ pe, (0,)Inpe, (9 )d9n is a differential

entropy for a distribution density pe, (0 ) of the estimates 6,,(z") = [ 0pe 0|x )do
in the set O,; pe(d|z™) is a posterior distribution density in the set ©; 02(z") =

= fo 0%pe (0|z™)d0 — ( [ Ope (0]z™ )d9) is a dispersion of the density pg(6]z™), and

= [xn pxn(x")o2(2™)dz" is a minimal average estimation error. The bound (3)

mlIl n

is decreased strictly, R,, (e f:l)n) — 00, and R, (e f:&l) = 0. In [3], the similar approach
has been used to construct the lovver bound to an error probability for classifying
objects in a space of their representations with a given distance.

Example of calculating the bound R,,(¢). The calculation of the bound (3)
has been performed for the Gaussian density px (z|0) ~ N(6,0?) with an unknown
mean value 6 and a given dispersion o2. Also, the values of the parameter 6 are
distributed by the normal density pg(f) ~ N(6p,03) with the zero mean 6y = 0
and the dispersion 03. In this case, the posterior density is Gaussian pe(f]z™) ~
N(6,,02) with the mean 6,, = a,, Y, _, 1 and the dispersion 02 = 03c?/(nol+o )
where a, = 03/(nog + o*) [4]. Using the transformations 6, = an, > ,_, Tk, 1 =
=1,2,..., and calculating the appropriate (n — 1)-times composition of the normal
densities, we obtain the Gaussian distribution density pe, (6,) ~ N(0,a2n(c¢ +
+ 02)) for the finest estimate and the corresponding differential entropy h(pe,) =
= 27 In2mea?n(of + 0%). The next substitution of this entropy in (3) yields the
following bound

R, () =2 'InaZn(o? +02) — 2 'In(e — ™)), (

min

>~
~—

where e = 6202 /(no? +0?) and ey, = ) (1+nod (ol + 0?)/(nog + 0?)o?) <

o2. Notice that the bound of the form (??) is true when 6, # 0 and 6,
= an Yy 7 + (0%/(nof + 02))fo.

For n = 1, we have sr(ii)n > 5]5:111 and sf,&;x = 03. In this case, the form (4)
yields the lower bound to a code rate in a scheme of coding the independent and
identically distributed Gaussian values 6 after their transmission over a channel with
the additive Gaussian noise  — 6 [2]. When n = 1 and ¢? = 0, we have z = 6,
agi)n =0, ey = o2 and the bound (4) gives the well known formula R,(¢) =
=271In(02/e) [1]. For n =1 and n > 1, the graphic illustrations of the bound (4)
are shown in the following figure.

In practice, the bound R, (g) can be applied in calculating a redundancy of the
estimation error for the different techniques of making the parameter estimates via
the quantized observations X™ = {&" = (#1,.. i:n)} If, for a fixed sample size, a
given technique produces the set of the estimates © = {f(2"),Vi™ € X"} with the
average estimation error E(X " @) and the average mutual mformatlon 1 (X ,G)),
the redundancy of the average estimation error relative to the lower bound is defined
by r=F — R '(I).
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Fig. 1. The sketches of the function R, (g) for the Gaussian model.

Main terminals. Within the probabalistic model of estimating a continuous
parameter via a sample of the independent observations, the analytic lower bound to
the average estimation error depending on the average mutual information between
the observations and the estimates has been constructed. For the Gaussian model,
the example of the bound has been calculated. In general, the obtained bound gives
a possibility to calculate the redundancy of the estimation error for any technique
of making the parameter estimates via the quantized samples of the observations.
The developed approach can be extended for the case of a vector parameter.
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AncambJjieBbIe METOIBI TIOJTY YUJIN 3HAYUTETHFHOE PACIIPOCTPAHEHUE B MAITUHHOM 00Y-
gernn. OHU YCIENTHO UCHOJIB3YIOTCS TPU PENIeHUH MPUKJIAIHBIX 33J1a9 B CaMbIX
pa3auvaHbIX obsacTax. Hambosbliiee pacmpocTpaHeHne MOy IUIn METObI, MCIIO b
3yrorue aHcaMOJIi penraionux aepesbes. Hanbosiee n3BeCTHHIMU aHCAMOJIEBBIMU Me-
TOIAMU SIBJISTEOTCSI CJIyYailHBIN Jiec, a TakKe pa3jIndyHble BADUAHTHI METOJa IPaJiy-
eHTHBIN Oycrwar. Pabory aHcaMbeBOro MeToia BCerja MOXKHO IPEJICTABUTH B BU-
Jie IByXypPOBHEBOI cxembl. [lepBblii yPOBEHb COCTOUT W3 TAK HA3BIBAEMBIX CJIAOBIX
[PEJMKTOPOB, MPEJCKA3BIBAIONINX 3HAYCHUS [IEJIEBON epeMeHHON Y 10 UCXOMHBIM
[IPU3HAKOBBIM ONUCaHusIM. Ha BTOPOM ypoHEe HAXOJIUTCS AJTOPUTM, BBITHCJISIIONIAN
KOJIJIEKTUBHOE PeEIlleHnd 110 IIPOI'HO3aM, paCCIuTaHHBIM Ha II€pBOM YPOBHE. PaCIIpO—
CTPaHEHHBIM CIIOCOOOM IOJIyYeHUsT KOJIJIEKTUBHOI'O PEIeHUsl SIBJISIETCS UCIIOJIb30Bar
Hue apudmerndeckoro cpegaero. OHAKO MOTYT UCIOJIb30BAThCs U H0Jiee CI0XKHBIE
CTHKUHIOBBIE CXEMBI, B KOTOPBIX BBIXOJIbI AJTOPUTMOB MEPBOIO YPOBHS UCIOJIB3Y-
I0TCS B KAYECTBE BXOJHBIX MPU3HAKOB JJIS AJITOPUTMa BTOPOro ypoBHs. Mcrodmu-
KOM BBICOKOIT 0000111a10111eii CLIOCOOHOCTH aHCaMOJIEBBIX METOJIOB sIBJISIETCSI B3aUMHOE
PaCX0XkKIeHre [TPOTHO30B, BBIYKUC/ISIEMbIX ajropurMaMu ancam6sist. CocTosiTeIbHOCTD
JIAHHOTO TIPEJIIIOJIOXKEHUsI CJIEIYeT U3 Pa3JI0KEHUsT ONNOKY BBIILYKJIONH KOMOWHAIIN
AJITOPUTMOB HEKOTOPOTO arcamburs Ay, ..., A, Myers A = 327 ;A tne Y0_ ¢; =
=1,¢2>20,i=1,...,r. Torma

A 1 < 1 ;
E(Y — AP = —3 e =~ D a4 — A)?, 1)
i=1 i=1

re §; = E(Y — A;)2.

Ienbio paboThl ABJseTC pa3zpaboTKa METOI0B MOCTPOEHHs 110 O0YUaIONed BbI-
6opke S = {(y1,X1), ..., (y;,X;)} ancambiis aJrOPATMOB, [JIsl KOTOPOTO JOCTHIAETCS
MUHUMYM OMUOKA B cMbLIe pazoxkenns (1). TIpw sToMm mpepmomaraerest, 9To Bee ai-
rOPUTMBI UMEIOT [IPY BBIYUCIEHUN KOJJIEKTUBHOIO PENICHUs OJIMHAKOBLINA Bec. Jljis
JIOCTHKEHUs! JAHHON 1M UCIOJIb3YEeTCA MPOLELYPa, 3aKI09aomaacsd B 100aB/ie-
HUM B aHCAMOJIb Ha miare k aaroputMma Ay, MUHIMU3HAPYOMIEro pyHKIHOHA

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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D(S, Ap_1) EZ — Ag(x;))] EZ (Ar(x;) — Ap_1(x;))
=1 =1

Anropurm Ay umercs kak cymma gepesbeB By u Ty, rne By crpourcs
o OyTCTPINI perimKanuu obydaronieil BbIOOpKH S U CIyJdallHOMY IOIMHOXKE-
CTBY HCXOJIHOTO Habopa mpusHakos. JlepeBo T} cTpouTcs 1mo oOydalomei BhIOOPKe
{(d1,%1),...,(dm,Xm)}, T d1, ..., d, BEIIECTBEHHBIN BEKTOD CMEIIEHUH MPOrHO-
30B, BBIYUCIAEMBIX By, Ipu KOTOpOM jocTuraercst MuaumyM D (.S, Ay ). YkazaHHast
cxeMa (hopMuUpOBaHUsT aHCAMOJIsI IEPBOTO YPOBHS ObLIA IIPUMEHEHA B JIBYXYPOBHE-
BOM aHCAaMOJIEBOM METOEe C HCIOJIB30BAHUEM CJIyYaifHOrO DPErpecCHOHHOIO JIeCa B
Ka4uecTBe arperupyrolnero aJropuTMoa BTOPOro YPOBHS.

Bruto npoussesieHHO cpaBHEHHE Pa3pabOTAHHOIO ABYXYPOBHEBOTO METOA C Ipa-
JIMEHTHBIM OYCTUHIOM W CJIyYailHBIM PErpecCHOHHBIM JIECOM Ha IPeCTaBUTEIbHOM
Habope 3a/1a9 MPOrHO3UPOBAHUST KOJMIECTBEHHBIX CBOMICTB HEOPTAHMIECKUX COEIIH-
wennit. [loBenénnpie mccireI0BaHMsT MOKA3AJM, YTO HA 3HAYUTESBLHON 0JE 3a/a9
3 PEKTUBHOCTL Pa3pabOTAHHOTO ABYXYPOBHEBOIO METO/Ia MPEBOCXOINT IPPEKTUB-
HOCTh 000X 6A30BBIX AJTOPUTMOB.

Hacrosmee wuccnenosanue mnopgepkano POOU, rpantsr 21-51-53019, 20-01-
00609.

[1] >Kypasaes FO.H., Cenvro O.B., Joxykun A.A., Kuceaésa H.H., Caenxo U.A. Byx-

YPOBHEBBIN METO/I, PErPECCHOHHOTO AHAJIN3a, UCIOJIL3YIONINH aHCaMOJIN JePEBBEB C OIl-

TumasbHOM nuseprenmmeit // Jokia. PAH. Marew., nudopm., npou. yup., 499, 2021. —
C. 63-66.
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Ensemble methods have gained significant popularity in machine learning. They
are successfully used in solving applied problems in a variety of areas. The most
widely used methods use ensembles of decision trees. The most well-known ensemble
methods are random forest, as well as various variants of the gradient boosting
method. The operation of the ensemble method can always be represented as a two-
level scheme. The first level consists of the so-called weak predictors that predict
the values of the target variable Y by the initial feature descriptions. At the second
level there is an algorithm that calculates a collective solution by the forecasts that
have been calculated at the first level. A common way to obtain a collective solution
is to use the arithmetic mean. However, more complex stacking schemes can be
used, in which the outputs of the first level algorithms are used as input features for
the second level algorithm.The source of the high generalizing ability of ensemble
methods is the mutual discrepancy between the forecasts calculated by the ensemble
algorithms. The validity of this assumption follows from the decomposition of the
error of a convex combination of algorithms from some ensemble Aq,...,A,. Let
A= S ciAi, where i ;i =1,¢>20,i=1,...,7. Then

T T

E(Y — A)? = lZciéi - %Zci]E(Ai — A, (1)

i=1 i=1

where §; = E(Y — A;)2. The aim of this work is to develop methods for constructing
an ensemble of algorithms by training sample S = {(y1,%1),..., (y;,%;)} with the
minimal error according decomposition (1).

To achieve this goal, a procedure is used that consists in adding to the ensemble
at step k the algorithm Ay, which minimizes the functional

1 & 1 & .
D(S, Arp_1) E; — Ag(x;)] E; (Ap(x;) — Ap_1(x;))?

Algorithm Ay is searched as the sum of trees By and Ty, where By is con-
structed from the bootstrap replication of the training sample S and a random
subset of the original feature set. The T} tree is constructed from the training
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set {(d1,%x1),...,(dm,Xm)}, where dy,...,d,, is a real vector of biases of prognoses
calculated by By, for which D(S, Ak,l) is minimal. The specified scheme for the for-
mation of the ensemble of the first level was applied in a two-level ensemble method
using a random regression forest as an aggregating algorithm of the second level.
The developed two-level method was compared with gradient boosting and ran-
dom regression forest on a representative set of problems for predicting the quan-
titative properties of inorganic compounds. It was shown that developed method
outperforms two reference methods at great part of tasks.
This research is funded by RFBR, grants 21-51-53019, 20-01-00609.
[1] Zhuravlev Yu.l., Sen’ko O.V., Dokukin A.A., Kiselyova O.V., Saenko O.V. Two-level
regression method using ensembles of trees with optimal divergence // Dokl. Math.,
104:1 (2021), 212-215.
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Merox Gomxkaitimux coceneit (kNN) sBiisiercst ofHuM 13 HamboJIee UCCIIEI0BAH-
HBIX METOJIOB ITIOCTPOEHUsI pemaminux (QyHKIuil. B gacTHOCTH, j1J1s1 HEro 0bIIEn3-
BECTHO aHAJMTUIECKOE BbIPAYKEHUe JJIsi PA3JIOXKEHUsI OIIMOKU PErPECCHOHHON MOJIe-
JI HA CMEITeHre U pa3dpoc.

OIHAKO YTIOMSIHYTOE BBIPDAXKEHHE CIIPABEJJIMBO TOJIBKO JIJIsl KJIACCHIECKON IT0-
CTAHOBKU 338491 PErPECCUOHHOIO aHAJIN3a, B KOTOPOI CIy4allHON ABIAETCH TOJIBKO
1ieJieBasi IepeMeHHasd, a «00bACHSIOINe> IepeMeHHbIe HecIyJailHbl. Bmecte ¢ TewM,
OOJIBIINI TPAKTUIECKUIT MHTEPEC MPEJICTABJISIET TOCTAHOBKA 3a/a4u, KOrja BCe Iie-
PEMEHHBIE SIBJISTIOTCS CJIY 9ailHBIMU.

IIycts X — mpocTpamcTBO 3HAYMEHNH «O0DbICHSIONNX > TEPEMEHHBIX, & Y — MHO-
JKECTBO 3HAYEHMIl 11eJ1eBOil 1epeMenHoil. Bcee mepemenubie (B 00Ieil II0CTAHOBKE)
SIBJIAIOTCS CIYyYailHBIMU BEJIMYMHAMH C HEKOTOPOH (DYHKIIEH COBMECTHOTO PacIpe-
JI€TICHUS.

Pemaromast dyukius ectb orobpaxkeame f : X — Y, KOTOpoe CTpOUTCS Ha
OCHOBe 0Obydaroieil BRIoopKu 0obéma N

Sy = ((x“,y‘”)w = 1,7N) .

Kauecrso peratonieit pyHKImu 6yieM OleHUBATH KPUTEPUEM CPEJIHEr0 KBa[PaTa
orkyonerns (MSE)

_ 2
R(f(-) = Boyly — f(2))".
B knaccuyeckoit mocranoBke mepemerubie X He CIIyYaliHBI, a IeJIeBasd MepeMeH-
Has OIUCBIBAETCA MO/IEJIBIO

y(x) = f(x) +9, (1)

rue f(x) — nekoropag HemssecTHAA DYHKIWMA, & § — CILydaiiHas BEJUUUHA C HYJIEBbIM
CPeJIHUM U JUCIiepcueit o2.
s IpOM3BOJILHBIX HE3ABUCUMBIX CJIYYAMHBIX BEJUYUH % U U (C KOHEYHBIMU

BTOPBIMA MOMEHTAMH) CIIPABEIINBO TOKIECTBO
E(u —v)? = Du + (Eu — Ev)? + Do.

SadukcupyemM HEKOTOPYIO TOUKY & IPOCTPAHCTBA X M IOJACTABUM U = Yy | T, v =
= f(z). Homnyuaem

ESN,ylzL’(y - f(x))z = Dy |zY + (Ey|xy - ESNf(‘r))Q + DSNf(m) (2)

Ob6osunauenue Eg, |, TOIpasyMeBaeT B3ATHE MATEMATHICCKUTO OKUJIAHUS [0 BCEM
BBIOOpPKaM 00bEéMa N U IO YCJIOBHOMY PacCIpeIe/IeHIIO TepeMeHHo y B Touke x. Ta-
KM 00pa30M, HIKHIN WHIEKC mpu onepaTopax E u D 3amaér obmacts ycpeanenns.

Mesxaqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Boipaxkenue 2 sapisiercs pazioxkennem MSE na «rryms, cMerenne u pa3bpoc.

Paznoxenne momydeno B Touke x. Ilpu HeoOXOaMMOCTH, BbIpakeHUE 2 MOXKHO
YCPEJIHUTH 110 BCEMY IPOCTPAHCTBY X .

Bo mMHOruX ncronukax (Hanpumep [1]) MOXKHO HafiTH ciejyroree BEIPAyKeHUe JJIst
omubku meroma kKINN

k 2 9
Esyulsl— f@)7 = (f@) - T D fE@)) + %+t @)

i=1

rae &;(x) — KOOPAUHATHI i—T0 «COCela» TOYKU L.

Bropoe ciraraemoe 3T0ro pasJiozkeHusi HHTEPIPETUPYETCsT KaK pa3dbpoc.

BoipazkeHue moJIy9eHo B IPEIIOIOKEHUH, 9TO BCe KOOPJAUHATHI % B 00y JaloIieit
BBIOOPKE (DUKCUPOBAHbBI, T.e. B paMKaX ITOCTAHOBKHU 1.

31ech pa3bpoC MOHOTOHHO YMEHbBIIIAETCsI C POCTOM Kk, MHBIMU CJIOBAMU, MOHOTOH-
HO YBEJIMYUBAETCS C POCTOM CJIOYKHOCTH PEIEHUS, IIOCKOJIbKY CJIOXKHOCTH PEIEHUS
meromoM KNN ymenbInaercs ¢ poctom k.

[epeiiiém Temepb K MOCTAHOBKE 3aJ[a9¥ HOCTPOEHUSI PErPECCHOHHON MOJIEIN B
cilydae, KOrja «OObsCHAMIINE> IIePEMEHHbBIE CJIYYailHbI.

IIyers X =[0,1]" uy =21 + 0, tae © = (1, ..., zp) € X.

Paccymorpum Momens auneitnoit perpeccun f (z) = z1. dna ynobersa koaddunu-
€HT PerpecCud MOJIOXKUJIM PABHBIM 1, TIOCKOJIBKY 3TO HE OI'PAHUYUBAET OOIIHOCTb.

ITycTs x; ABIAIOTCA HE3ABUCUMBIMHU CIyYailHBIMU BEJHYUHAMU C PABHOMEDPHBIM
pacmpezenenueM, T. e. z; ~ U(0,1).

YrBepkaeHue. [l BHyTpEHHUX TOYEK mpocTpancTBa X I PACCMATpPUBaE-
MO¥ MOJIEJT UMEET MECTO Pa3JIOXKeHMe:

k
1 o2
Esyl=(y = F(@)? =D |2 &(@)| + o + 0% (4)
1=1
rie
k 2 k-1
1 N*)~n k—m
D |+ &) ~(2n2)k2 > r( +> (5)
=1 m=0
I/I n
N*=NVy, Vo= — 1"
- 05 0 — 2 F 1+%)

Pasznoxkenue siBasiercss TogHbIM ipu N — 00.

Bnech Vy ecth 00béM n—mepHoro mapa guamerpa 1. Ecim X — He equHuUvHBIH,
a [POM3BOJIbHBIN mHTepBaJa u3 R", To HyXKHO B3aATh N* = N %, rae V — o0béMm
(mepa) muOXKecTBa X .

B pmanHOM passioxkeHuu 4 cMelleHre OTCYTCTBYET, IIepBbIe JIBa CJIaraeMbIX OTHO-
CSATCH K KOMIIOHEHTe pa3bpoca, MOCIe/IHee — <IIyM».
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3amernM, 4o GopMyiia 3 He IepecTasia ObITh CIIPABEIJINBON JIJIs CJIyYaiHbIX L,
OJIHAKO IIEPBOE CJlaraeMoe B Heil IepecTasio ObITh CMEIIEeHWeM, M TaKUM 00pPa30M
dopmMmyJia mepecrasia ObITh PA3JIOXKEHUEM HA MCKOMbIE KOMIIOHEHTHI.

DopmMmyna 5 ABIIETCS JOCTATOYHO T'POMO3JIKOM, OJTHAKO B HEKOTOPBIX YACTHBIX
clIydasx MPUHUMAET MIPOCTON BUJ, HAIPUMED, ITPU 1 = 1 MOoJIydaeM

5 lif'(x) _ (B+1)(k+2)
k=" 12N2k
=1
B otnuuanme ot moctanoBKu 1, 3/71eCh KOMIIOHEHTa pa3bpoca pacTéT ¢ pocToM k, T.e.
YMEHBIIIAETCS ¢ POCTOM CJIOXKHOCTH. DTO OYEHb HETUIUIHOE HOBEJIEHIE pa3dpoca.
IIpu n = 2 n3 5 nomyvaeM

k+1
D %Zfi(m) ~ 4Nk

B urore moxkem nHabmonars, ato ast Metoma KNN KoMmmonenTa pa3dbpoca qeMOH-
CTPUPYET PA3IMIHOE MTOBEIEHNE [TPU PA3HON Pa3MEepHOCTH TPOCTPAHCTBA: Tpu 1 = 1
pa3bpoc MPaKTUIECKH JIMHEHHO yBEJIUIUBAETCS C POCTOM k; IIPU 1 = 2 OH CXOJIUT-
¢ K TOJIOXKUTEIHHON KOHCTaHTe 1pu k — 00; npu n > 2 pa3bpoc crpemurcs K 0
mpu k — oo.

TlomobHoe moBeeHMe pa3/IOKEeHNsT Ha CMeEINeHne n pa3dbpoc SBIISETCS HeXKeJra-
TEJIbHBIM €ro CBOMCTBOM DU HCIOJb30BAHUY sl O0bSICHEHUST CTPYKTYPBI OIMTHOOK
o0y IeHnsI.

B cBsizu ¢ sTMM mpescraBiisieTcs 11e71eCO00Pa3HBIM UCIIOJb30BATh PA3JIOYKEHIe
OIMMOKYM Ha TMOTPENTHOCTH AMMPOKCUMAIUN W CTATUCTUIECKYIO MOTPEITHOCTH, 9TO
6bL10 1pemIoKeno apropamu crarbu [3]. Kommonentsl aToro pasioxenus Bcerjia
MOHOTOHHBI.

Pa6ora Beinosinena B pamkax roczaganus Macruryra maremaruku um. C.JI. Co-
6osreBa CO PAH, npoekr FWNF-2022-0015, u npu yacruasoit nojaepxke PODU,
rpanT No.19-29-01175.

[1] T. Hastie, R. Tibshirani, H. Friedman, Jerome. The Elements of Statistical Learning,

2009.

[2] V. Nedel’ko. On decompositions of decision function quality measure // Bulletin of

Irkutsk State University. Series Mathematic. No 33. 2020. — p. 64-79.

[3] JI6os I'.C., Cmapuesa H.I. CroxxHOCTb pacupeiesieHnil B 3aadax Kinaccudpukanuu //
Hoxn. PAH. 1994. T. 338. No. 5. C. 592-594.
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Some Properties of Bias-Variance Decomposition for kNN
Classifier

Nedel’ko Victor snedelko@math.nsc.ru
Novosibirsk, Institute of mathematics SB RAS

When choosing the optimal complexity of the method for constructing decision
functions, an important tool is the decomposition of the quality criterion into bias
and variance.

In this paper, we obtain an expression for the variance component for the kNN
method for the linear regression problem in the formulation when the “explanatory”
features are random variables. In contrast to the well-known result obtained for non-
random “explanatory” variables, in the considered case, the variance may increase
with the growth of k.

Let X be the space of values of variables used for forecasting, and Y be the set
of values of the predicted variable.

All variables are random variables with some joint distribution function.

Decision function is a mapping f: X — Y.

The decision function is constructed based on some training sample of size N

Sy = ((ac“ﬂy“),w = 1,N) }
For the decision function as a whole, the quality criterion will be MSE; i.e.

R(f(-)) = Eayly — f(@)).

By this criterion, the optimal solution will be a regression function, i.e. a condi-
tional mathematical expectation.

In the classical statement of regression ploblem, the values of X are not random.
Only the target variable is random, which is represented as

y(x) = f(z) +96, (1)

where f(x) is some unknown function, and ¢ is a random variable with zero mean
and variance o2.
For arbitrary independent random variables u and v (if the corresponding mo-

ments exist), the identity holds
E(u — v)? = Du + (Eu — Ev)? 4 Du,

where D denotes variance, i.e. Du = Eu? — (Eu)?.
Let’s fix a point x of the feature space and substitute u = y |z, v = f(x). Since
f(z) is constructed on a random sample, v is a random variable. Then we get

ESvalﬁ(y - f(x))2 =

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Dy|xy+(Ey\a:y_ESNf(x))2+DSNf(x)' (2)

The notation Eg, , |, means that the expectation is taken over all samples of size
N and over the conditional distribution on the target variable y at the point x. So,
a subscript at operators E or D indicates the domain for averaging.

We obtain that 2 in this formulation is the decomposition of MSE into “noise”,
bias and variance.

Note that this decomposition is done for each point x. If necessary, 2 can be
additionally averaged over X.

A number of sources (e.g. [1]) provide the following decomposition formula for
the kNN method

k 2
B2y — S(@))? = <f(w) -2 f(@@))) Poaeh @)

where &;(z) is the coordinates of the i—th “neighbor” of a point x.

The second term in this decomposition is proposed to be interpreted as a variance.

This expression is obtained for the case when the coordinates of % in the training
sample are fixed, i.e. for the statement 1.

Note that the conventional definition of the decomposition components assumes
complete averaging over random samples.

The variance component in 3 decreases monotonically with the growth of &, i.e.
it increases with increasing complexity, since the complexity characteristic for kNN
is opposite to k and can be, for example, %

Consider now “explanatory” features to be random. Let X = [0,1]" and y =
=z + 0, where x = (21, ...,x,) € X.

We consider the model f (x) = x1 as a linear regression model without loss of
generality because any linear model may be converted to it via proper transformation
of features.

Suppose that z; are independent random variables, z; ~ U(0, 1).

Proposition. For the inner points of X, there is:

k
1
ESN,y\z(y f( = [k‘z +7+O’23 (4)
where
1< N*) Sy m
and .
N* = NV Vo = 7
O T e (14 2y

The decomposition is asymptotically exact as N — oo.
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Here Vj is the n-dimensional volume of a Euclidean ball of diameter 1.

If X is an arbitrary finite interval from R™, then one need to take N* = N %,
where V' is the volume (measure) of X.

The first two terms in 4 are the variance, the last one is noise.

For n =1 the formula 5 get

1< e+ 1)(k +2
D[k;&m]( 123\(721@ !

In contrast to 1, the resulting decomposition has a monotonically increasing
(close to linear growth) term in the variance component. This term provides the
possibility of decreasing variance with increasing complexity.

For n = 2 the formula 5 get simple

1< k+1
D lk;&(x)] ~ 1Nk

We can see that the variance for kNN demonstrates different behavior depending
on dimensionality. By n = 1 the variance increases as k increases. By n = 2 the
variance tends to a positive constant as k — oo. By n > 2 the variance tends to
Zero.

Such undesired properties of bias-variance decomposition encourage to search
alternatives. As such alternative might be considered another decomposition of the
error: into a measure of adequacy and a measure of stability, that was proposed in
[3]. Since the cited references are hardly accessible, one can read brief statement
of the concept in [2]. The idea of the approach is to decompose the error into the
approximation error and the statistical error. The components of this decomposition
are obviously monotonic.

The study was carried out within the framework of the state contract of the
Sobolev Institute of Mathematics (project no FWNF-2022-0015) and with partial
support by RFBF grant 19-29-01175.

[1] T. Hastie, R. Tibshirani, H. Friedman, Jerome. The Elements of Statistical Learning,

2009.

[2] V. Nedel’ko. On decompositions of decision function quality measure // Bulletin of

Irkutsk State University. Series Mathematic. No 33. 2020. — p. 64-79.

[3] G.S. Lbov, N.G. Startseva. Complexity of distributions in classification problems //
Russ. Acad. Sci., Dokl., Math. 50 (2) (1994)
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MpumeHeHune HelipoceTeBOro MHOrOMEpPHOro WKAaMPOBaHUs ANs
NOCTPOEHNS1 BEKTOPHbIX NPeaCTaBAeHNA pa3HOPOAHbIX AAHHbIX

Konocoe Aanexcetli Muzatinosuyw' x akolosov@cs.msu.ru
Madic dze Apuwun Heepuesun maysuradze@cs.msu.ru
y

"Mocksa, MT'Y um. M.B.JIomonocoBa

Bekropuble mpejcTaBieHns 00bEKTOB aKTUBHO HUCIOJIB3YIOTCA B 3ajadax, CBs-
3aHHBIX C BU3yanau3anueil pasHoposHoii nadopmanun. [Ipemoxennsiit B padore [1]
METO/JI TMO3BOJISIET [0 MATPUIE MOPSIKOB OJIM30CTEl, 3aJaHHON Ha Mapax O0beK-
TOE, PEMUTh 339y OOOOMEHHOIO HEMETPUIECKOTO MHOTOMEPHOTO MIKAJIUPOBAHMUS,
Generalized Non-metric Multidimensional Scaling, GNMDS j1st mostyuennst BeKTop-
HBIX [IPEJICTABJIEHNH 0OObEKTOB, COXPAHSIIONINX 33 [aHHbIE TTOPAAKHA Om3ocTeit (1).

d(i, j) < d(k, 1) =>e(g(i), 9(j)) < e(g(k), g(1)) (1)

rie d(i,j) — ncxonuble 6imsoctu, e(g(i), g(j)) — HekoTopas dbyHKIUS paccTosi-
Hust, g(4) — MCKOMOE BEKTOPHOE IIPEJICTABIEHNE OOBEKTA.

[TpenyiozkeHHbIH MeTOJ[ peajn30Bal B Buje 6ubsimnoreku Ha g3bike python [2] u
arpoOMPOBaH B HACTOSIINEH paboTe Ha CJEAYIONIX TUIAX JAHHBIX:

1. Cunmemuueckxue dartuie

Uit CHHTEeTUYIeCKUX JIAHHBIX PACCMOTPEH TIPUMED, KOT/IA, JIAHHBIE ITPEICTABICHbI
ToukaMu Ha mpsiMoil. CJI0KHOCTb HAXOXKJEHUS PENIEHUs I TAKOTO IIPUMEPaA
3aKJII0YaeTCd B COXPAHEHUHN Pa3MEpPHOCTH, PaBHOI eIUHUIIE, C IIOJHBIM COXpaHe-
HUEeM TOPsAIKOB Oam3ocTeit. MeTosa cmpaBisieTcss ¢ 9TOi 3aaadeil, HaXomsd TOI-
XOJIsIIlee PACIOJIOKEHIEe TOYeK Ha IPSAMOM, 0e3 yBeJIUYeHUs PAa3MEPHOCTHU IIPO-
crpascTBa. CTOUT OTMETHTH, YTO KOPPEKTHBIM PEIIeHNEM TaKKe SIBJISIETCS WH-
Bepcud MOPsiJIKa PACIOJIOKEeHNs TOYEK Ha IIPAMON.

2. Jlanmwie, codepotcauyur c6edenus 0 cemanmuieckoti 6AU30CMU 6 NAPAT CAOS8
st mocTpoeHnsi BEKTOPHBIX IPEJCTABICHUN CJIOB HUCHOJb30BAHBI IKCIIEPTHBIE
JIaHHBIE, COJEPYKaIllie CBEICHUS O CEMAHTHYECKOHW OJIM30CTH B Iapax CJIOB:
SimLex-999 [3], WordSim353 [4], MEH [5]. Jdust pasmeprocTr 1 U €BKJINIOBOI
BYHKIME PACCTOSIHUST KAY€CTBO MPUMEHEHUST METOJIa, OIMPEJIEIsIMOe KaK PaHTo-
Bast KOPPEJISIIIUS MEXKTy BeJIMINHAMU KCIIEPTHBIX OJIN30CTEH U pACCTOSTHIN MeK-
Iy BEKTOPHBIMU IIPEJCTABJIEHUSIMHU CJIOB B Iapax cJoB, coctaBmio: 0.959 nma
SimLex-999, 0.962 aius WordSim-353 u 0.741 gy MEN. KadecrBo 151 pasmep-
HOCTH 2 U eBKJIUJ0BOI (DyHKIMHN paccrosaus coctaBuio: 0.984 st SimLex-999,
0.976 st WordSim-353 u 0.921 gna MEN. Crour ormMeTuTh, 9TO MOKa3aTeh
Ka4ecTBa PacTér ¢ yBeJMYEHHEM DA3MEPHOCTHU IEJIEBBIX MPEeCTaBICHUI, OHAa-
KO 6ostee 3hDEKTUBHBIM JIJIsT MPUKJIAIHBIX MPUMEHEHUN SBJISIOTCS BEKTOPHBIE
[PEeJICTABJIEHNs] HAMMEHbIIel gomycTumoii pasmeproctn (cMm. Puc. 1).

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Puc. 1. Busyanusarus BeKTOPHBIX MpeCTaBIeHU cJI0B /st Habopa SimLex-999

3. annwvie, codepotcausue c6edenus 0 epynne nosv3osamenet Couuaavhol cemu
Jutst TpynIbl nosib3oBaTeseil conuanbHoNl ceTn OblM cCOOPaHbI CBEJIEHUSI O JPY-
3bsIX KAXKJOT0 M0JIb30BATeNs IPYIIBI BHYTPU STOH IPYIIIBL. 3aTeM Jyist KaxK1oi
IapBbl IOJIb30BaTe el Oblla PACCUUTAHa MEPEe CXOICTBA, OIpeaessdeMas KaK OT-
HOIIEHUs MOIIHOCTH II€PECETEHNsT K MOITHOCTH OObEIMHEHNsT MHOKECTB Jpy3eit
9TUX JBYX HOJIb30BaTesel, TakKe u3BecTHas Kak Mepa sKakkapa. Ilpumenenne
MeTO/ia JJIsl IIOJIyYeHHON MATPUILBI HOIAPHOIO CXOACTBA [OJIb30BATE/ell 03B~
JIJIO TIOJIyIUTh BEKTOPHBIE IIPEJICTABJIEHNs TPYIIIBI T0JIb30BATENeH COIUATbHOM
ceru (cMm. Puc. 2).

AKTyaJIbHBIM JJIsl JTaJIbHEAIIEero UCC/IeIOBAHNS SABJISIETCS BOIIPOC O PACIIOJIOXKe-
HUW TTOJTyIE€HHBIX BEKTOPHBIX TPEJICTABICHIH BJOIb HAIIPABISIONMUX JuHIN. Takxke
BOIIPOCOM JIJId JAJIbHEHINero MUCCje/IOBaHNs fABJIAETCA OlpesesieHue YCJIOBHil, Ipnu
BBIIIOJIHEHUH KOTOPBIX HCIIOJIB3YEeMbIl METOJ OYAET IOIydYaTh TOYHOE PEIeHIe.
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Puc. 2. Busyanmuzanus BEKTOPHBIX IIPEJCTaBJIEHUN TI'DYIIIBI II0JIB30BaTeNel COnMAIbHON
ceTu

Pabora Beimosinena npu nogaepxke HOI MI'Y «Mosr, KOrHUTHBHBIE CUCTEMBI,
HUCKyCCTBeHHBIN naTestekT», HAP MI'Y 5.1.21, rpanta PO®U No. 20-01-00664.
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Application of neural network multidimensional scaling for
constructing vector representations of heterogeneous data

Maysuradze Archil' maysuradze@cs.msu.ru
Kolosov Alexey'* akolosov@cs.msu.ru

'Moscow, Lomonosov Moscow State University

Vector representations of objects are actively used in tasks related to the visual-
ization of heterogeneous data. The method proposed in the work [1] allows solving
the problem of generalized non-metric multidimensional scaling, GNMDS, using the
matrix of similarity orders given on pairs of objects to obtain vector representations
of objects that preserve the given similarity orders (1).

d(i, ) < d(k, 1) =>e(g(i), 9(4)) < e(g(k), g(0)) (1)

where d(i, j) are the original similarity, e(g(¢), g(j)) is some distance function,
g(i) is the desired vector representation of the object.

The proposed method is implemented as a library in the python language [2] and
tested in this work on the following data types:

1. Synthetic data

For synthetic data, an example is considered when the data is represented by
points on a straight line. The complexity of finding a solution for such an ex-
ample lies in keeping the dimension equal to one, with full preservation of the
similarity orders. The method copes with this task by finding a suitable location
of points on a straight line, without increasing the dimension of space. It should
be noted that the correct solution is also the inversion of the order of points on
the line.

2. Data containing information about semantic similarity in word pairs

To build vector representations of words, expert data were used that contain
information about semantic similarity in pairs of words: SimLex-999 [3], Word-
Sim353 [4], MEH [5]. For dimension 1 and the Euclidean distance function, the
quality of the method application, defined as the rank correlation between the
values of expert similarity and distances between vector representations of words
in word pairs, was: 0.959 for SimLex-999, 0.962 for WordSim-353 and 0.741 for
MEN. The quality for dimension 2 and the Euclidean distance function was:
0.984 for SimLex-999, 0.976 for WordSim-353 and 0.921 for MEN. It should be
noted that the quality indicator grows with the increase in the dimension of the
target representations, however, vector representations of the smallest allowable
dimension are more efficient for applied applications (see Fig. 1).
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Fig. 1. Visualization of vector representations of words for the SimLex-999

Data containing information about a group of social network users

For a group of social network users, information was collected about the friends of
each user of the group within this group. Then, for each pair of users, a measure
of similarity was calculated, defined as the ratio of the power of the intersection
to the power of the union of the sets of friends of these two users, also known
as the Jaccard measure. Application of the method for the resulting matrix of
pairwise similarity of users made it possible to obtain vector representations of
a group of users of a social network (see Fig. 2).

Relevant for further research is the question of the location of the obtained vector

representations along the guide lines. It is also a question for further research to
determine the conditions under which the method used will obtain an exact solution.
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Fig. 2. Visualization of vector representations for a group of social network users
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Nounck cornacoBaHHbIX HelipoceTeBbIX Mogeneit B 3ajade
MY/1bTUAOMEHHOro oby4eHuns

Sxoenee Koncmanmun Jmumpuesun’x iakovlev.kd@phystech.edu
Barmees Oaee Opvesun'? bakhteev@phystech.edu

Cmpuoicos Badum Burmoposun'?

strijov@phystech.edu
"'Mocksa, MockoBCKHil (DH3HKO-TEXHIUECKNH HHCTUTYT

QMOCKBa, Boruuciurenbubiii nentp uM. A.A. Jlopoauunsma OV Y PAH

B pabote uccaeayercsa mpobaemMa BbIOOpPa CTPYKTYPBI MOJIENN TTyOOKOTrO 00y de-
HUsl JIJIsI MYJIbTHJIOMEHHBIX JAaHHBIX. Moesb mpejcraBiisier coboil OpUeHTHPOBaH-
HBII anuKJndeckuii rpad, B KOTOPOM pebpa sSIBJISIFOTCsT HeJIMHEHHBIMY (DYHKIUSIMIU,
nuddepennupyembivu 110 apamerpaM [1]. Crpykrypa Momesnu onpezessgercs Habo-
POM BEKTOPOB, 33JAI0NINX KATEropraJbHOe paciupeeenne Ha pedpax rpada. Ilpes-
JlaraeTcs PacCMaTPUBATD 33/[a4y KaK 33/[a9y MYJIbTUMOJIEIANPOBAHMS: JIJI KAZKIOTO
JIOMEHa ONTHMU3UPYETCs OTIeIbHAA CTPYKTypa. PaccMarpuBaloTcs nBa MeTOa pe-
TYJISIPU3AIIAN: CTPYKTYPHASI U PETYJISAPU3aIys TPOCTPAHCTBA CKPBITHIX [IPEJICTABIIE-
Huit Mozesin. CTPYyKTYypHAs PEryJIsipu3aliisi OCHOBAHA Ha, ITPUOJINKEHIN BEPOSITHOCT-
HBIX DAaCIpEeIeHu, 3aJa0NnX CTPYKTYPY. Peryaspusanus npocTpaHCcTBa CKPbI-
TBIX MIPEJICTABICHUI MOJIEJN OCHOBAHA Ha HMPUOJIMKEHUU CKPBITHIX IPEJICTABICHUI
CXOKIX ODBEKTOB M3 PA3HBIX JOMEHOB, IIOJIyYaeMBbIX IIOJ JefiICTBHEM HEJNHENHBIX
dyuknumii. B pabore mokazaHo, YTO IIPeJIOYKEHHAsT OITUMU3AIMOHHAST 38248 1103~
BOJISIET HAUTH KOMITPOMHUCC MEXKJIy CJIOYKHOCTBIO UTOTOBOM MOJIEJIN U €€ ITPOTHOCTH-
YECKUMU XaPaKTEPUCTUKAMH.

Basossrit skcnepumenT mpoBoauTes Ha Beioopke MNIST. Pacemarpusatorcst Mo-
Jiesid, o0ydeHHbIEe Ha CBOEM JOMEHE, MOJIeJb, OOyUeHHasl Ha BCEX JIOMEHAX, a TaKXKe
[IpeJIJIO’KEHHAsT MYJIbBTHUMO/IE/b, OOyYeHHAs Ha BCEX JOMEHaX C IIpejjiaracMbIMU Me-
Tomamu peryisipusaruu. [lokazaHo, 9TO npeIozKeHHasT MOJIEIb 00/Ia1aeT HAanbOJIb-
et 0600IIAIoNIel CLIOCOOHOCTERIO.

[1] Yakovlev, K., Grebenkova, O., Bakhteev, O. & Strijov, V. Neural Architecture Search
with Structure Complexity Control. Recent Trends In Analysis Of Images, Social

Networks And Texts. pp. 207-219 (2022)

Mesxqynaponaasa kougepennus UOH-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Concordant neural architecture search on multi-domain data
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The paper investigates the problem of selection the structure of a deep learning
model for multi-domain data. The model is a directed acyclic graph in which the
edges are nonlinear functions differentiable by parameters [1]. The structure of the
model is determined by a set of vectors that define a categorical distribution on the
edges of the graph. It is proposed to consider the problem as a multimodeling prob-
lem: a separate structure is optimized for each domain. Two regularization methods
are considered: structural and regularization of the space of hidden representations
of the model. Structural regularization is based on the approximation of probability
distributions, which defines the structure. Regularization of the space of hidden
representations of the model is based on the approximation of hidden representa-
tions obtained under the action of nonlinear functions. The paper shows that the
proposed optimization problem makes it possible to find a compromise between the
complexity of the final model and its performance.

The basic experiment is performed on a MNIST dataset. Considered models
trained on its domain, a model trained on all domains, as well as a proposed mul-
timodel trained on all domains with proposed regularizations. It is shown that the
proposed model has the best performance.

[1] Yakovlev, K., Grebenkova, O., Bakhteev, O. & Strijov, V. Neural Architecture Search
with Structure Complexity Control. Recent Trends In Analysis Of Images, Social Net-

works And Texts. pp. 207-219 (2022)
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Wccnemyercs mpobiiema CHAXKEHUS CJI0KHOCTH AIIIPOKCHMUPYIOIINX MO/JIeseil Ma-
IITTHHOTO OOyYeHUsI ¢ YIeTOM MHOI'OJIOMEHHOCTH JIAHHBIX B BBIOOpKe. [lj1st perenust
3a/1a9i CHUXKEHUsI CJIOXKHOCTU HUCIIOJIB3YIOTCsI METOJbI, KOTOPbIE OCHOBAHBI Ha JIU-
CTUJLISAIAN MOJIeJieil TIIyOOKOTro 00y IeHusl.

IIpenaraercs, aro 3amana npeaodydeHHAs MOJETb HA BBIOOPKE OOJIBIIE MOIII-
HOCTH — Ha3bIBaeMas yauresieM. Tpebdyercs o6yInTh MOAETh Ha BHIOOPKE MEHDIIEH
MOIIIHOCTU — Ha3bIBaeMyio ydeHukKoM. lIpemmosaraercs, uro GosbIinas 1 MeHbIIAs
BBIOODKa IPUHAJJIEXKAT PA3JIMYHBIM JIOMEHaM. B €BOIO ouepeib OOBbEKTHI U3 pac-
CMaTPUBAaEMbIX JIOMEHOB JIOJI?KHBI [IPUHAJIEXKATH OJIM3KUM I'€HEePaJIbHBIM COBOKYII-
HOCTSIM. ['eHepasIbHAS COBOKYITHOCTH OOBEKTOB B Ha3biBaeTcs OJIU3KOM K COBOKYTI-
HocTH A, ecyid CyIiecTByeT HHbEKTUBHOE oTobpaykenue ¢ : A — B. Bamerum, 9to B
o0I1eM cIydae He HAKJIaIbIBAETCS HUKAKOe OIPAHUYEHNE HA TUIAJKOCTh (PYHKIINU ©,
YTO IO3BOJISET KUCIIOIB30BATh IMUPOKUIl KilacC PYHKIUI.

B xoze skcriepuMeHTOB IIPOBeJIEH aHAIM3 KadecTBa IPEJIOKEHHOIO MeTOJ[a Ha
PEAJIbHBIX U CHHTETUIECKUX MaHHBIX. B KauecTBe peasibHbIX JAHHBIX PACCMATPUBaA~
smch BeiOOpKu MNIST, FashionMNIST u ImageNet. B skcepumenTe okazamo, 1o
Ka4IeCTBO MOJIEJIN YIEHUKA MOBLIINAETCS IPHU HCIIOJIb30BAHUNA OTBETOB YUUTENS [IPU
o0yvueHnr Ha MHOTOJOMEHHDBIX BHIOOPKAX.

[1] I'pabosoti A. B., Cmpuoicos B. B. BaiiecoBckasi auctuiuisinusi Mojiesieil riry6okoro oby-

uenns // ABromaTumka m TeneMexanuka, 2021.

[2] I'pabosoii A. B., Cmpuowcos B. B. BeposiTHOCTHasl MHTepIpeTanyst 3a7ady UCTUILIIS-

muu // ABromaruka u TeseMexaHuka, 2022.

Mesxaqynapogaasa kougepennus UOHWU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Multi-Domain Distillation of Deep Learning Model
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This research studies the approximating machine learning models’ complexity
reduction problem for multi-domain datasets. We use knowledge distillation methods
to solve the problem of reducing the complexity of deep learning models.

It is assumed that a pre-trained model on a large dataset is given. We called
this model a teacher. It is required to train the model on a smaller dataset. We
called this model a student. We assumed that the larger and smaller datasets belong
to different domains. But objects from domains must be similar enough. Objects
from domain B are similar enough to the domain A if there exists an injective
mapping ¢ : A — B.

The computational experiment is carried out on synthetic data, as well as on
MNIST, FashionMNIST, and ImageNet real datasets. The experiment shows that
the quality of the student model increases when we were using the teachers trained
in a similar enough domain.

[1] Grabovoy A. V., Strijov V. V. Bayesian Distilation of Deep Learning Model // Automa-

tion and Remote Control, 2021.

[2] Grabovoy A. V., Strijov V. V. Probabilistic Interpretation of the Distillation Problem //

Automation and Remote Control, 2021.
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NuTennektyannsaumsa aHannsa BbiNOJIHEHUSI 3anNpoCOB B
konoHo4Hon CYB/
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B mammoii pabore paccMaTpuBaercs 3ajada ONTHUMHU3AINU [IJIAHOB BBIIOJTHEHUST
SQL sanpocos [1] ¢ momomnpio MamuHEHOTO 00yUeHusi. B pabore TOApOGHO omnmcaH
TPaIUIUOHHBII TIOJX0/[ K PEIIeHNIO JAHHON 3a/1a4n (PHUCYHOK 1), PACCMOTPEHBI ero
HezocraTky [2]. Takske IpHUBEJEH aHAJM3 CYNIECTBYOIMX METOJIOB HA OCHOBE Ma-

e . oueHka Moaenb

; N\ KapaAuHanbHocTen CTOMMOCTH |
SELECT * H :
FROM Emp, Pos, Sal 5 ):

WHERE Emp.rank = Pos.rank
AND Pos.code = Sal.code : nepeuncnuTens

N e S npocTpaHcTea

nnawos H @ @

Puc. 1. ApxurekTypa TPaJIUIMOHHOTO OITUMU3ATOPA 3aIIPOCOB.

IIITHHOTO 0OYYeHUsI, KOTOPhIe IPU3BAHbI YCTPAHUTH PsiJl HEIOCTATKOB TPaIUIIHOHHO-
ro onrrumu3saropa [3, 4, 5, 6, 7.

CdopmymmpoBaHbl PEKOMEHIAIINN K BHIOOPY METO/Ia B 3aBUCUMOCTH OT OCOOEHHO-
creti CYB/l u oT q0CTyIHBIX BBIYUCJUTEIBHBIX pecypcoB. Ilokazana akTyaabHOCTD
IPOOJIEMBI JIJTsT MACCOBO-TIAPAILIEIbHBIX KOJIOHOYHBIX CYB /I 1 oTMedeHo orcyTcTBre
HCCJIeJOBaHUS BO3MOYKHOCTEH IIPUMEHEHNsI N3BECTHBIX ITO/IXO/[0OB Ha OCHOBE MAIIIIH-
HOTO 0OyueHust K onruMmu3anuu ganaoro tuna CYBJI.

Bpewms Bemonnenus 100 3anpocos.

Tabanunslii pexxum CYB/I (Kosionouansriii pexkum CYB/J],

Tpamguuuonsbiil “YwmHBIN [(IpagunuoHHbIN Y MHBIIT
ONTUMU3ATOP |[ONTUMHU3ATOP| OIITUMU3ATOP (OIITHMU3ATOD|

Bapuant u3
OPUTMHAJIBHOMN CTATbHU.
Bapuanrt c

psiagoM Mo auduKaImii.

5 JyacoB 3 gaca

2.5 gaca 1.5 gaca 1.5 vaca 2 gaca

Tabauma 1. Ananus pesyabraToB moaxona Neo

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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B pamkax uccienoBanusi npumennMoct K Kojgonouunot CYB/I mojxoabr Ha oc-
HOBE OIEHOK Kap/INHAJBHOCTH MTOKA3aJIN ceOsl TIOXO — OJHU He MPUBOIMIN K YTy d-
IIEHUSIM, JIPYTHe OKA3aJIUCh CIUIIKOM "TsizkesioBecHbI" J1j1st uctosib3oBanus B CYB/1
[8]. TToaxoap! HA OCHOBE amIpoKcHMaIyu GMYHKIUA CTONMOCTH TaKIKe [TOKa3aJIu celst
He JygmuM obpazoM. s MoCTUXKeHMsI [OJOKUTEJbHBIX pe3ysibraros (Tabsmma 1)
€ UX KCIIOJIb30BaHueM I10TpeboBasics psiz Moaudukanuii [9, 10, 11].

OcHoBHBIE pe3y/IBTATHI PAOOTHI:

— TlpoussejieHa oleHKa MeTOIOB IpejcKasanusi KapauHanbHoctu (NeuroCard [4],
PostgreSQL AQO) u meromnos ampokcnmanuu dyuximu croumoctu (DQN, Neo
7).

— DKCIEepUMEHTAJIBLHO MOKA3aHO, YTO JIEBbIe-TJIyOOKHUE IJIAHBI TPOUTPLIBAIOT BET-
BUCTBIM.

— TIpemyioyken HOBBIH CIIOCOO MOJIYYEHUS NEJIEBBIX 3HAUEHUN 1 00yUeHus MOJe-
Jiell — BMECTO BPEMEHU BBIIOJIHEHUS 3aIpOCa HCIOJb3yeTCsl ero (pakTHIecKast
CTOMMOCTD (BBIYUC/IEHHA C UCHOJIb30BaHUEM (DAKTUIECKUX KAPIUHAJILHOCTE!),
9TO JIeJIAeT BO3MOXKHBIM OOyYeHre MOjieieil B TPOAYKTOBBIX CHCTEMAX.

— Ilpennoxkena MomumduKaImst apXUTEKTYPbl CUCTEMBI Neo — PUCYHOK 2.

Ha6op
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oo 119uQ | ¢——!

1 o
1 = o
Hosbiit R | — 5 3 Hosbiit i 3 = x| —
nonb3osatenbckuii | Q. |Mpeackasanme 4 H noNb3oBaTeNbCKUin 3 O | Mpeckasatme
3anpoc ) 2 3 ] 2 3anpoc E o8 3
3 ] 3
8 a 2 £°3 8
10 : o 1 (g
' — g ® Y| —=
lemcccccccmcc e a -=da | WS egrergrergrery R R RIS,
Bpema Bpewa
MocTpoeHHbIiA nnaH BbINONHEHNA MocTpoeHHbIi nnan BbINONHEHUA
MexaHu3m BbinoNiHeHUA 3anpocos CYBA | MexaHn3Mm BbINoHeHUA 3anpocos CYBL

(@) 6)

Puc. 2.

(a) Juzaita cucremsl Neo B opuruHase.

(6) Momudunuposannblii au3aitn cucreMbl Neo — MOmudUKAIA TTOJCBEIEHBI GOPIOBBIM
LIBETOM.

— IlpusnakoBbie onucanusi ObLIM MOMM(DUIIMPOBAHBI, TAK KaK IJIAHBI B MaCCOBO-
napasueabHbIX KOJOHOUHbIX CYB/I cuHTakCcMYecKn OTIMYAIOTCA OT ILUIAHOB B
neaTpasin3oBanabix CYB/I.
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— Tlpenyioxken crmocod peryaspusanuu JJjisi IPeIOTBPAIEHnsT MepeodyIeHns, TaK
KaK 3HaYeHUs CeJEeKTUBHOCTEN 6A30BBIX OTHOIIEHUI IIPU II€PE3AIyCKe HCCIIEI0-
BanHoit CYB/I duiyKTyupyror, a 9KCIiepuMeHThI IOKA3aJIH, YTO MOJIEJIb 11epeoly-
qaeTcsl Ha KOHKPETHBIX 3HAYEHUSIX.

— IIpengioxena mopudukarus apxurekTypbl Helipoceru Neo (transformer [10] Bme-
cro Dynamic Pooling).

— Tlokazana mosb3a OT TIOJY9IeHHsI OIEHOK HEONPEJIENEHHOCTH TpeJcKasanuii [12,
13].

OTHU PE3yIbTATHI IPEICTABIISIIOTCS JOCTATOYHO MHTEPECHBIMU KAaK C IMPAKTHUIECKOMH,
TaK U C TEOPETUYECKOI TOYKHU 3PEHU.

[1] Buavbepway, Aspaam u Kopm, I'enpu @. u Cydapwan, lawanx Konnennnu cucrem
6a3 nanubix // McGraw-Hill New York, 2002.

[2] JIetic HackombKO XOpOIIM ONTHMU3ATOPBI 3apocoB Ha camom nese? // Tpynsr dbonga
VLDB, 2015. — C. 204-215.

[3] Xapmyw, Xasap v Haymann, Peaurc OueHKa KapAUHAILHOCTU: SKCIEPUMEHTAIbHBIH
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Intellectualization of query execution analysis in a columnar
DBMS

Ryabtsev Anton'x ryabtsev.ab@phystech.edu
Dulin Sergey® skdulin@mail.ru
'Moscow, MIPT

2Moscow, FRCCSC

In this paper, we consider the problem of optimizing SQL query execution plans
[1] using machine learning. The paper describes in detail the traditional approach
to solving this problem. (picture 1), it’s shortcomings are considered [2]. It

Y . oueHka Mozenb

; Y KapauHanbHoCcTeln cTouMocTn : :
1 SELECT * : |
FROM Emp, Pos, Sal ! N

WHERE Emp.rank = Pos.rank |
AND Pos.code = Sal.code nepeuncauTens
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Fig. 1. Traditional query optimizer architecture.

also provides an analysis of existing methods based on machine learning, which are
designed to eliminate a number of shortcomings of the traditional optimizer[3, 4, 5,
6, 7].

Recommendations are formulated for choosing a method depending on the fea-
tures of the DBMS and on the available computing resources. The relevance of the
problem for massively parallel columnar DBMS is shown and the lack of research into
the possibilities of using known approaches based on machine learning to optimize
this type of DBMS is noted.

As part of the study of applicability to a columnar DBMS, approaches based
on cardinality estimates performed poorly - some did not lead to improvements,
others turned out to be too "heavy” for use in a DBMS [8]. Approaches based on
the approximation of the cost function also proved to be not the best. To achieve
positive results (table 1) with their use, a number of modifications were required.
[9, 10, 11].

The main results of the work:

— Evaluation of cardinality estimation methods (NeuroCard [4], PostgreSQL AQO)
d cost function approximation methods (DQN, Neo [7]) was made.

— It has been experimentally shown that left-deep plans lose out to bushy ones.

— A new way to obtain target values for model training is proposed - instead of
the query execution time, its actual cost (calculated using actual cardinalities)
is used, which makes it possible to train models in product systems.
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Execution time of 100 queries.

Table mode of DBMS

Columnar mode of DBMS

Traditional| “Smart” [Traditional “Smart”
optimizer | optimizer | optimizer optimizer
Original paper 5 hours 3 hours
approach.
App¥'0ach. with 2.5 hours | 1.5 hours | 1.5 hours 2 hours
modifications.

Table 1. Analysis of the results of the Neo approach

— A modification of the architecture of the Neo system is proposed — picture 2.
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(a) The design of the Neo system from the original paper.
(b) The modified design of the Neo system - modifications are highlighted in burgundy.

— Feature descriptions have been modified, since plans in massively parallel colum-
nar DBMSs are syntactically different from plans in centralized DBMSs.

— A regularization method is proposed to prevent overfitting, since the selectivity
values of the base ratios fluctuate when the studied DBMS is restarted, and
experiments have shown that the model overfits on specific values.

— A modification of the Neo neural network architecture is proposed(transformer
[10] instead of Dynamic Pooling).
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— The benefits of obtaining estimates of the uncertainty of predictions are shown
[12, 13].

These results are quite interesting from both practical and theoretical points of view.
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ObecnevyeHne CUHXPOHU3ALUUM B CUCTEMAX COBMECTHOM
pa3pabotkn ML-peweHnii

Pewemxos Andpeti Ddyapdosum'* reshetkov.aeh@phystech.edu
Xpumanrose Anmon Cepzeesun' anton.khritankov@phystech.edu

! Monronpynubiit, MocKOBCKHiT (DUBHKO-TEXHUUIECKIH HHCTUTYT

BocriponsBoanMocTh 9KCIIEPUMEHTOB - OIHO U3 KJIIOYEBBIX TPeOOBaHUil K CO-
BPEMEHHBIM HUCCJICIOBAHUSAM B 00JIACTH MAIMHHOIO OOyueHus. B yciaoBusax, KOraa
[IPOEKTUPOBAHNE, OTJIAJKA U IKCIEPUMEHTHI B 0DJIACTH MAIIMHHOTO OOYYeHUs Be-
JyTCst OOJIBITUMHU KOMAHJIAMU WHXKEHEPOB U BBIYHCJINTEIbHBIX Ar€HTOB, BOZHHKAET
OTPEOHOCTh B METOJ[aX OPraHU3alliid COBMECTHOI paboThl, B IIPOrPAMMHBIX CpeJl-
CTBax paclpee/IéHHON pa3paboTKu W UccjenoBaHuii. biaromaps uM wHKeHEpHI U
WCCJIEJIOBATENN JTAHHBIX MOTJIA OBl 3aHUMATHCsI CBOMME 3aJadaMy [MapaJuIebHO U
HE3aBUCUMO APYT oT apyra. [Ipobsema 3akimodaercs B OObeIMHEHUN PE3YIHTATOB
paboThl HECKOJIBKUX HCCJIEJ0BATEIeH U BBIUUCIUTEIHHBIX Al€HTOB B OIHY OOIIYIO
paboTOCIIOCOOHY IO BEPCHUIO C BOCIIPOU3BOINMBIMY PE3YJILTATAMU.

Jannast mpobjieMa 1 paHee BO3HUKaJja B pa3HbIX chepax. Hanpumep, B obiactu
pa3pabOTKU MPOrPAMMHOTO ODECIIeUeHUs] OHA PEITaeTcs BHEIPEHWEM CHUCTEM KOH-
TPOJIsi BepCHii W yhpaBiieHus KoHduUrypanueil, Takux Kak git mim svn. OgHako B
chepe MaImUHHOTO OOYUYEHHsST TPUMEHEHUNE CTAHJAPTHBIX MOJXO0B HEJIOCTATOYHO,
ITOCKOJIBKY OObEKTOM COBMECTHON pabOThI ABJIsI€TCs He HAOOP CTPOK UCXOIHOTO KO/IA
WJIK BEPCUIl JJOKYMEHTOB, & COBOKYITHOCTH ITOCTAHOBKM 33/1a9M, MCCJIEI0BATEIHCKIX
TUIIOTES, MPOIELYP IPOBEJEHNSI, KPUTEPUEB YCIIEITHOCTH, H3MEPIEMBIX ITapaAMETPOB,
COOPAHHBIX M UCXO[IHBIX JTAHHBIX, PE3YJIbTATOB aHAJIN3a, OTIETOB U UCXOTHOTO KO
- BCEro, YTO BXOJWUT B ONHUCAHUe IKCIepuMenTa [1].

Ornncanne 9KCIIEpUMEHTa TIPEJICTABAMO B BUJE CEMAaHTUYIECKOI ceTu uiu rpada
3HaHWN [2], B TO BpeMsl Kak HCIOJIHSIEMasi [IPOIEypa IPOBEIEHNST IKCIEPUMEHTA
MOKeT OBITh IpeJcTaBIeHa B Buje rpada noroka pador (pipeline), B KOTOPOM y3JIbl
COIIOCTABJIEHBI MCIIOJTHSEMbIM HA0OpPAaM IPOrPAMM WJIA IIPOIECCOB, a pedpa - obme-
HAM JIAHHBIMU MEKJy HUMU. PacCcMOTpUM IIPUMED BBIYUCIATEIHHOTO SKCIEPUMEHTA
¥ TPOTIEIYyPhI €ro BBIMOJHEHUs B Buje rpada moToka pabor Ha pucynke 1. Iloce
crapra BepuinHa Prepare train date ToTOBUT 00ydarollyio BLIOOPKY U HepeaéT eé
aBym apyrum BeprmmaaMm Train Lin. Model Sgd w Train Lin. Model analyt. Ouu na-
paJLIeNIBHO 00y Yat0T MOJIEIN JIMHEHHOW PErpecCu: mepBasi UIeT PEeIleHne C UCIOJIb-
30BaHMEM CTOXACTHIECKOTO I'PAJUEHTHOrO CIIyCKa, a BTOpas aHajanTudecku. Jlabie
OHU TIEpeJIAIOT 00yYeHHbIe MOJIENIN B ciieayontyio Bepiuuny Compare models on test
data. DTa BeplIMHA TaKKe IIPUHUMAaeT Ha BXOJ[ TECTOBBIH JaraceT u3 Prepare test
data, a 3aTeM CpaBHUBAaET Kav4eCTBO MOJIeJIel Ha TUX JIAHHBIX.

Takum o6pasom, 3a/1a9a OpraHU3alUd COBMECTHONH pabOThI HAJ SKCIIEPUMEHTOM
3aKJTI0YAETCS B IIOJ[JIEPKAHUU COTJIACOBAHHOTO (POPMAJIBHOTO OIACAHMS SKCITIEPUMEH-
Ta y BCEX yYaCTHUKOB, & TAKXKE B 00eCIIEYeHNN BO3MOKHOCTH PACIIPEIETIEHHOTO IIPO-
BEJICHUST MCIIOJIHSIEMBIX IIPOTIE/LyP BBIYUCIUTEIHHOTO SKCIIEPHMEHTA..

Mesxaqynaponaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Puc. 1. IIpumep rpada sxkcneprMenTa, KOTOPBIA CDABHUBAET JABE JIMHEHHbIE MOJIEIN

st coBMecTHO# paboThl HaJ rpadami, TO €CTh COBMECTHBIM BHECEHUEM M3MEHEe-
HUIT B pe6pa 1 BEPIIUHBI, y2Ke paspaboran pa rexauk. Hanpumep, B [4] mpenraraer-
cs1 HeOJIOKUPYIOIIasl U JIMHeapu3yeMasl CTPYKTYpa JaHHBIX, [TO3BOJIAIONAs PEIIaTh
3aJ1a9M MOUCKA B IIUPUHY, MOJACYETA CPEJIMHHON IEHTPATBLHOCTH M ITIOMCKA KpaT-
valillero paccTogHus U3 33JAHHONU BEPIIMHBI JI0 BCEX OCTAJIbHBIX. A B [5] aBTOpBI
pPACCMATPUBAIOT HEOJOKUPYIONIH U JIMHEAPU3YEMbIil aJITOPUTM MTPOBEPKU HAJTUIUS
Iy TH MEXKJTy 3a/[AHHBIMU BEPIUHAMA. €M He MeHee, 3TH TeXHUKHU He TOIXOIAT It
penieHus HaIeit 3a/[a94, IIOCKOJIbKY HaM BazKHbI HE TOJIbKO BO3MOXKHOCTBH IIPpOBeE/Ie-
HUsI PACYETOB CBOWCTB XPaHUMOro rpada SKCIIEpUMEHTa, HO U BHECEHUE U3MEHEHUH
B €ro CTPYKTYPY.

B nmannoit pabore MBI MpejiaraéM HUCIOJIb30BATH PACIPE/IETEHHbIE CTPYKTYPbI
nmarrbrx, Conflict-Free Replicated Data Type (CRDT) [3]. Takue cTpyKTyphI JTAHHBIX
He TPEOYIOT OT BHOCAIIIX N3MEHEHUsT ar€HTOB CHHXPOHU3AIINT UX JIEHCTBUHI U B TO Ke
BpPEMsI TapaHTUPYIOT KOPPEKTHOCTH. BoJiee Toro, oHM 0018/1a10T CBOICTBOM CHJIBHOM
cornacoBanHocTy B Koneunom urore (Strong Eventual Consistency). Cormacuo emy,
nocJie 1ocje OObeMHEHNs U3MEHEHHI ¢ TedeHueM BpeMeHHu (B KOHEYHOM HTOre)
BCe JIOKAJbHBIE BEPCUH OYIyT UMETh OJIMHAKOBBIE BEPCUU OOHOBJICHHON CTPYKTYPBI
maHabX. [Ipu 9TOM, eciu JiBe JIOKAJIbHBIE BEPCUU COBIAJIAJN, TO ¥ [TOCJI€ BHECEHUSI
U3MEHEHU OHU OY/yT COBIAIATD.

JIist mocTpoeHust TAKOW PaCIPeIeJIeHHON CTPYKTYPhI JAHHBIX MbI BHIOPAJIH OIle-
parmonnblit moaxos (operation-based), MOCKOJIBKY aJbTEPHATUBHBINA MOIXO0/, OCHO-
BaHHBI Ha 0OMeHe KonusgMu JaHHbIX (state-based), TpeGyer nepenaduu u3bbITOUHOLM
JITsT HAIAX Tiesieit nHdOpMAIi, U B 3TOM CJIydae 3aTpaThl Ha [1epeady Bcero rpada
9KCIIEPIMEHTA MOT'YT OKAa3aThCsl CJIUIIKOM BEJIMKU.

s pemenust 3ajiadu 00beMHEHNsT n3MeHeHnit B rpade sxcnepumenta G B pa-
Gore MBI PAcCMOTpesn TpH Tuna u3MeHeHuii (onepanuit) O = {add, del,edit} Han
BepIMHAME U pedpamu rpada, KOTOPble areHThl MOI'YT BHOCHUTD:
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1. Add - obaBjeHue HOBOM BEPIUHBI B rpad IKCIIEPUMEHTA U YKA3aHHOTO HAOOpa
UHITIIEHTHBIX pedep;

2. Del — YiaJsienue cyecTByOIIEN BEPIIUHBI U3 rpada U BceX UHIUJIEHTHBIX pebep;

3. Edit — 3menenne 3a1aHHON BEPIIMHBL.

Mpbl HaJOXWIU HA OIMEPAIUU OTPAHUYECHUs, OOYC/IOBJEHHBIE OIIPEIeICHUEM
CRDT u, npoana/in3upoBas Bce 6 BOSMOXKHBIX KOMOUHAIINIA, [IOKA3AJIN, 9TO B TAKHUX
YCJIOBUAX KOHKYPHUPYIOIINE U3MEHEHUH MONapHO KOMMYTHUPYIOT, TO €CTh Pe3yJabTaT
WX PUMEHEHUs He 3aBUCHUT OT mopsiaka. CjeacTBreM 3TOro CTajo CJemLyIOoIee.

Vreepxkaenune 1. Ilocrpoennasi crpykrypa gaHabix (G, O) jeficTBUTEIBHO SBJIs-
ercst CRDT u obstazaer cBOHCTBOM CHIBHOH COTVIACOBAHHOCTH B KOHETHOM HTOTE.

Takum 0Opazom, B JaHHOI paboOTe MBI TOKA3AJIN, YTO HAII CIIOCO0 TPEICTABICHUST
rpada IKCIepuMeHTa U CIIocod oOMeHa M3MEHEHUsIMH JIOMyCKAeT PeaTu3aIliio B BU-
e CRDT. Vreepxkaenne 1 Teoperudecku 060CHOBBIBAET BO3MOXKHOCTH TPUMEHEHUST
ITIOCTPOEHHOHN CTPYKTYPBI JIAHHBIX JJIsT PEIeHus] UCXoaHoit mpobembl. Mccmemona-
TeJIn ¥ BBIYUC/UTE/IbHBIE areHThl MOI'YT XPAHUTh y cebsl JIOKaJbHbIE KOIUU rpada
9KCIIEPUMEHTa U MPOU3BOJUTH HAJ HUIM MaHUIYJIAIAN, a B KOHIlEe BHECEHUS U3MEHe-
HUN OHU MOTYT 3aIlyCTUTh AJITOPUTM OOMeHa JaHHbIME. 110 ero okoHYaHuN KaXK Ibit
areHT IOJIyIUT OOHOBJIEHHYIO BEPCHUIO I'pada IKCIIePUMEHTa, KOTOPas COIEPKUT KaK
U3MEHEHUsI, BHECEHHBbIE JIPYTUMH areHTaMH, TaK U MOJIUMPUKAINY, CO3JAHHBIE UM
CaMUM.
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Ensuring synchronization in systems of collaborative
ML-development

Reshetkov Andrew'« reshetkov.aeh@phystech.edu
Khritankov Anton' anton.khritankov@phystech.edu

Dolgoprudny, Moscow Institute of Physics and Technology

Experiments reproducibility is one of the key requirements for modern research in
the field of machine learning. In conditions when design, debugging and experiments
are carried out by large teams of engineers and computing agents, there is a need for
methods of organizing collaboration, software tools for distributed development and
research. Thanks to them, engineers and data researchers could do their tasks in
parallel and independently of each other. The problem is to combine the results of
the work of several researchers and computational agents into one common workable
version with reproducible results.

This problem has previously arisen in various fields. For example, in the field of
software development, it is solved by implementing version control and configuration
management systems, such as git or svn. However, in the field of machine learning,
the use of standard approaches is not enough, since the object of collaboration is not
a set of source code lines or document versions, but a set of problem statements, re-
search hypotheses, procedures, success criteria, measured parameters, collected and
source data, analysis results, reports and source code - everything that is included
in the description experiment [1].

The description of the experiment is represented in the form of a semantic net-
work or a knowledge graph [2], while the executable procedure of the experiment
can be represented in the form of a workflow graph (pipeline), in which nodes are
mapped to executable sets of programs or processes, and edges are data exchanges
between them.

Let’s consider an example of a computational experiment and the procedure for
its execution in the form of a workflow graph in Figure 1. After the start, the node
Prepare train data prepares a training sample and passes it to two other nodes Train
Lin. Model SGD and TrainLine. Model analyt. They train linear regression models
in parallel: the first one searches for a solution using stochastic gradient descent,
and the second one analytically. Then they pass the trained models to the next node
Compare models on test data. This node also accepts a test dataset from Prepare
test data as input, and then compares the quality of models on this data.

Thus, the task of organizing joint work on the experiment is to maintain a con-
sistent formal description of the experiment for all participants, and to ensure the
possibility of distributed execution for all executable procedures of a computational
experiment.

A number of techniques have already been developed for joint work on graphs, i.e.
making changes to edges and nodes together. For example, [4] offers a non-blocking
and linearizable data structure that allows solving the problems of breadth-first

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



110 AwnajmmTuka GOJIBIINX JTAHHBIX

Experiment
data params
A 4
Iris Dataset
train test

sample, sample \

i P train \ ob \ Prepare

Prepare next \ noxt
- train data \ \

model testing \<

hyperparams params
next @ next Compare\ next
>/ Li N
~ max HSHHGE Lin. Model models on end
iterations analyt. test data

[ value | [Roc Auc |
exports exports exports exports exports
et For irdit model coeffs model coeffs comparison data for
alaorraning SGD analytical result testing

Fig. 1. Example of a graph of the experiment which compares two linear models

search, calculating median centrality, and finding the shortest distance from a given
vertex to all others. In [5], the authors consider a non-blocking and linearizable
algorithm for checking the presence of a path between specified vertices. However,
these techniques are not suitable for solving our problem, since it is essential for us
not only to be able to calculate the properties of the stored graph of the experiment,
but also to make changes to its structure.

In this paper, we propose to use distributed data structures, Conflict-Free Repli-
cated Data Type (CRDT) [3]. Such data structures do not require the modifying
agents to synchronize their actions and at the same time guarantee correctness.
Moreover, they have the property of Strong Eventual Consistency. According to it,
after applying changes all local versions will eventually have the same states of the
updated data structure. At the same time, if two local versions coincided, then after
applying changes they will also coincide.

To build such a distributed data structure, we chose an operation-based approach,
since an alternative approach based on the exchange of copies of data (state-based)
requires the transfer of redundant information for our purposes, and in this case the
costs of transferring the entire graph of the experiment may be too high.

To solve the problem of combining changes in the graph of the experiment G we
considered three types of modifications (operations) O = {add, del, edit} over the
nodes and edges of the graph that agents can make:

1. Add - Add a new node to the experiment graph and the specified set of incident
edges;

2. Del — Delete an existing node from the graph and all incident edges;

3. Edit — Change the specified node.
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Accordingly, the result of training the model at the node Train Lin. Model SGD,
is added to the experiment graph by adding a new node. Changing the hyperparame-
ter of the learning algorithm is done by removing and adding a new node. Replacing
the implementation of the learning algorithm is a changing of the corresponding
node in the experiment execution procedure.

We imposed restrictions on the operations due to the definition of CRDT and, af-
ter analyzing all 6 possible combinations, showed that in such conditions concurrent
changes commute pairwise, that is, the result of their application does not depend
on the order. The consequence of this was the following.

Statement 1. The constructed data structure (G,O) is indeed a CRDT and has
the property of Strong Eventual Consistency.

Thus, in this paper we have shown that our way of representing the graph of
the experiment and the way of exchanging modifications allows for implementation
in the form of CRDT. Statement 1 theoretically justifies the possibility of using the
constructed data structure to solve the original problem. Researchers and computa-
tional agents can store local copies of the experiment graph and manipulate it, and
after making changes, they can run the data exchange algorithm. Upon its com-
pletion, each agent will receive an updated version of the experiment graph, which
contains both changes made by other agents and modifications created by himself.
[1] Gundersen, Odd Erik € Gil, Yolanda & Aha, David. (2018). On Reproducible AI:

Towards Reproducible Research, Open Science, and Digital Scholarship in Al Publica-

tions. // AI Magazine. 39. 56-68. 10.1609/aimag.v39i3.2816.

[2] Khritankov, A., Pershin, N., Ukhov, N., & Ukhov, A. (2022). MLDev: Data Science
Experiment Automation and Reproducibility Software. // International Conference on
Data Analytics and Management in Data Intensive Domains (pp. 3-18). Springer.

[3] Marc Shapiro, Nuno Preguica, Carlos Baquero, Marek Zawirski. Conflict-free Repli-
cated Data Types. // SSS 2011 - 13th International Symposium Stabilization, Safety,
and Security of Distributed Systems, Grenoble, France. pp.386-400.

[4] Chatterjee, Bapi and Peri, Sathya and Sa, Muktikanta and Manogna, Komma. Non-
Blocking Dynamic Unbounded Graphs with Worst-Case Amortized Bounds. // 25th In-
ternational Conference on Principles of Distributed Systems (OPODIS 2021), Dagstuhl,
Germany. pp.20:1-20:25.

[5] Chatterjee, Bapi and Peri, Sathya and Sa, Muktikanta and Singhal, Nandini. A Simple
and Practical Concurrent Non-Blocking Unbounded Graph with Linearizable Reach-
ability Queries. // Proceedings of the 20th International Conference on Distributed
Computing and Networking, Bangalore, India. pp.168—-177.
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MoietupoBaHue TEPMOAMHAMAYECKUX IIPOIECCOB OOBITHO IIPOBOJIUTCS IIYyTEM Pe-
[IIeHUs] YPABHEHUN MaTeMaTUIeCKOl (DU3UKKU C UCHOJIHL30BAHUEM TPYIOEMKUX UUC-
JIEHHBIX METOJIOB, B YACTHOCTH WUTEPAIMOHHBIX aaropuTmoB. Ho ObIBaioT ciydan,
KOTJIa TPY/IOEMKOCTb PAacdeToB OoJibIasi, a TpeOOBAHUS K TOYHOCTH HE TAKWE BBI-
cokue. Curyalysi MHOTOKPATHO yCyryOJIsieTcsl B T'UIPOJINHAMUIECKIX CUMYJISITOPaXx,
KOTJ[a YKa3aHHBIN pacdyeT HaJI0 POBECTH B KaXKI0# siueiike MPOCTPAHCTBA B KAXK b
MOMEHT MOJIEJILHOrO BpeMeHu. 1lesibio ucciieioBanus ObLIO UCIIOJIB30BATH METObI
maruaaoro obyuenus (MO) [yis yCKOpeHusl pacueToB B CHEIUAILHOM KJIACCE 33189
TEPMOJIMHAMUKHY, [TOJIyIHB MaJjOe BPEMsI PACUETOB U COXPAHUB XOPOIIYIO TOYHOCTb.

B pabore mnpesiaraercsi MeTouKa YCKOPEHHS MACCOBBIX TE€PMOIMHAMUYIECKUX
pacyderoB, KOrja JJIsi WHAWBUILYAJIBHON (DU3NIECKOIl 3a/1a91 U3 PACcCMaTPUBAEMOIO
KJIACCA CTPOUTCsI BBIOOPKA IIPEIEIEHTOB, MO Heil obydaeTrcs OBICTPOIEHCTBYOMAS
Mojiestb MO ornpesie/ieHHON apXUTEeKTYPhl U J1ajiee MHOTOKPATHBIE 3aIlyCKH CUMYJIs-
TOpa MPOBOJSATCS B YCKOPEHHOM pexknMe. Takasi MeToIMKa MOXKET OBITh TPaKTHIe-
CKH TIOJTHOCTBIO ABTOMATU3UPOBAHA, T. €. JIJIsl KAXKI0H CJIe Iy ol MHINBY Ly aTbHON
dusnIecKoil 3aa9n MPAKTUIECKN ABTOMATHYECKN Oy/1eT CreHEPUPOBAH CUMYJISITOD,
BKJTFOUAOIIUI YCKOPEHHBIE PACUETHI.

Tlonpobuee omurieM paccMaTPUBAEMBIH  KJIACC TEPMOJMHAMUYECKHUX —3aJ1ad.
Umercst TepMoIMHAMUYIECKOE DABHOBECHE B sTUeiike, B KOTOPO# HAXOJIUTCS CMECh
HECKOJIbKAX M3BECTHBIX BEIECTB, TPUIEM BO3ZMOXKHA CMECH YKHUJIKOTO M T'a30BOTO ar-
peraTHbIX cocTosiHmii. Ha BXOII ofaloTcs TeMiiepaTypa 1 JIaBjIeHue B siueiike, a Tak-
2Ke obmumii cocraB cmecu. B 1miepByto ouepebr HEOOXOIMMO HAMTH arperaTHoe CoCTO-
siHMe BelecTBa (KUIKOCTh, I'a3 WU CMECh). B cilydae KUJIKOCTH HAJ0 PACCIUTATD
ee TIOTHOCTh M BSI3KOCTh. B cjydae raza Toxke HaJ0 PACCIMTATH €r0 IJIOTHOCTH U
BABKOCTh. B cilydae cMecu JJisi KarKJIOr0 arperaTHoOro COCTOSTHUSI HAJI0 PACCUUTATH
BCe yKa3aHHOE paHHee, & TaKXKe COCTaB I'a3a, COCTAB YKUJIKOCTU, U JOJIO KUJIKOCTH
U JIOJIIO Ta3a B obmeM BeriecTse. [Ipu TpagunuonHoM GU3MIeCKOM MOJIEIUPOBAHUN
YKa3aHHOE PaBHOBECHE UIETCS KAaK PEIIeHne CJI0KHON CUCTEMbI YPABHEHUN METOIOM
HyroTomna.

OcoBEHHOCTHIO PACCMATPUBAEMOTO KJIACCA TEPMOJIMHAMUYECKUX 33149 SIBJISET-
¢l TO, 9TO KaK BXOJHOE, TAK W BBIXOJHOE OIUCAHUS COJIEPXKAT JAHHBIE O COCTABE
cMecn. JIaHHBIE TAKOTO BHJIA HA3BIBAIOT COCTABHBIMU MJIM KOMIO3UIIMOHHBIMY (QHIVL.
compositional data) [1]. C MmaTemMaTHIecKoOil TOYKHI 3peHHsi BEKTOP COCTABA IIPE/ICTaB-
JisteT coboii TOYKY MHOroMepHOro cumiiekca. CTOUT OTMETHTD, YTO TaKue JAaHHbIE
BO3BHUKAIOT HE TOJILKO B 3ajadax dhusukn u xumun. Crangaprasie Metoasl MO ne
CITOCOOHBI HEIMIOCPEICTBEHHO MPUHUMATh HAOOPHI MPU3HAKOB, 00PA3YIOIINEe COCTAB.

Mesxaqynaponaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Takwe nanHble B KJIACCMYECKUX ITOCTAHOBKAX 3329 MAIIMHHOIO OOYdYeHUs] HeJIb3sI
Ha3BaTh HE3ABHUCHUMBIMHU [IPU3HAKAME, OHU TPEOYIOT OT/IEIBHOIO moaxoja. Hekoro-
pble M3 TAKMX II0JIX0JI0B OBLIN UCIIOJb30BaHbI B paboTe.

Cravasia Jiist MHIWBUYa IbHON (DU3MIECKON 3aJ[a9di BBIIEISEeTCsT 00JIacTh BXO-
JIOB TEPMOJIMHAMUYIECKON 3a7a4uu. JacTo 9To o/iHa TeMieparypa u HeOOIbIION qua-
ma30H gasjenuit. [Ipn momornu TpaauuoHHOi (GU3MIECKON MOIEIN TeHEPUPYIOTCS
[IpeIeIeHThI It 00yueHus: 1 KOHTpoJist. Janee namno odyunts mogesn MO. Bax-
HO, YTOOBI 3TU MOjen ObicTpo paborasu. IIpeiaraercs npoBecTu mpeobpasoBaHUe
[IPU3HAKOBOT'O MMPOCTPAHCTBA [IJIsi COCTABHBIX JAHHBIX, YTOOBI Ha IIPEOOPA30BAHHBIX
JAHHBIX MCIOJb30BaTh m3BecTHBIE Momean MO. B xome nccienoBanns Ha mpeobpa-
30BAHHBIX IPEIEIEHTAaX ObLIN OOYYIEHBI IIPOCThIE MOJEJN MAIIUHHOTO OOyYIeHUus, a
UMEHHO, JIOTUCTAYECKAs PErPeccus, JUHEHbIe PErPECCU, IBYXCIOMHbBIE TOJTHOCBI3-
Hble HEHPOHHBIC CETU.

PesynbraThl 9KCIIEpUMEHTOB Ha Psijie MHIMBUIYAJIbHBIX (DU3MIECKUX 3389 I10-
Ka3bIBaIOT, YTO O0yUYEHHBbIE MOIE/N AT JIOMYCTUMYI0 TOYHOCTH, IIPEUMYIINECTBO B
CKOPOCTH TP STOM CYIIIECTBEHHOE.

Pabora Beimosinena npu nomep:kke HOIIL MI'Y «Mosr, KOrHUTHUBHBIE CHCTE-
MBI, UICKYCCTBeHHBIN nnTesnekTy, HVUP MI'V 5.1.21, rparnta POPU No. 20-01-00664.
Baaromapum A. A. AdanackeBa u ero y4eHUKOB 3a IIOCTAHOBKY TEPMOINHAMUYIECKOIA
3aJIa9K U JOCTYII K JIAHHBIM TPAJUIIMOHHOTO (DU3MIECKOI0 MOJIETUPOBAHMSI.

[1] Astchison J. The Statistical Analysis of Compositional Data // Journal of the Royal

Statistical Society, 1982.
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Modeling of thermodynamic processes is usually carried out by solving equations
of mathematical physics using time-consuming numerical methods, in particular it-
erative algorithms. But there are cases when the complexity of calculations is large,
and the accuracy requirements are not so high. The situation is repeatedly aggra-
vated in hydrodynamic simulators, when the specified calculation must be carried
out in each cell of space at each moment of the model time. The aim of the study was
to use machine learning (MO) methods to accelerate calculations in a special class
of thermodynamics problems, obtaining a short calculation time and maintaining
good accuracy.

We propose a method for accelerating mass thermodynamic calculations, when
a sample of precedents is built for an individual physical problem from the class
under consideration, a high-speed model of a certain architecture is trained on it,
and then multiple runs of the simulator are carried out in accelerated mode. Such
a technique can be almost completely automated, i.e. for each subsequent indi-
vidual physical task, a simulator will be generated almost automatically, including
accelerated calculations.

Let us describe in more detail the considered class of thermodynamic problems.
A thermodynamic equilibrium is sought in a cell containing a mixture of several
known substances, and a mixture of liquid and gas aggregate states is possible. The
input is the temperature and pressure in the cell, as well as the total composition
of the mixture. First of all, it is necessary to find the state of aggregation of a
substance (liquid, gas or mixture). In the case of a liquid, its density and viscosity
must be calculated. In the case of a gas, it is also necessary to calculate its density
and viscosity. In the case of a mixture, for each state of aggregation, it is necessary
to calculate everything indicated earlier, as well as the composition of the gas, the
composition of the liquid, and the proportion of liquid and the proportion of gas in
the total substance. In traditional physical modeling, this equilibrium is sought as
a solution to a complex system of equations by Newton’s method.

A feature of the considered class of thermodynamic problems is that both the
input and output descriptions contain data on the composition of the mixture. This
type of data is called composite or compositional data [?]. From a mathematical
point of view, the composition vector is a point of a multidimensional simplex. It
should be noted that such data arise not only in problems of physics and chemistry.
Standard ML methods are not able to directly accept sets of features that form a
composition. Such data in the classical formulation of machine learning problems

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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cannot be called independent features, they require a separate approach. Some of
these approaches have been used in this work.

First, for an individual physical problem, the region of inputs of the thermo-
dynamic problem is allocated. Often this is one temperature and a small range of
pressures. Using a traditional physical model, use cases are generated for training
and control. The next step is to train the MO models. It is important that these
models work quickly. It is proposed to transform the feature space for composite
data in order to use known ML models on the transformed data. During the study,
simple machine learning models were trained on transformed precedents, namely,
logistic regression, linear regressions, two-layer fully connected neural networks.

The results of experiments on a number of individual physical problems show
that the trained models provide acceptable accuracy, while the advantage in speed
is significant.

The research is supported by Scientific and educational school of Moscow State
University ”jBrain, cognitive systems, artificial intelligence”;, research work of
Moscow State University 5.1.21, RFBR grant No.20-01-00664. We thank Andrey
Afanasyev and his students for setting the thermodynamic problem and access to
the data of traditional physical modeling.

[1] Aitchison J. The Statistical Analysis of Compositional Data // Journal of the Royal

Statistical Society, 1982.
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B mannoit pabore mpemiaraeTcst METO, PEIIeHUsT 38890 PERIEHTU(DUKAIIAN JTEO-
Jeli ¢ mcrnosab3oBanneM HeHpoHHBIX cerell. CyTh penpeHTH(dhUKAINNT 3aKII0IAETCS B
TOM, 9TO IO JBYM H300Pa’KEHUSIM HEOOXOIUMO OIMPEIEIUTh 3aledaTyieH JIU Ha HUX
OJIVH M TOT K€ 4YeJIOBEK MJiu HeT. PaccmarpuBaeMas 3a/1a4a SBJISETCA IPAKTHIECKH
BasKHOIi, & AJI'OPUTMBI €€ PeIleHUs] HAIILIU IIHPOKOe IIPUMEHEHNE B BUIEOHAJIMTUKE
(B BUICOHAOIIIOIEHNY, 3/1a9aX MAPKETUHIA, AHAJIU3€ CIIOPTUBHBIX MEPOIPUATHUI).

Bsumay Toro, uro pemmentudukanus moapasyMeBaeT paboTy ¢ peaJbHBIMU JaH-
HBIMU, MCCJIEIOBATEISAM, PEIIAIONIM JaHHYIO 33189y, IPUXOIATC CTATKUBATHCS CO
MHOXKECTBOM TPY/IHOCTEH, CBA3aHHBIX C Pa3HOOOpa3MeM CUTYallnil, BOSHUKAIOIINX B
aHAJIU3UPYEMbIX MaccuBax JAaHHBIX. OYEeBUIHBIM IIyTEM IIPEOIOJIEHIs YIIOMSIHY TOM
TPYIHOCTHU SIBJISIETCS 0OYUIeHUe aJIrTOPUTMOB PEeUIeHTU(DUKAIINN Ha BECbMa, KPYITHBIX
BBIOOPKAX, KOTOPBIE MMOTEHITUAIBHO MOTYT MOKPBITH OOIBIIYIO 9aCTh BOZHUKAOIIIX
CIIEHAPUEB B PEAJIHHBIX JAHHDIX.

O/1HAKO TPWBEIEHHBIN BBIIIE MTO/IX0J, UMEEeT HECKOJIbKO ACIEeKTOB, KOTOPBIE Jie-
JIAIOT ero IpUMEeHEHUe MMPaKTUYeCKU HEeBO3MOXKHBIM MJIA CJIUIIKOM 3aTpaTHbIM. Bo-
[IEPBBIX, BHIOOPKA JIOJI2KHA OBITH MaKCUMAaJIbHO PA3HOOOPA3HON KaK C TOUYKH 3PEHUSs
3aIe9aT/ICHHBIX CUTYAIUil, TAK U BU3yaJIbHOI COCTAB/IAIONIEl (OCBeIeHns, Ka9ecTBa,
PaKypcoB U T.n.). BO-BrOpbIX, KaK CJIeACTBUE [EPBOrO aCHeKTa, NAHHBIX IO0JIKHO
OBITH OYE€Hb MHOIO, PEYb UJET O HECKOJIbKNX MUJIJIMOHAX M300paKeHuil, KOTOPHIE
HeOOXO0MMO pa3MedaTh BPYUIHYIO, ITO TpeOyeT IpUBJIeUeHNsT OOJIBIIOr0 YHCIa Pa3-
METYMKOB M IPUBOJUT K KPYIIHBIM JIEHEXKHBIM 3aTpaTaM. B-Tperbux, JaHHbIE JIJIs
pensieHTU(DUKAIIN BEChMa CJIOKHO cOOpaTh M3-3a CHENUMOUKN CaMOl 3a/1a1M.

B cuity ommcaHHBIX BBIIIE 0OCTOSITENIBCTB, B JAHHON PabOTe IPEIjIaraeTcs Me-
TOAMKA cOOpa JAHHBIX U OOyUIEHUS HEHPOCETEBBIX AJTOPUTMOB DEMICHTU(MUKAIIN
Jiojieit ¢ ucnosib3oBanueM self-supervised 1peoOydenus:, IPU3BAHHOIO yMEHBIIUTH
OTPEOHOCTH B OOJIBIINX 00beMaX Pa3MEUYEHHBIX BPYUYHYIO JAHHBIX U YJIYYIIATH Ka-
YECTBO PeIleHns pacCMaTPUBAEMO 3a1a9.

MeTtonpl peneHTuMUKAINT BHEAPSIOTCS B CUCTEMbI BUICOHADIIONCHUSA, T/Ie Ua-
e BCEr0 MPHUXOJUTCH WMETH JI€JI0 C OOJIBIIAMH CKOILUIEHUSIMU JIIOJEH, [MOITOMY B
JTaHHOU paboTe IMpeIaraeTcs MPOU3BOAUTH PEUIEHTHMUKAINIO He B IIOJHBII POCT
JeJIOBeKa, KaK 9TO IPUHATO B KJIACCUYECKHUX IOJXOJAX, & IO JETEKIUsIM BepXHeii

Mesxqynaponaasa kongepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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YaCTH 9eJI0BedecKoro Tejia. CocTosATeIbHOCTh TAKOTO TOAX0/a ObLIa MOTBEPK IEHA

COOTBETCTBYIOIIAMA SKCIepUMeHTaMu B [1].

Self-supervised npenobydenne Tpebyer GOJIBINON U Pa3sHOOOPA3HOI KOJLIEKITUN
n3obpazkeHuii goaeit. B mammoit pabore npeaiaraercs crparerus i ee coopa. C mo-
MOIIIBIO AJIFOPUTMA COPOBOXKIeHUs [1] (TpeKuHIa) cTpoaTcs TPaeKTOPUHU JIBUKEHUS
JIIOJTENl Ha, BUJICO3AIMCIX, COOPAHHDBIX U3 OTKPBITHIX UCTOYHUKOB. Jlajee, NCIOIb3ys
LOJIyYeHHbIe TPACKTODPHUH, IPOUCXOJUT [OCJIeAYIONas Hape3Ka n300pakeHuil (Kpo-
noB) Jrozieil ¢ Kaupos Bujeosanuceil. Ilocie wero Kpomsl Jozelt GUabTpyoOTCeS B
ABTOMATHIECKOM DEXKUME: YIAJSIIOTCsI JIOXKHBIE JETEKIINN, He JBUTAOIINEC B Te€Ue-
HU€ BCETrO BUIEO JIIOIU U T.JI.

IIpemyioxkeHHBII BBIIIE TOAXO] TIO3BOJISET COOMPATH JTAHHBIE MJIs [IPEI00y IeHUs
HePOCeTH U3 OTKPBITHIX UCTOYHUKOB B KPYITHBIX 00beMaX IPAKTHIECKN O€3 yIaCTHs
4JesioBeKa. [Ipudem 3a cdeT MCIOIH30BaHUSA AJITOPUTMa TPEKHHIA MOJIYYE€HHAs BbI-
OOpKa COCTOUT He M3 OTIEJbHBIX M300parkeHuii JIF/eil, a U3 MHOYKECTBA ITPUMEPOB
JIS KaXKJIOTO 9eJIOBEKa, IOMABIIEero B JATaceT, 9TO OJIArONPUSITHO BJIUSIET HA Ka-
9eCcTBO Mpe o0y YeHnst HeMPOHHOW CeTH I 3a1a9n penienTudukannn. Bosee Toro,
€CJIU B34Th B PACCMOTPEHHUE TOT (DAKT, ITO OJHA TPAECKTOPHUS — ITO OJUH IEJIOBEK, TO
VMeeTCs] BO3MOYXKHOCTD B IIOJTHOCTHIO @BTOMATHYECKOM PEXKMME IOy IUTh PA3METKY,
KOTOpasl TaK»Ke MOKeT ObITh IpUMeHeHa Bo BpeMs self-supervised mpegobyuenus.

B pamkax mammHoit paboTh! ObLT0 0TOOpaHo 371 BHIACO ¢ KaMep BUICOHADIIOICHNS,
myOJIMIHO TPAHCAUPYEMbIX B ceTu HTepHeT, 00IIeil mMpoI0/KUTEIbHOCTBIO bostee
2500 gacoB. B Teuenne 2,5 Hemeas Bce Buaeo 006pabaTHIBAINCH COTJIACHO TPUBEICHOMN
BBIIIIE CTPATETUH, M B UTOT'e OBLJIO [TOJIy9€HO OKOJI0 11,5 MUJIJIMOHOB KPOIIOB IIOPSIIKA
980 Thicau moneit. Takum obpazom, ObLI cOOpaH caMblil OOJIBIIO HAOOD JAHHBIX U3
HBIHE M3BECTHBIX JJIs 33/a9l PENHIEHTU(OUKAINN JIFOIEiA.

Bce mosyuennbie mannble ObLIn 3ajeiicTBoBaHbl BO BpeMms self-supervised mpe-
J00yUeHns HeHPOCETH € MCIIOJIb30BAHMEM METOIUKH, npejoxkentnoii B [2]. Iocse
Ipeo0yIeHnsT HEHPOHHAs CETh T000yIaach Ha OTKPBHITOM HabOpe MAHHBIX /I pe-
nneatudukamu MSMT17 [3]. TectupoBaHue Oy IEHHON CETH MPOXOJMIIO HA JIATA-
cere DukeMTMC-relID [4]. To ecTh GbLI0 IPOBEEHO KPOCC-IOMEHHOE TECTUPOBAHUE,
9TO SIBJIsIETCS HAMOOJIee PErpe3eHTATUBHBIM JJIsi aJI'OPUTMOB, KOTOPBIE B Oy IyIiem
ILUTAHUPYETCS UCIIOIb30BATh HA IPAKTHUKE.

Kak wuror, mpemiozKeHHbIil TOIX0/] IO3BOJIAET YJIyYIINTh KA4eCTBO PEUIeHTU(hM-
Kallii C TOYKHU 3PeHusi OOIIENPUHATHIX B JIaHHOIN 3ajade merpuk Rank; m mAP
U YCKOPHUTH BpeMsi JI000yUYeHHUsI HEAPOCeTH I10j] KOHEUHYIO 3aJ/1a9y 110 CPABHEHUIO C
JloobyvIeHreM BecoB, MOJIyUeHHBIX B supervised-pexkume Ha jgaracere ImageNet [5]
JUIsE KJIACCH(DUKAINY, KAK 9TO [IOIPa3yMeBaeT OOJIBITHHCTBO APYTUX METOJIOB.

[1] T. Mamedov, D. Kuplyakov, A. Konushin Queue Waiting Time Estimation Using
Person Re-identification by Upper Body // Proceedings of the 31th International
Conference on Computer Graphics and Machine Vision, Nizhny Novgorod: CEUR
Workshop Proceedings, 2021. — pp. 464-474.
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[2] X. Chen, H. Fan, R. Girshick, X. Chen Improved Baselines with Momentum
Contrastive Learning // CoRR, 2020.

[3] L. Wei, S. Zhang, W. Gao, Q. Tian Improving person re-identification by attribute and
identity learning // Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), Long Beach: CVPR, 2019. — pp. 2138-2147.

[4] R. Ristani, F. Solera, R. S. Zou, R. Cucchiara, C. Tomasi, Performance Measures and
a Data Set for Multi-Target, Multi-Camera Tracking // CoRR, 2016.
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In this paper, we propose a method for solving the problem of person re-
identification using neural networks. The essence of re-identification is that it is
necessary to determine from two images whether the same person is depicted on
them or not. The problem under consideration is practically important, and al-
gorithms for its solution have found wide application in video analytics (in video
surveillance, marketing tasks, analysis of sports events).

Due to the fact that re-identification involves working with real data, researchers
solving this problem have to face many difficulties associated with a variety of situ-
ations arising in the analyzed data. The obvious way to overcome this difficulty is
to train re-identification algorithms on large dataset that can potentially cover the
majority of emerging scenarios in real data.

However, the above approach has several aspects that make its application prac-
tically impossible or too costly. Firstly, the dataset should be as diverse as possible
both in terms of captured situations and the visual components (lighting, quality,
angles, etc.). Secondly, as a consequence of the first aspect, there should be a lot
of data, we are talking about several million images that need to be marked up
manually, which requires the involvement of a large number of markers and leads to
large monetary costs. Thirdly, re-identification data is very difficult to collect due
to the specifics of the task itself.

Due to the circumstances described above, this paper proposes a methodology for
data collection and training of neural network algorithms for person re-identification
using self-supervised pre-training designed to reduce the need for large amounts
of manually marked data and improve the quality of solving the problem under
consideration.

Methods of re-identification are being introduced into video surveillance systems,
where large crowds of people most often have to deal with. Therefore, in this paper
it is proposed to perform re-identification not by a full-body detections, as is done
in classical approaches, but by the upper part of the human body detections. The
validity of this approach has been confirmed by relevant experiments in [1].

Self-supervised pre-training requires a large and diverse collection of images of
people. In this paper, a strategy for collecting it is proposed. With the help of
the tracking algorithm [1], the tracks of the movement of people are built on video
recordings collected from open sources. Next, using the obtained tracks, images of
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people are cropped from video frames of video recordings. After that, the crops of

people are filtered automatically: false detections and cases when people not moving

during the whole video are removed, etc.

The approach proposed above makes it possible to collect data for the pre-
training of a neural network from open sources in large volumes practically without
human participation. Moreover, due to the use of the tracking algorithm, the result-
ing dataset doesn’t consist of individual images of people, but of many examples for
each person who got into the dataset, which favorably affects the quality of neural
network pre-training for the task of person re-identification. Additionally, if we take
into consideration the fact that one track is one person, then it is possible to obtain
markup in a fully automatic mode, which can also be applied during self-supervised
pre-training.

As part of this work, 371 videos from surveillance cameras publicly broadcast
on the Internet were selected, with a total duration of more than 2500 hours. For
2.5 weeks, all videos were processed according to the strategy above, and as a re-
sult, about 11.5 million crops of about 980 thousand people were obtained. Thus,
the largest dataset currently known for the task of person re-indentification was
collected.

All the data obtained were used during self-supervised neural network pre-
training using the methodology proposed in [2]. After pre-training, the neural net-
work was fine-tuned on an open dataset for re-identification MSMT17 [3]. The
resulting neural network was tested on the DukeMTMC-relID [4] dataset, i.e. cross-
domain testing was carried out, which is the most representative for algorithms that
are planned to be used in practice in the future.

As a result, the proposed approach makes it possible to improve the quality of re-
identification from the point of view of the Rank; and m AP metrics, which generally
accepted in this task, and to speed up the time of fine-tuning the neural network for
the final task compared with fine-tuning the weights obtained in supervised mode
on the ImageNet [5] dataset for classification, as most other methods imply.
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ViyuduieHne Kpocc-KoppesiAALMOHHOrO aHaan3a C NOMOLLLbIO
npeobpa3oBaHnsl NUKCENbHOW TEKCTYpPbl N300pa>keHnii
mMeTtogamu rnybokoro obyueHust n Busyanusauus
KPYNHO-BOIHOBOW pnbpnnnaumm Ha OTKpbITOM cepgle

1

Manauanesa dapva Baadumuposra daria.mangileva@urfu.ru

'ExarepunGypr, Ypanbckuii dbeaepaibHblii yHEBEPCHTET HMEHY IIEPBOTO IPE3HICHTA
Poccun B. H. Enpuuna (Yp®V)

Kpocc-koppensarumonnbiit aHam3 n300parkKeHuil SBIseTCsT O9eHb BaXKHOM COCTAB-
JISIIOTTIEN BO MHOTUX €CTeCTBEHHOHAYIHBIX o0acTsax. OHaKO, s IOy IeHUsT Kade-
CTBEHHON MH(MOpPMAIIUU O IOJISAX CMEIIEeHUs] TEKCTypa U300pakeHuil JT0JKHA OBbIThH
JIOCTATOYHO DPa3HOpOjHAs. VIMEHHO MOITOMY HMCCIIEI0BATENN CTAPAIOTCH IIOJI0TO-
BUTBH SKCIIEPUMEHTBHI TAKUM 00Pa30M, 9TOOBI MTOIYYUTH KAJIPbI C COOTBETCTBYIOIIAM
BUJIOM, IPUMEHSST PA3JIMIHOTO posia MapKepbl. OIHAKO, 9TO HE BCETJIA SABJISETCSI BO3-
MO2KHBIM. TaK, HAIIPUMED, B KAP/IUOJIOIUU IIPU UCCIEIOBAHUU IOBEPXHOCTH OTKPBI-
TOr0 OBIOIIETOCs CEP/IIA, XUMIUIECKOe WU MEXaHUIECKOe BMEIaTe/IbCTBO Ha MsITKIe
TKaHU MOYKET IOBJIMATH HA TEYeHUE eCTECTBEHHBIX JIEKTPO-MEXaHMIECKUX IIPOIEC-
coB. B mammoit pabore 6bL1a pa3paboraHa HOBas cxeMa TTyOOKO HEefpOHHOM cerw,
oOydaroras 6e3 yauTeist, KOTOpasi CIIoCOOHA U3MEHUTD TEKCTYPY M300parKeHUsT JIJIst
oIy deHusi boJiee TOCTOBEPHOI MHMOPMAIUH C ITOMOIIBIO KPOCC-KOPPEIAIMOHHOTO
anasm3a. C IOMOIIBIO JAHHOTO METO/IA YJIAJIOCH 3aUKCUPOBATH MEXAHUIECKYIO CITH-
PaJIbHYIO BOJIHY Ha 3MHUKAP/Ie B T€UEHNEe HECKOJbKUX MUJIIUCEKYH/I.

B ocnoBy paborsl, pazpaboTaHHON B JTAHHOM UCCJIEIOBAHUN HEHPOHHON CeTH, 3a-
KJIIOYEHBI TEXHOJIOTMH TO3UIMOHHOTO KOJIMPOBAHUsI, KOTOPbIE C HEJIABHUX BPEMEH
Hada/d [IPUMEHATHCH JJI MHOrOC/IOHHbIX neprentponos (MII) [1]. Cxema riy6o-
KOIi HefpoHHOI ceTn m300parkeHa Ha pucyHke 1. OHa coCcTOUT U3 JBYX OCHOBHBIX
KOMITOHEHTOB, sBJsttomuxca MIT — remeparopa cerok (I'C) u remeparopa uzobpazke-
uuit (I'N) [3]. B I'C nocrynaer HeedopMupoBaHHOE 1oJ1e KOOPAUHAT (X,y) (mpsimast
CeTKa) M BBIXOAUT TI0Jie ¢ HeoOxoaumMoit aedopmanueit (nedopMupoBannast ceTka), a
I'", na ocHOBe maHHBIX 1OJIEl, reHepupyeT n3obpaxkenune. Vzobpaxkenus I, u I,41
510 ucxonuble n3obpaxkenusi. Cruepsa ' obyuaercs renepuposarts I, a I'C - meje-
dOPMUPOBAHHOE T0JIE. DTOT STAIl BaKEH B IIEPBYIO OYEpEb JIJIsi MHUIUAIUBAIUN
BecoB. Jlajsiee reHepaToOp CETOK CTPEMUTCS TIOIATH TAKYIO 1eOPMUPOBAHHYIO CETKY,
4TOOBI reHepaTop N300paskeHnit BbIJAJ ceyoniee ndobpaxenue I, 1. [Tocse sToro
I'"l HemHOTO TIEPEOOYIAETCST, COIIOCTABIISAS MPAMYIO CETKY y2Ke ¢ N300paKEeHUuEM I10-
xokuM Ha rayccos 1yM (I;). Tak monydaercs nepBoe TpancdopMupoBaHHOE H300pa-
»kenue I) . 3aBepInarommm 3Tamnom siBjisieTcst nogada gedopmuposanHoii cetku B ',
KOTOPEIT BBIaeT I, | |, MMeomuil Buj rayccosa mymMa. I}, i I, | ABISIOTCS UTOrO-
BBIM IIPOJIyKTOM JIAaHHOU TIyOOKOIl HENPOHHOI ceTr, KOTOPhIE UMEIOT CXOXKYIO J1epop-
MAaIIIO C UCXOIHBIMU M300parKeHUsIMU, HO, UHYIO, 00JIee PA3HOPOIHYIO TTUKCEJIbHYIO
TEKCTYPY, CIOCOOCTBYIOILYIO 00JIee KAIECTBEHHOMY KPOCC-KOPPEJIAIINOHHOMY AHAJIH-

3y.
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Puc. 1. Cxema riny6Gokoii HEHPOHHON ceTn, pa3paboTaHHAsA B JAHHOM UCCJIEIOBAHUN

TecTtupoBanne HOBOI cxeMbl HEPOHHONI CETH MPOU3BOAMIOCH C MOMOIIBIO CHH-
TEeTUIECKNX M300ParKeHWil C Pas3sHOil CTENeHbIO PA3HOPOTHOCTH W YACTOTON TOJIei
CMEIIeHN i, IOy YeHHBIX C OMOIIBIO OTKPBITHIX Gubsinorek Ha Python: muDIC [4] u
GSTools [5]. Jast mokaszaTenbeTBa 3(DhOEKTUBHOCTH TPEIIOKEHHOTO METO/IA MCXO/I-
Hble W300parkeHusi 00padaTHIBAIUCEH JABYMsi KPOCC-KOPPEJISITMOHHBIMU METOJAMEI —
PIV[6] u DIC[7], a 3arem Ta e upomemaypa IPOBOJWIACH U JIJIsl, CT€HEPUPOBAHHBIX
HEeIPOHHOIT ceThio, n3obpazkeruii. CpaBHEHIE TPOBOIMIIOCEH C TOMOIIBIO CPETHEKBAI-
patuueckoii ook (RMSE). IIposeeHHBIE NCTIBITAHNS TIOKA3AJIN, ITO IPUMEHEHUEe
HEIPOHHON CeTH JIaeT BBIMIPBINI B OIMUOKE IPH OIPEIEJIEHUN HOJIeil CMEINeHUsT BO
BCEX CJIyYasX 38 WCKJIFOUYEHWEM, KO/ WCXOIHAsl TEKCTYpa M300pParKeHUsl yiKe JI0-
CTATOYHO PA3HOPOJIHAS.

ITocne mpoBeseHHOrO TECTUPOBAHWS, CO3JAHHAS B JAHHON DabOTe HEHPOHHAs
ceTh, ObLIA TPUMEHEHA Ha peabHbIe N300payKeHnsT OTKPBITOT0 OBIOIIEroCs CEPIA BO
BpeMst GUOPUIIIATINT ¢ HI3KO PA3HOPOIHOM TeKCTypoit. PucyHok 2 moka3siBaeT moJist
CMeIIeHNsI B BHUJIe CTPUMJIATHOBBIX I'Pa(UKOB JIJIs CIydasi C UCIIOJb30BAHUEM TPl
soxennoro mMeroza (a) u 6e3 (b) (PIV ucnonb3oBasics mjist KpOCC-KOPPETIAMOHHOTO
anasm3a). [lpu npuMeHeHnn HEHPOHHON CeTH MOYKHO Pa3IJIsiZeTh KPYIIHO-BOJIHOBYIO
MeXaHUIeCKY0 CIUPAIBbHYIO BOJHY, KOTOPast BOSHUKAET B Havase dubpusuismun |7],
zaperucrpupoBannoit Ha KT, B orsinane or ciydas 6e3 npenodbpaboTku n3obpazke-
HUsI JAHHBIM METOJIOM.

Takum o00pa3oM, B TEKyIIEM HCCJIEJIOBAHUN, CO3JAHHAs CXeMa IJIyOOKOi
HEHPOHHOI ceTH, OKazasach 3S(PMOEKTUBHON [UIsi YIyUIIeHUsS KadecTBa KpPOCC-
KOppessanonHoro anajin3a. C MOMOIIBIO Hee MPEJIToIOKUTEILHO YAAIOCH 3a(uK-
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Puc. 2. CrpumiaitHoBble rpadukn mojeil CMelenne MsATKUX TKaHel OTKPBITOTO CEPIa

CUPOBATh MEXAHUYECKYIO CIIMPAJIHHYIO BOJHY B T€UYEHHE HECKOJTbKUX MUJIIACEKYH]T,

9TO MOYXKET IIOMOYb 0oJiee yriryOJIeHHOMY TOHUMAHUIO TPUPOALI (DUOPUILIATIAIA.
WccnenoBanme BbIOHEHO TPHU (bUHAHCOBON momep:kke MunncrepcTBa HayKu

u BBICIIero obpasosanus Poccuiickoit Pemeparuu B pamkax [IporpamMMbl pa3BuTus

Ypasbckoro degepabHOTO yHUBepcuTeTa nuMenn repsoro [Ipesugenta Poccun B.H.

Enpnuna B COOTBETCTBUU € MPOrPAMMON CTPATETHYECKOT0 KA IEMUYECKOTO JIUJIEP-

crBa "TIpuopurer-2030".
s pacgeroB ucnosb3oBasicsa cynepkommbiorep "YPAH"s UMM YpO PAH.
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Improving cross-correlation analysis using deep learning pixel
texture transformation and visualization of large wave fibrillation
in the open heart

Mangileva Daria' daria.mangileva@urfu.ru

!Ekaterinburg, Ural Federal University named after the First President of Russia B. N.
Yeltsin

Cross-correlation analysis of images is a very important component in many nat-
ural sciences. However, to obtain high-quality information about the displacement
fields, the texture of the images must be sufficiently heterogeneous. Thus, researchers
usually seek to prepare experiments in such a way as to get frames with the appropri-
ate heterogenous texture, using various markers. However, it is not always possible.
For example, in cardiology, when examining the surface of an open beating heart,
chemical or mechanical intervention on soft tissues can affect the course of natural
electro-mechanical processes. In this work, a new unsupervised deep neural net-
work scheme was developed that enable to change the texture of an image to obtain
more reliable information using cross-correlation analysis. Using this method, it was
possible to catch a mechanical spiral wave in epicardium within a few milliseconds.

The unsupervised deep neural network that developed in this study is based
on the technology of positional coding for multilayer perceptrons (MLP) [1]. The
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Fig. 1. Scheme of the deep neural network developed in this study

scheme of the deep neural network is shown in Figure 1. It consists of two main
MLP components a grid generator (GG) and an image generator (IG) [3]. An non-
deformed field of coordinates (x,y) (straight grid) is the input of the GG and a field
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with the necessary deformation (deformed grid) is the output of GG. Thus, the GI,
based on these fields, generates an image. The images I,, and I, 1 are the initial
images. First, the IG is trained to generate I,,, and the GG is trained to generate
an straight grid field. This step is important first of all for the initialization of the
scales. Next, the grid generator seek to simulate such a deformed grid that the image
generator produces the following image I,, 1. After that, the IG retraines a little in
such a way that the straight grid compares with the image similar to Gaussian noise
(I;). As a result, transformed image I, is obtained. The final step is to feed the
deformed grid into the IG and it produces I}, ,; which looks like Gaussian noise. I},
and I}, are the final product of this unsupervised deep neural network. They have
a similar deformation with the initial images, but more heterogeneous pixel texture
that contributes to better quality of cross-correlation analysis.

Testing of the novel neural network scheme was carried out using synthetic images
with varying degrees of pixel heterogeneity and frequency of displacement fields,
obtained using open libraries in Python: muDIC [4] and GSTools [5]. To prove the
effectiveness of the proposed method, the original images were processed by two
cross-correlation methods - PIV[6] and DIC[7], and then the same procedure was
carried out for the images generated with the unsupervised deep neural network.
Comparison was performed using root mean square error (RMSE). The tests have
shown that the applying of a neural network gives a gain in the error for determining
the displacement fields in all cases, except when the initial image pixel texture is
already quite heterogeneous.

2
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Fig. 2. Streamline plots of open heart soft tissue displacement fields

After testing, the neural network created in this work was applied to real images
of an open beating heart during fibrillation with a low heterogeneous texture. Figure
2 shows the displacement fields as streamline plots for the case where proposed
method was used (a) and without it (b) (PIV was used as cross-correlation method).
In the first case, one can see a large mechanical spiral wave that occurs at the
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beginning of fibrillation [7] recorded on the ECG, in contrast to the case without

image preprocessing with proposed the neural network.

Thus, in the current study, the created unsupervised deep neural network scheme
proved to be effective in improving the quality of cross-correlation analysis. With
the help of it, it has become possible to fix a mechanical spiral wave within a few
milliseconds that can help to better understand the nature of fibrillation.

The research funding from the Ministry of Science and Higher Education of
the Russian Federation (Ural Federal University project within the Priority-2030
Program) is gratefully acknowledged.
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MporHo3upoBaHue BnusaHua nangemun COVID-19 Ha
YesoBeYeCKUit KanuTan pernoHa C NOMOLLbIO a/ifOPUTMOB
rnybokoro oby4eHus

Kawupura Hpura JleonudosHax kash.irina@mail.ru
Bondapenro FOaus BasenmunosHa bond.julia@mail.ru

Bopomne:x, Boponexkckuil rocyjapCTBEHHBIN YHUBEPCUTET

Bo Bpemsa mamgemun COVID-2019 ma pbiHKe Tpyaa Tpow3onum TyIOOATbHBIE U
CYIIECTBEHHBIE M3MEHEHWs, UTO IPUBEJIO K IEPEOIEHKEe YeJIOBEUeCKOrO KAIUTaa.
[Maungemus COVID-2019, koropasi oxBaTujia BeCb MUp, TpaHchopMupoBaja (pyHK-
[IMOHMPOBAHNE MHOIUX CDEP IeATETHHOCTH, CYIIECTBEHHO YBEJIMYUB JOJII0 JIMCTaH-
[IMOHHO BBINOJIHSIEMBIX paboT. B yc/ioBusiX maHaeMun 3HAYUTEIHHO BO3POCTIU Tpe-
OoBaHUS K ODOCHOBAHHOCTHM CTPATEIMYECKUX PEIIEHUil, MPUHUMAEMBIX B 00JacTh
VIPABJIEHUST YeJIOBEUYECKUM KanuTajoM. [IpuHnMaeMble B TIEpUOJT TAHJIEMUN Pellie-
HUSI JIOJIZKHBI YIUTBIBATH JOCTOBEPHBIE MTPOTHO3BI PA3BUTHS SIIHIEMUOJIOTUIECKON
CUTYallud B OT/IEJIbHBIX PErMOHAX U CTPaHe B IejoM. IIpu 3ToM GOJIBIION MOILYJIsIp-
HOCTBIO IIPU MOJIEJIMPOBAHUY SIUIEMUAOJOITIECKHUX IIPOIECCOB B IIOC/IEHEE BPEMSI
MTOJTB3YIOTCS AJITOPUTMBI MAITAHHOTO OOy YeHNs, KOTOPBIE CAMHU CIIOCOOHBI HAXOIUTD
3aKOHOMEDPHOCTH U AIIPOKCUMUPOBATH 3aBUCHMOCTH, OIMMUPASICH Ha, NUMEIOILyIocs Oa-
3y Habmonenwit [1, 2, 3, 4, 5|. st o6yv1eHns Takux Mofieseil n pa3spaboOTKU TOTHBIX
[IPOrHO3HBIX HHCTPYMEHTOB HEOOXOINMO [TPUMEHEHNUE JIeNePCOHN(DUIIMPOBAHHBIX 06a3
MEJIUIIMHCKUX JIAHHBIX, & TaKKe BbISBJIEHUE JOMOJHUTEIbHBIX (DaKTOPOB, KOTOPHIE
OKa3bIBAIOT BJIMSHME HA Pa3BUTHE SIIHJEMHOJOrnIeckoro mnporecca [3]. Takum 06-
pa30M, B HACTOSAIIEE BPEMs CYIIECTBYeT HEOOXOINMOCTb B pa3pabOTKe MHTEJIIEKTY-
AJIBHBIX MTOJIXOJIOB K MCCJIEIOBAHUIO PA3JUIHBIX ACIIEKTOB PACIIPOCTPAHEHUS JIUIe-
mun COVID-19 B paspese ux BJIMsHUs HA, Y€JIOBEUYECKUN KAIIUTAJl HA PEMMOHAJBHOM
YPOBHE.

IIporecc pazpaboTku 110I0OHBIX ITOJIXO/IOB MOXKHO Pa30UTh Ha CJIEYIONIHE STAIIBL.

1. PazBemovunblit anaan3 JaHHDBIX, BKJIIOYAIONINI BbISIBJICHUE U UCCJIEIOBAHUE TTPHU-
3HAKOB, OKa3bIBAIOIINX BiMsiHUs Ha pacipocrpanenue COVID-19.

2. PazpaboTka MHCTPYMEHTOB KPATKOCPOYHOI'O U JIOJTOCPOYHOIO ITPOTHO3UPOBAHMSE
JAWHAMAKA BOJIH PACIIPOCTPAHEHUs SMUJIEMUN C IPUMEHEHWEeM TMOPUIHBIX Heli-
POCETEeBbIX TEXHOJIOTUIl MOASJIUPOBAHNSA HEJINHEHHBIX 3aBUCUMOCTEN.

3. PazpaboTka MHCTPYMEHTOB IIPEJICKA3aHUS PErNOHAJIBHOIO YPOBHS MAaCCOBOCTU U
TS2KECTHU MIPOTEKAHUSI UIEMUOJOTUIECKOTO IIPOIECCa C YIETOM aHAIN3a TPAEK-
TOPUU JUHAMUKH Pa3BuTus 3abojeBanusi B Poccun B mesiom.

B kadecrBe MCXOIHBIX JIAHHBIX JJIsl IIOCTPOEHMS MOJIEJIell MAIIUHHOTO O0yde-
HUsl B JIAHHOM WCCJIEJIOBAHUN MCIIOJIb30BAJICS HAOOD JeepCOHM(DUIINPOBAHHBIX JTaH-
HBIX, IIPEIOCTABJIEHHBIX BOPOHEKCKUM OOJIACTHBIM KJINHUYIECKUM KOHCYJIBTATUBHO-
nuarnocrudeckuM nearpom (BOKKIIIT), srinouaomuii nanneie 060 Beex TP Te-
crax Ha, COVID-19, koropbie O6bLIH TPOBEJIEHBI B BopoHekckoit 0bracTu B epuo/t

Mesxqynaponaasa konpepennus UOHU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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¢ mapra 2020 roma o ceutssdbps 2022 roma. Jlaracer comepKUT CJieLyIONe MoKa3a-
TeNn: YHUKAJIbHBIN id mamuenTa; 11oj; Bo3pacT; 1aTa 3abopa TecTa; Pe3yIbTaT TecTa
(MOJIOXKUTEILHBIA UM OTPULATE/IbHBIN ); paiton Boponexkckoii 06/1acTu, B KOTOPOM
[IPOXKMUBAET TAIMEHT; MEIUIMHCKAsT OPraHUu3allisi, KOTOpas ITPOBOJINIA TECTHPOBa-
HUe; TeCT CJaH amMOyJIaTOPHO WA B CTAIMOHApE; OBLI JIM TECT CIaH B OJHOM U3
CTAIMOHAPOB, B KOTOPbIE HAIIPABJIAIOTCH IPEUMYIIECTBEHHO MAIIMEHTHI C TIYKEeIbIMI
ciydasiMu 3a00JIeBAHUS; 3aPErUCTPUPOBAHbBI JIM Y JAHHOIO IAIMEHTa OCJIOXKHEHUS
nocse neperecéranoro 3aposepannsgs COVID-19, cocTonT i mamuenT Ha JUCHAHCED-
HOM ydetre ijis peabusmraruu nocjie COVID-19, 6bu1 sin nanuenT npusut 6oJiee 2
HeJleNIb Ha3al. ba3a JaHHBIX MOCTOSHHO momnosnsercsa. Ha 1 cenrabps 2022 roma oHa
cozepkaaa bosee 2.3 MUJIIMOHA 3aIlMCeil, BKJIIOYAIONIAX CBEJICHUS O PE3YIbTATAX
IIITP recrupoBanus 998 ThICAY YHUKAILHBIX HAIINEHTOB.

CorytacHo 3HaueHusiM B crosibie “Ilos”, ucxomubiii qaracer cogepzkut 60 mporeH-
ToB keHmuH U 40% My>K4MH, TO €CTh >KEHIIUHBI B BOpOHEXKCKOI 06IacTu claroT
IIIIP TecThl B moJiTOpa pa3a dalle, YeM MYKYIUHBI. Ecjim paccMOTpeTh TOJIBKO CITy-
9am MOJIOKUATEBHBIX TECTOB, TO CPEIN HUX IPOIOPINHU Takue ke — 60 mporeHToB
xerrmuH u 40 nporenTos Myk4anH. VICXO[s U3 9TOr0 MOXKHO CIEJIATH HIPEIIIOJIONKe-
nue, 4aro 3aboaesaemoctb COVID-19 He 3aBucuT ot moJia.

Cpeauii BO3pacT MHallMeHTa B WCXOJHOM Jaracere cocrasjsierT 44 roja, cpeian
marerToB ¢ [IIIP+ 47 jer. Pacupenenenue 3a6071€Ba€MOCTH 110 BO3PACTY ABJISTFOTCS
OMMOJIAJIBHBIM — MIEPBBIN MUK TPUXOAUTCH Ha Bo3pact 35 — 40 jer, Bropoit — 60 — 65
JIeT.

Brutn uccsieoBanbl ciiydan IIOBTOPHBIX 3a00JI€BaHUl, YTOOBI MOHATH, KAK X
YYUTBIBATH B MOJIEJISIX IIPOrHO3UPOBAHMS JTUHAMUKY 3abosieBaemocTu. CpejHee 3Ha-
JeHUe MIEPUOJIa MKy TOBTOPHBIMU 3a00/IEBAHUSIM COCTABJIsIeT 282 JIHS CO CPEIHUM
KBaJIpATUIECKUM OTKJIOHEeHWeM B 129 mHeit.

J1s1s1 BBISIBJIEHUS JTOTIOJIHUTE/ILHBIX IPU3HAKOB, OKA3BIBAIOIINX BJIMSHUE HA PAC-
[IPOCTPAHEHNE TAHJIEMUN, OBLI MPOBEEH KOPPEJSIMOHHBIN aHAIN3 B3aUMOCBI3U
Mexky caydasmMu COVID-19 u HekoropbIMu BHemHMMEH akTopaMu. st ones-
KU KOPPEJISIIIUU OBbLJIN PAaCCMOTPEHBI TaKWe XapaKTEPUCTUKY, YUCJIO HOBBIX CJIyJYAeB
IIIIP+ B onpeneneHHblit geHb B BopoHE:KCKO 00JACTH, CKOIL3AIINE CPEIHUE JIJIs
TeMIIepaTypbl, KOJIMIECTBA OCAJIKOB 1 HOBBIX ciay4daeB I[P+ 3a mpemmecTrByiomnyo
HEJIEJII0, IICJIO AKTUBHBIX CJIYIaeB B IIPEIBLIYIIII I€HDb, & TAK2KE KOJTMIECTBO 3AIIPO-
COB TIO TIOUCKOBBIM cjioBaM “‘Jleuenue koponapupyca’, “Covid” u “BbizBaTh ckopyio”
3a MPEJIIIIECTBYIONIYIO HEJIETIO.

Crarucruka 3ampocos ObLIa B3dTa ¢ caiiTa https://wordstat.yandex.ru. Bo
Bpems maugemun COVID-19 6b110 OmyOJIMKOBAHO HECKOJIBKO HCCJIEIOBAHMIL C UC-
[IOJTb30BAHNEM BEO-JAHHBIX, KOTOPBIE MOKA3aJHM, UTO JAHHBIE BBIJAYN ITOMCKOBBIX
CHCTEM MOTYT OBITH IIOJIE3HBI JJIsI TPOrHO3UPOBAHUSA TAJbLHENINEr0 PA3BUTUS SIIUIE-
mun [3]. Ilpu aHammse cBsi3u 3a060JI€BAEMOCTH C UUCJIOM MOMCKOBBIX 3aIIPOCOB OBLI
OOHApyKeH MHTEPEeCHBIN (akT- MUKH B 3ampocax, cBs3aHHbix ¢ COVID mpowucxo-
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mm 3a 3 — 5 Hel 0 TOro, KakK JOCTUIaJjICs UK 110 HOBBIM 3a00JIeBIINM B Oa3e

IIIIP-recToB.

MeTteoposoruieckue JJaHHbIE aHAJIU3E OBLIN UCIIOJIH30BAHBI IOTOMY, UTO B IIPEIhI-
JIyIIUX UCCJIEIOBAHUSX OBIJIO OTMEYEHO, UTO OHHU TOXKE MOLYT OKA3BIBATH BJIUSIHUE
Ha 3a00s1eBaeMOCTh [2].

Camast cuyibHasT KOPPEJIATIUs IUCIa 3aD0JIEBIINX B OIPE/ICJICHHBIN JIeHb HADJIIO-
JTaeTCsl ¢ IUCJIOM 3aD0JIEBIINX PAHeE U YMCJIOM aKTUBHBIX cirydaeB. OHAKO Bee mepe-
YHCJIEHHBIE BBIIIE TTOKA3aTEIN 0KA3aJUCh 3HAYMMBbI, BKJIIOUasl TEMIIEPATYPY U KOJIH-
9eCTBO OCAIKOB. 11 IOCTpOeHUST MOJIE TN ITPOTHO3UPOBAHUS JTUHAMUKH PACIIPOCTPa-
umerust COVID-19 B BopoHekckoM permone ucrosib30BaIach THOPUIHAS MOJIEIIb TUTy-
OOKOro 0OyUeHNsI, KOTOPas BKJIIOYAET PEKYPPEHTHBIE CETH JO0JINOM KPATKOCPOIHOM
namaru (LSTM), nossodistiomnue Ha BXOJI€ MOJIEJIM UCIIOJIB30BATH HECKOJIBKO BPEMEH-
HBIX PsJI0B, IIPDU 3TOM IIPU3HAKHU U3 BPEMEHHBIX PsJI0B aBTOMATUYECKH U3BJIEKAIOTCS
¢ TIOMOIIBIO cBepTovHON HeifiporHoit cetn (CNN).

Cpennss abCcoOTIOTHAS OIMMOKA, PACCUMTAHHAs JJI MIPOrHO3a AWHAMHUKHU Ha 15
nuett Buepen, cocrapmwia = 40.8. CpeHsist mpolieHTHAST OMUOKA IS 9TOTO XKe ITePH-
oma cocrasuia P = 5%, To ecTh IPOrHO3HOE 3HAYCHHE B CpeaHeM Ha 5% OTKJIOHAIOCH
OT PeaIbHOTO.

TlocTpoennast MOJIETb MOYKET OBITH UCIIOJIH30BAHA, JJIsl IPUHATUST CBOEBPEMEHHBIX
YIPABJISIONINX PEIIeHN, HAIIPDABJIEHHBIX Ha CHUXKEHHE HETaTUBHBIX I1OCJIEICTBUMN
MAHJIEMIN Ha dejIoBedecKmit Kanmurtas. lIpakTmdeckoe 3madenme Mojeseil TpPOTrHO-
supoBanus ciaydaes nadurupoarns COVID-19 mist ynpasiieHus pa3BUTHEM Y10~
BEYECKOr'0 KAIMTAJIa BKJIIOYAET B Ce0sl OIEHKY XapPaKTEPUCTUK MAHIEMUM IS JIaH-
HOTI'O TIPOTHO3UPYEMOT'O IepU0/ia U MECTHOCTH, CIIEHapPHOE IIAHUPOBAHUE B CEKTOPE
YIIpaBJIEHUS] PETMOHOM, ONTUMUIAIINIO MOJIeJIENl W OIEHKY KOPPEJSINN Pa3IUIHbIX
$aKTOPOB ¢ AMHAMHKOIT 3a00JI6BAEMOCTH.

Hcenedosanue svinoarnerno npu noddeporcke PODU, npoexm No. 19-29-07400.
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Predicting the impact of the COVID-19 pandemic on the human
capital of the region using deep learning algorithms

Kashirina Irinax kash.irina@mail.ru
Bondarenko Julia bond.julia@mail.ru

Voronezh, Voronezh State University

During the COVID-2019 pandemic, global and significant changes took place in
the labor market, which led to a revaluation of human capital. The COVID-2019
pandemic, which has swept the whole world, has transformed the functioning of many
areas of activity, significantly increasing the share of remote work. In the context
of the pandemic, the requirements for the validity of strategic decisions taken in
the field of human capital management have increased significantly. Decisions made
during a pandemic should take into account reliable forecasts for the development
of the epidemiological situation in individual regions and the country as a whole.
At the same time, machine learning algorithms, which themselves are able to find
patterns and approximate dependencies based on the existing observational base,
have recently become very popular in modeling epidemiological processes [1, 2, 3,
4, 5]. To train such models and develop accurate predictive tools, it is necessary to
use depersonalized medical databases, as well as to identify additional factors that
influence the development of the epidemiological process [3]. Thus, there is currently
a need to develop intelligent approaches to the study of various aspects of the spread
of the COVID-19 epidemic in terms of their impact on human capital at the regional
level.

The process of developing such approaches can be divided into the following
stages.

1. Exploratory data analysis, including the identification and study of signs that
affect the spread of COVID-19.

2. Development of tools for short-term and long-term forecasting of the dynamics
of epidemic spread waves using hybrid neural network technologies for modeling
non-linear dependencies.

3. Development of tools for predicting the regional level of mass and severity of the
epidemiological process, taking into account the analysis of the trajectory of the
dynamics of the development of the disease in Russia as a whole.

As input data for building machine learning models in this study, we used a set
of depersonalized data provided by the Voronezh Regional Clinical Consultative and
Diagnostic Center (VOKKDC), which includes data on all PCR tests for COVID-19
that were carried out in the Voronezh region since March 2020 to September 2022.
The dataset contains the following parameters: unique patient id ; floor; age; date of
sampling; test result (positive or negative); the district of the Voronezh region where
the patient lives; the medical organization that conducted the testing; the test was
passed on an outpatient basis or in a hospital; whether the test was passed in one of
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the hospitals, which are referred mainly to patients with severe cases of the disease;
whether this patient has complications after suffering COVID-19 disease, whether
the patient is registered for rehabilitation after COVID-19, whether the patient
was vaccinated more than 2 weeks ago. The database is constantly updated. As of
September 1, 2022, it contained more than 2.3 million records, including information
about the results of PCR testing of 998,000 unique patients.

According to the values in the “Sex” column, the original dataset contains 60
percent of women and 40% of men, that is, women in the Voronezh region take PCR
tests one and a half times more often than men. If we consider only cases of positive
tests, then among them the proportions are the same - 60 percent of women and 40
percent of men. Based on this, it can be assumed that the incidence of COVID-19
does not depend on gender.

Average age of the patient in the original dataset is 44 years, among patients
with PCR+ 47 years. The distribution of incidence by age is bimodal - the first
peak occurs at the age of 35 — 40 years, the second - 60 — 65 years.

Cases of recurrent illnesses were investigated to understand how to account for
them in models for predicting the dynamics of morbidity. The mean relapse interval
is 282 days with a standard deviation of 129 days.

To identify additional features that affect the spread of the pandemic, a corre-
lation analysis of the relationship between cases of COVID-19 and some external
factors was carried out. To assess the correlation, the following characteristics were
considered: the number of new PCR+ cases on a certain day in the Voronezh re-
gion, moving averages for temperature, precipitation and new PCR+ cases for the
previous week, the number of active cases on the previous day, as well as the num-
ber of requests for search words “Coronavirus treatment”, “Covid” and “Call an
ambulance” for the previous week.

Query statistics were taken from the site https://wordstat.yandex.ru. During
the COVID-19 pandemic, several studies using web data were published that showed
that search engine results data can be useful in predicting the future development
of the epidemic [3]. When analyzing the relationship between the incidence and the
number of search queries, an interesting fact was found - peaks in queries related to
COVID occurred 3-5 days before the peak was reached for new cases in the PCR
test database.

Meteorological data were used in the analysis because previous studies had noted
that they too could have an impact on morbidity[2].

The strongest correlation of the number of cases on a given day is observed with
the number of cases earlier and the number of active cases. However, all of the
above indicators were significant, including temperature and precipitation. To build
a model for predicting the dynamics of the spread of COVID-19 in the Voronezh
region, a hybrid deep learning model was used, which includes recurrent networks
of long short-term memory (LSTM), which allow using several time series at the
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input of the model, while features from time series are automatically extracted using

convolutional neural networks (CNN).

The average absolute error calculated for the dynamics forecast for 15 days ahead
was M AFE = 40.8. The average percentage error for the same period was M APE =
= 5%, that is, the predicted value deviated from the real one by an average of
5%.

The constructed model can be used to make timely management decisions aimed
at reducing the negative effects of the pandemic on human capital. The practical
significance of COVID-19 infection forecasting models for managing human capital
development includes assessing the characteristics of the pandemic for a given fore-
cast period and locality, scenario planning in the management sector of the region,
optimizing models, and evaluating the correlation of various factors with incidence
dynamics.

The study was supported by the Russian Foundation for Basic Research, project
19-29-07400.

[1] Kashirina I., Bondarenko Y., Azarnova T. Analysis and forecasting of the market of
educational services of the region. Proceedings - 2021 // 1st International Conference
on Technology Enhanced Learning in Higher Education, TELE 2021, Lipetsk, 2021. —
p- 30-34.

[2] Venkatesh U., Gandhi P. A. Prediction of COVID-19 outbreaks using google trends in
India: A retrospective analysis // Healthcare informatics research, 2020. —26(3). —
p. 175-184.

[3] Mavragani A., Gkillas K. COVID-19 predictability in the United States using Google
Trends time series // Scientific reports, 2020. —10(1). —p. 1-12.

[4] Firulina, M. A., Kashirina I. L. Prediction of the development of myocardial infarction
based on seasonal and meteorological factors // Voronezh: Bulletin of the Voronezh
Institute of High Technologies, 2021. —2(37). —p. 19-24

[6] Ketu S., Mishra P. K. India perspective: CNN-LSTM hybrid deep learning model-
based COVID-19 prediction and current status of medical resource availability // Soft
Computing, 2022. —26(2) —p. 645-664.



134 Heitponmbie cetn u rirybokoe obOytieHue

BnouHas peannsauna sHumanusa 8 TpaHcdcdopmepe gns
CKBO3HOI0 pacno3HaBaHuUs peyn

Yyuynana Baadumup dxosresur’ v.chuchupal@mail.ru

'Mocksa, @emepanbueiii uccaegoBaTensekuii nentp «MndopMarnka u yopasieHmes

Poccniickoit akajiemun Hayk

VcrermHoe mpuMeHEeHne HepOoCeTeBbIX MOJejieil TUIa KOJEP-IeKOIep ¢ BHUMA-
HUEM CBS3aHO C BBICOKOI BBIYUCIMTEILHON HArpy3Koii [1]. B moksane npemioxkenst
HOBBIE METO/bI YHCJEHHON peajn3anui CaMO—BHUMAHUS W BHUMAHUS JIJIS PACIIO-
3HABAHUS PEUM, KOTOPBIE MCIIOJIB3YIOT CBOMCTBA PEYEBOrO CHUTHAJA. DTO [TO3BOJISET
CyIIECTBEHHO IIOHU3UTh BHIYUC/IUTEIbHYIO TPEOOBAHUS 110 OO'BEMY UCIIOJIB3YEeMOil mma-
MSTH U IO YUCJLY OIEepaIluii.

B [2] 6bL1 npeniozkeH, OCHOBAHHBII HA CBOHCTBE KPATKOBPEMEHHOCTH PEYH, KO-
HOMHBII IO HMAMSATH U OODBEMY BBIYHCJIEHUN ITOMIATOBBIA AJTOPUTM BBIYUCJICHUS
caMo—BHUMaHus B Kojiepe Tpancdopmepa, KOTOPBIH AlMIPOKCUMUAPOBAJ PE3yIbTaT
JIJIST BCell TI0CJIe[0BaTe/IbHOCTY JIAHHBIX OIEHKAMU, II0JIy YeHHBIMK Ha KOPOTKUX 0JI0-
KaX. AJICOPUTM MMeeT BBIYUC/IUTEIbHYIO CJIOKHOCTD Hopsiaka O(n) Kak 1o maMsaT
TaK ¥ 0 YHUCIy oneparuii, mo cpasrennto ¢ O(n?) s obmenpuHaTOTO.

Ilomumo camo-BHMManust B Kozmepe Tpamncdopmep COAEpXKUT TaKKE IOJICIION
BHUMAHWSI ¥ CAMO—BHUMAHUSI B JIEKOJIEPE, BBIYUC/IATEbHBIE TPEOOBAHUST KOTOPBIX
TaK>Ke MOTYT IIOHIKEHBI 33 CIET yuéTa (DU3NIECKUX CBOICTB pedvn.

CaMO—BHUMAaHUE B JIEKOJIEPE BBIMOJIHSIET (DYHKIMIO MOJIEJIN S3bIKA, TI0O9TOMY MOXK-
HO KCITOJI30BATh KPATKOBPEMEHHBI XapaKTep 3aBUCAMOCTH MEXKJy CAMBOJIaMu. B
YaCTHOCTH, UCIIOIH30BATH OIPAHUYIEHNE TI0 JJIMHE JIsi KOHTEKCTOB M3 MPEIbIIYIINX
cumBoJioB. Takme orpaHWYeHUs] MOXKHO PEAJIU30BaTh C MOMOIBIO UCIOIH30BAHMS
MAaCKHPOBOYHBIX MATPHIIBI JIEHTOYHOTO BHUJA, B OTJIHMYME OT HUKHUX TPEYTOJTHHBIX
MaTPUIL B ODIIENPUHATOM MeTojie. Eciiu mpuiep:kuBaThbCst aHAJIOMUU C N-T'PAMMHBIMU
SIBBIKOBBIME MOJIEJISIME, CAMO—BHUMAHHUE J[JIsi KAXKI0I0 CUMBOJIa B 9TOM CJIydae Oyjaer
WMETh OJIUH U TOT K€ TMOPSJIOK.

Bosee dopmanabHO miess SKOHOMHOTO AJITOPUTMA BBIYUCIEHUS CAMO-BHUMAHMWS
JIEKOJIEpa MMeeT BUJI:

Bxon -- mocmemomartembrocTh Q = q[0],...,q[1Ql-1] cumBomoOB,
n -- pasMep 6soka (HOPAZOK MOLENW SA3BIKA)
Momoxum: K = V = Q
BrrauciuM:
MackupoBoukyo MaTpuuy: M[i,j] = 1 if 0<= i-j <= n else 0, rzme 0<=i, j<|Ql
CyeTa BHUMAHUA: S =b * matmul(tr(Q),K) * M
Beca BHUMaHUSA: A = softmax (S)
BruMaHue : Y = matmul(A, V)

BeXOHbE 3HaYEHUS 0UT = ReLu(Y)

Mesxqynapogaasa kongepennus UOHWU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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3aecs matmul o6oznauaer nepemuoxkenue Marpui, b = 1/sqrt(d), rue d — pas-
MepHOCTh Mofenu, Rellu - moynuneiinas GyHKITUS aKTUBAIINAN.

Peasmsanusi BBIUNCIEHNs] BHUMAHUSI B J€KOJIEPE aHAJIOTMIHO MeTojy [2] Heoue-
BH/IHA N3-3a JECUHXPOHU3AINN CHMBOJIOB JIEKO/IEPA U BBIXOJOB Kojiepa. Komep pabo-
Taer MOoOJIOYHO, MMOITOMY JIJIsl IOMCKA COOTBETCTBUS MEXKIy CUMBOJIAMU JEKOJepa U
GJIOKaMU KOJIepa UCTIOJIh3YeM CPEJIHIE OT JTAHHBIX Ha 6s10Ke. OTHOCHM CHMBOJT K TOMY
6JIOKY, B KOTOPOM CyMMAapHasl BeJIMINHA CIETOB BHUMAHUSI CUMBOJIA MaKCHUMAJIbHA.
TTocste Toro, Kak jyist 6;10Ka BHIYUCIEHBI BCE €0 CUMBOJIbI, BHUMAHUE BBHIYUC/ISACTCS
TOJIBKO Ha 9TOM OJIOKE U JIJIsT 3TUX CUMBOJIOB.

Bonee popmanibHO njiest ajiropuTMa BHUMAHUS JEKOJIEPa;

Bxom:
1. qlil, i=0,...,|Ql-1 -- mocmemoBaTeIBLHOCTH CHUMBOJOB,
B Bume maTpuupl Q[i,jl, Q[i,*] -- BekTopHHE KOz cuMBOIa 1i.
2. BHXOZ KoZepa K, Kak mocuermoBaTenbHOCTh u3 N 6iokoB K[i]:
K = K[0],K[111l, ... ,K[N-1]
Brraucoum :

MaTpuny cYeTOB BHUMAHUS

S = matmul (tr(Q),K), rme S[i,j] -- cuér ql[i] =a 6more K[j]
Ona i=0,...,IQl-1:

Haiiném mHomMep j 6ioxa cummoma ql[i]l: j = argmax_k S[i,k], 0<=k<N.
fna j=0, ... ,N-1:

Cobepem cumBombHyb MaTpuuny Q[j] m3 cTpok Q mma cumsosos K[j].

Borumcnum Ha 6ioxre K[j]:

Cuera BHmMaHms: S = matmul (tr(Q[jl),K[j1)

Beca BuuMmanusi: A = softmax(S)
BuuManue : Y[j] = matmul (tr(Q[jl),A)
BeuuMCcaIuM BHXOH Kak KomkaTemamwio: OUTPUT = [Y[O]|Y[1]l....|Y[N-1]1]

TTockosbKy ucmosib3yercst (PUKCUPOBAHHBII pa3Mep OJIOKOB, CJIOKHOCTD 110 TAMSITH
1 00bEMY BBIUACICHHH (IIPU ITOCJIEI0BATEILHOM BBIIOJHEHNH ) BceX MeTo10B — O(n).

YucieHHBIE 9KCTIEPUMEHTHI BBITIOJIHAINCH Ha 1udpoBoii wactn kopmyca TeCoRus [3].
st obytennst ncrosb3oBaioch 16357 mociieioBaTeIbHOCTEH, TPOU3HECEHHBIX 155
nukropamu. TecrupoBanue npoBojamioch Ha 186 dpazax oT HOBBIX JUKTOpPOB. Vc-
[IOJI30BAJIOCH CTAHJAPTHASI [TapaMETPH3aIds Pedrd Ha OCHOBE MeJ-CHEKTPAIbHBIX
npusHakoB (24 Mesi—crekTpasbHbix Kodbdurmenta). 3k cocTosyi u3 OYKB U
OyKBOCOYETAHUM, CUMBOJIOB IIYHKTYyaI[M. PeryJisipHble CJIOBa Ha BBIXONE JIEKOJIEPa
[OJIyYAIOTCS KOHKATEHAIeH JIeKOJMPOBAHHBIX CHMBOJIOB JI0 TOSIBJIEHUs] CUMBOJIa—
IIpU3HaKa KOHIA CJIOBA.

CkBO3Hasl crcTeMa PacllO3HABaHUsSI Pedn peajin3oBaHa Kak Tpancdopmep ¢ JIBy-
Ml CJIOSIMU B Kogziepe 1 Jiekojiepe. QyHKIUS MoTephb Ipu 00y I€HUN — KPOCC—IHTPOIIHS.
Austroput™m onrumuzarun - Adam. Vcmosib3oBaiocsh JuHERHOE MOHMXKEHNsT KOIDDU-
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nuenTa ckopoctu obydenus (magunas ¢ 0.003) ¢ koapdunuenrom 0.96 kaxapie 300
IIIArOB.

IIpu BBIOOpE pa3mepa makeToB oT 150 mpejjoxkeHuit u 6oJsiee GYHKIMS TOTEPH
yOBIBaJIa MOYTH MOHOTOHHO, TIOTEPU MPAKTHIeCKHn O0HYJIsuch 3a 300 31ox.

B rabsmme 1 mokaszaHa 3aBHCHMOCTD TOCTOBHOW TOYHOCTH PACIO3HABAHUS OT
BBIOOPA pazMepoB 0J10k0B. OYEBUIHO, YTO UCIIOTH30BAHNIE DJIOYHBIX AJITOPUTMOB HE
[PUBEJIO K YXYAIIEHUIO TOYHOCTH. 3HAYEHUs] TOYHOCTU JJIs PA3HBIX Pa3MepoB 6J10-
KOB ¥ KOHTEKCTOB Pa3JIMIAIOTCs HECYIECTBEHHO (B Tpenesnax 1-2 mponeHTos). st
CaMO—BHUMAHHUS B KOJEPe MAKCUMAJIbHAS TOYHOCTb HADJIIOIAEeTCs IpH pa3Mepe 6J10-
Ka B 1 CeK. BO3MOYXKHO IIOTOMY, UTO pa3Mep KOHTEKCTa IIPUMEPHO COOTBETCTBYET
MAaKCAMAJbHON JJINTEIbHOCTH 3BYKOB. [l caMO-BHUMAHUSA B JEKOIEPE ONTHMAJIb-
Has JJINTEJIHHOCTD JIEBOI'O KOHTEKCTa OTIMYAETCS OT MAKCHMAJILHO BO3MOXKHONM U
COCTaBJISIET D CHMBOJIOB, YTO MOYKHO OOBSICHATH Pa3MepoM OOyYaloIero garacera.

Tabauma 1. 3aBUCHMOCTb TOYHOCTH PACIIO3HABAHUS OT PA3MePOB OJIOKOB KOHTEKCTOB BHI-
Manus u camo—BHuUMaHusd. L,C,R 0603HAYAIOT IUIMHBI JIEBOIO, IEHTPAJIBLHOIO U IIPABOIO
KOHTEKCTOB, B CeKyHIaX mwin cuMmBojax. O6o3HadeHune inf cooTBeTCTBYeT MaKCHUMAaJIbHOMY
[0 JIJINHE KOHTEKCTY B OOIICIIPUHSITOM METOJIE.

Kozep Hexonep TounocTh

C—Bunm. (cek. )|C—Brum. (cnmB)BuanMm. (cex. )

C[L] R |C] L C

inflinf| inf [inf] inf inf 0.942
2.01.00 1.0 (inf inf inf 0.956
1.00.5) 0.5 (inf] inf inf 0.966
1.0,0. 0 15 15 inf 0.939
1.0,0. 0. 7 7 inf 0.942
1.0,0. 0. 5 5 inf 0.976
1.0,0. 0 5 5 8. 0.971
1.0,0. 0 15 7 4. 0.972
1.0,0. 0 15 7 2 0.941

[1] Yyuynasa B. . Axyctuueckoe u si3bIKOBOE MOJEIMPOBAHNE B CKBO3HBIX CHCTEMAaX pac-
nosuaBaaus peun. // Iudposas obpaborka curnanos, Mocksa: Poccmiickoe HTO pa-
AUOTEeXHUKY, d7eKTpoHnkn u cBa3u uM. A.C.ITonosa, 2020. —No.4, — C. 34-43.

[2] Yyuynaa B. . dxonoMmuas Momens TpancdopMepa I aKyCTHIECKOTO MOJIETMPOBAHUST
peun // Tesucwl goknianos 20-i BeecorosHoit kondepennun MaTemaTndeckue MeTOIbI
pacnosnaBanusi 06pa3os, Mocksa: Poccuiickast akajmemust Hayk, 2021. — C. 239-244.

[3] Yyuynaa B. 5. Peuesoit kopuyc nannbix TeKoPyc. // CBuuerenbcrso 0 perucrpanuu
6a3br ganabix No 2005620205, Mocksa: Pocnarent, 2005.
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Block implementation of attention in Transformer for end-to-end
speech recognition

Chuchupal Viadimir' v.chuchupal@mail.ru

'Moscow, Federal Research Center “Computer Science and Control” of Russian Academy
of Sciences

The successful application of encoder-decoder models with attention is associated
with a high computational load [1]. The report proposes new methods for the
implementation of self-attention and attention for speech recognition applications,
based on the properties of a speech signal. This allows significantly reduce the
computational requirements in terms both of the amount of memory used and the
number of operations.

In [2], an algorithm for calculation of self-attention in the Transformer encoder
was proposed. The algorithm is based on the short-time property of speech signals
and is economical in terms of memory and amount of calculations. The idea is
approximate the result for the entire sequence of data by estimates obtained on short
blocks. The algorithm has a computational complexity of the order of O(n) both in
memory and in the number of operations, compared to O(n?) for the conventional
one.

In addition to self-attention in the encoder, the Transformer network also con-
tains sublayers of attention and self-attention in the decoder, the computational
requirements of which can also be reduced by an order of magnitude by taking into
account the physical properties of speech.

Self-attention in the decoder acts like a language model, so one can use the
short-term nature of the dependence between characters. In particular, one can put
a length limit on context from the previous characters. It is natural to implement
such limitation by using masking matrices of the band type, in contrast to the lower
triangular matrices in the conventional approach. If one will follow the analogy with
n-gram language models, the self-attention for each character in this case will have
the same order.

More formally, the idea of a decoder self-attention computation is:

Input: sequence Q = q[0],...,q[lQl-1] of language symbols,
n -- the block size (the language model order)
Put: K=V =Q
Calculate:
Mask matrix: M[i,jl= 1 if 0<= i-j <= n else 0, 0<= i,j <I|Ql
Attention scores: S = b * matmul(tr(Q),K) * M
Attention weights: A = softmax (S)
Attention: Y = matmul(A, V)
Output: OUT = ReLu(Y)

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Here matmul denotes the matrix multiplication operation, b = 1/sqrt(d), d — the
size of a symbol model, ReL.u — rectification activation.

The implementation of the attention computation in the decoder, similar to [2]
is not obvious due to the lack of synchronization between decoder’s symbols and the
encoder’s outputs. Encoder works step by step, so one can establish a correspondence
between the symbols and the encoder blocks using the means of the block data. We
attribute the symbol to that block in which the total value of the attention scores
for the symbol is maximum. After a block has all of its symbols found, the attention
is computed only on data of that block and for the selected symbols.

More formally, the idea of the algorithm is:

Input:
qli], i=0,...,|Ql-1 -- a sequence of symbols,
as a matrix Q, where row Q[i,*] is embedding of symbol i.
matrix K, an encoder output, as a sequence of N blocks K[i]:
K = K[0],K[1]l, ... ,K[N-1]
Compute:
Attention score matrix S:
S = matmul (tr(Q),K), S[i,j] is score of g[i] at block K[j]
For each i=0,...,I|Q|-1:
Find the number j of the block to which the symbol q[i] belongs:
j = argmax_k S[i,k], 0 <= k < N.
For each j=0, ... ,N-1:
Assemble the matrix Q[j] from Q[i,*]: q[i] belonging to K[j].
Calculate using data of block K[j]:
Attention scores: S = matmul (tr(Q[j1),K[j1)
Attention weights: A = softmax(S)

Attention: Y[j] = matmul (tr(Q[jl),A)
Compute the output as concatenation:
Output = [Y[O]IY[11l....|Y[N-1]]

Since all blocks have the same fixed size, the computational complexity in terms
of memory and the amount of calculations (for the sequential execution) of all above
described methods is O(n).

Computational experiments was performed on the TeCoRus [3] speech corpus,
the part consisted of digital sequences. For training, 16357 utterances were used, spo-
ken by 155 speakers. Testing was carried out on 186 utterances from new speakers.
We used the standard parametrization of speech based on mel-spectral features. The
language consisted of letters and letter combinations, punctuation symbols. Regu-
lar words at the output of the decoder are obtained by concatenating the decoded
symbols until the word feature appears.

The end-to-end speech recognition system is implemented as a Transformer with
a two-layer encoder and decoder. Cross-entropy was used as the loss function. Opti-



Neural networks and deep learning 139

mization method — Adam. A linear decrease in the learning rate factor (from initial
0.003) with a factor of 0.96 every 300 steps was used. When choosing a packet size
of 150 sentences or more, the loss function decreased almost monotonously, the loss
almost vanished in 300 epochs.

The table 1 shows the word recognition acciracy vs. sizes of the context blocks.

Obviously, the use of the block algorithm did not lead to a deterioration in the
recognition accuracy. The accuracy values for different block sizes and contexts differ
insignificantly (within 1-2 percent). For self-attention in encoder, the maximum
accuracy is observed at a block size of one second, accordingly to the assumption
that the size of the context should correspond to the duration of recognized sounds.
For the self-attention in decoder, the best duration of the left context of the language
model, appears to be different from the maximum possible and in this case is 5
characters. It is explained by the size of the training dataset.

Table 1. Dependence of the accuracy of recognition on the size of blocks of contexts of
attention and self-attention. L,C,R denote the lengths of the left, center and right context
blocks, in seconds or symbols. The notation inf corresponds to the maximum context
(generally accepted method) length.

Encoder DeCoder Accuracy|

S—Atten. (sec.)[S—Atten.(sym.)Atten.(sec.)

G[L] R |C] L a

inflinf| inf (inf] inf inf 0.942
2.01.00 1.0 [inf inf inf 0.956
1.00.5 0.5 [inf] inf inf 0.966
1.0[0. 0. 15 15 inf 0.939
1.0/ 0. 0. 7 7 inf 0.942
1.000.| 0. |5 5 inf 0.976
1.000.| 0. |5 5 8. 0.971
1.0/0. 0. |15 7 4. 0.972
1.0[0. 0. 15 7 2 0.941

[1] Chuchupal V. J. Acoustic and language modeling in end-to-end speech recognition sys-
tems. // Digital Signal Processing, Moscow: Popov A.S Russian Science and Technical
Society on Radio, Electronic and Communitations, 2020. —No 4, — Pp. 34-43.

[2] Chuchupal V. J. A computationally-effective transformer model for acoustic speech
modeling // Abstracts of 20th All-Russian conference on Mathematical Methods of
Pattern Recognition, Moscow: Russian academy of sciences, 2021. — Pp. 239-244.

[3] Chuchupal V., Makovkin K., Chichagov A A., Kouznetsov V., Ogaryshev V. Speech
data corpus TeCoRus. // Moscow: RosPatent, registration certificate 200562020, 2005.
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OdekomMmno3unuun obyyeHnsi B NpocTpaHCTBe NPU3HAKOB A4/1A
3aja4M pacno3HaBaHUs Nuy, Ha M300parkeHnsIx

Taparoe Cepzeti Koncmanmurosus'x taranov.sk@gmail.com
T'neywes Aaexcandp Huronaesun'? gneushev@ccas.ru
'Mocksa, MocKOBCKHil (PH3MKO-TEXHUUIECKHH HHCTUTYT HITY)

2Mocksa, QesepaibHblil HCCaenoBaTe bcKmii nenTp "MadbopMmaruka u yrnpasienne" PAH

PaccmaTrpuBaercs 3a1aua pacmo3naBaHus ©300parKeHuit JInil, BOCTpebOBaHHAS 1
AKTUBHO HCCJIEyeMasi 00JIaCTh KOMIIBIOTEPHOTO 3peHust. VaenTudukanust jui or-
HOCHUTCsI K 3aJia4e MHOIOKJIACCOBOM KJIACCUMDUKAIINK, MIPH STOM MOYKHO BBIJIEJUTH
JIBe TIOJ[33JIaYN: BBIJIEJIEHNe TPU3HAKOB Ha M300parkKeHWN W KJIACCUMUKAIUS Ha WX
ocrose. COBPeMEHHBIM TOJXOJI0OM SBJISETCS UCIOIL30BaHNe HeHPOCETEBBIX MOJIEen
JIUIST COBMECTHOT'O M3BJIEUYEHNE TPU3HAKOB W IIOCJEMYIOMEH KIacCubuKaIum.

Pacniosnasanue Jiuiy siBJIsieTCs 3aa4€eil IPUHATHST PEIIEHUsS O TPUHA/JIEXKHOCTH
KJlaccaM, HEeM3BECTHBIM Ha drTale oOydeHus. B mporecce oOydeHHS ONTUMUBUPY-
ercst (byHKIMS U3BJIEUEHUs NMPU3HAKOB, a (PYyHKIUS KIacCU(PUKAIUU CTPOUTCA HA
OCHOBE JIAHHBIX, MCIOJb3yeMbIX B KOHKPETHOM MPAKTUYECKOM mpujoxkenuu. 1lenn
0by4eHns — mosydeHne 00OBIIEHHOTO MPOCTPAHCTBA MPHU3HAKOB, MPHUTOIHOTO IS
paszeeHnst BEKTOPOB NMPU3HAKOB M300pasKeHWil JIMIL JIIO/Ell, He y4aCTBOBABIINX B
obyuennn. OcHOBHAsI MpoBJIeEMa — OJIHOBPEMEHHAs PA3JeJIMMOCTh MEKKJIACCOBBIX
BEKTOPOB ¥ KOMIIAKTHOCTb BHYTPUKJIACCOBOTO TIPEJICTABJICHHUSI.

Ucnonp3yemble (byHKINN TOTEPb MOXKHO Pa3/eNTh Ha JiBa THUIMA: Kiaccudpu-
kanuonnble (multi-class classification loss) [1] u ma ocHoBe HomapHOro cpaBHEHUS
(pair-based loss) [2]. IlepBble MaKCUMU3UPYIOT NPUHAIJIEKHOCTH U300Da’KEHUN K
CBOEMY KJIACCY W MUHUMH3UPYIOT NPUHAJJIEXKHOCTH K OCTAJbHBIM, HCIIOJIb3YIOTCH
JIUIst 0OyYeHUsT TIOJTHOM MOJIEN COCTOsAIIeH n3 (bYHKIUU U3BJIEYEHUs] IPU3HAKOB U
kaaccudukaropa. Bo BropoM ciiyuae ONTHMU3UPYETCsl TOJIBKO (DYHKIHST U3BJIEUE-
HUST TPU3HAKOB, JJIs 9er0 UCTOJNb3YeTCsl KPUTEPHA MAKCUMU3AINN CXOKECTH MEXK LY
BEKTOPAMU NTPU3HAKOB, COOTBETCTBYIOMIAX OJHOMY KJIACCY, 1 MAHUMEA3AIUN CXOXKE-
CTH JIJIsi BEKTOPOB Pa3HBIX KJIACCOB. B paboTe mpeiaraeTcss METOJ JIEKOMIIO3UIUN
CBEPTOYHOH HEHPOCETEBOH MOJIE/IN U €€ TTOITAITHOrO 00y IeHus ¢ (PYHKITUIMU TOTEPD
00OMX THITOB JIJIsl 33JIa9H PACIIO3HABAHUS N300ParKeHWIA.

Iycrs naubt nzobpakenust gy, | = {I;}r—1. N, N — paamep Bbibopku, u Y =
= {yrtr=1.n, y € 1,..M — pasmerKka, HOMEpA KJIACCOB, K KOTODBHIM IIPUHAIJIEIKAT
uzobpazkenust {Ij} jun u3 obyuarorieil Boioopku, M - obliee 4nuciio KIaccos, 3a/a-
FOIUX Pa3IUIHbIX Jojeil. Onupenennm KiaccubuImpyony o HefipoceTeBy 0 MOIe/b
¢ nomompio byakuuu Y = F(I, W), W napamerpst mozenu. Torma F(I, W) =
=(PoU)(I,W) =d(V(I,0),w), rie W = {w, 0} - COBOKYITHOCTb [IADAMETPOB MO-
nemu, U(I,0) — GyrKus BbIIeIeHIA TPU3HAKOB ¢ mapamerpamu § C RP? &(X, w) —
byHKIHS KTaccnbUKAIIT TPU3HAKOB ¢ TapaMeTpamu w C RPw. X = U(1,0), X =
= {2k }r=1. N, 7 € X C RP* — muoxecTBO BeKTOpPOB IPU3HAKOB M300parKenmit,
X — OpOCTPAHCTBO BEKTOPOB NpU3HAKOB; Dy, Dy, D; — pa3MepHOCTH 3JIEMEHTOB

Me>xqynapogaasa kougepennus UOHWU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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MHOXKECTB @, w, T cooTBeTcTBeHHO. B KadecrBe dynkmum ® OymeM paccMaTpuBaTh
JIMHEHHBIA KI1acCHPHUKATOP ¢ BEKTOPAMU BECOB W = {Wiy }m=1,.. M-

Ipemaraercs o6yuars HeifpoceTeBy0 MoJiesb nByMst sranamu.Ha nepsom sTane
npounsBoauTca obydenune dpyHkmuM F co caydaitHON MHUIMAIN3AINA BECOB C IIOMO-
mipio kiaaccudukanuonnoit Gpyunkuu noreps CosFace Loss [1], Buza:

o1 i log exp (005 (41 7h p, + ) —
N =7 exp (cos (11Tk,y, + ma)) + D i=1 oty XD (08 (7%5))

LIE Tk,y,, — YTOJI MEXKJY HOPMHDPOBAHHBIME BEKTOPAMHU W, Hx—zu, T H’;—:H;

141, M, — THUIIepIIapaMeTpbl MeToma. Biiaromapst Buay (QyHKIUMU II0TEPb CTPYKTYpa

npocrpancTBa X (opMuUpyeTcs Ha KasKJIOH UTepaluu rIobaJbHO cpa3y JJisd BCeX

KJIaCCOB. MoJIesih, TIOJIydeHHas! TTOC/Ie IEPBOrO 9Talla, CIIOCODHA PEIIATh 33Ty Pac-

MO3HABAHUS.

Ha Bropowm srane paccmorpum gekoMuosumuu ¥ = (1 0...01)1 ), KOTOPYIO pa3o-
GpeM Ha aBe Tpynubl {1 }j=1. &, {¥;j}j=k+1..x. [lapamerpsr mepBoit GUKCHPYIOTCs,
napaMeTpbl BTOPOil 00y4YaloTCsl ¢ MOMOIIBIO UCIIOIb3Ysl (PYHKIMIO IIOTEPh Ha OCHOBE
nonapHbix cpasaernit MultiSimilarity Loss [2] Buga:

m

Luss == 3" ~logll + 3 exp(-aSu)] + 5 logll+ 3 exp(BSu )]s (2)

k=1 rEPy B rENy

re m — KOJIMIeCTBO BEKTOPOB B OJHON HTEPAIUH 00y UCHMUSI; Sxpxe = (Thy Tp) — A —
Mepa CXOXKECTH BEKTOPOB Ik, Tr; @, B, A — TUIepmapaMeTpbl MeToaa; Py, Ny — MHOXKe-
CTBa BEKTOPOB COBITAJIAIONIUX ¥ OTJIMYAIONIUXCS 10 KJIACCOBON IPUHAIJIEZKHOCTH JIJIsT
BeKkTOpa ), coorBercrBerno. Cocrapyenne Py, N — cI0XKHast 33/1a9a, OT HUX CUIIBHO
3aBUCHUT UTOTOBOE KAYECTBO. JKCIEPUMEHTHI IOKA3AJIN, YTO HAUJIYJIIUM pEeIlleHreM
SIBJISIETCsI TIOCTPOEHME MHOXKECTB C HamboJiee CJIOXKHBIMU [IPUMEPaMU, TO €CThb ap
BEKTOPOB C MaKCAMAJIbHBIM BHY TPUKJIACCOBBIM PACCTOSHUEM W MIHUMAJIBHBIM MEK-
kJ1accoBbIM. CyIIecTByeT JiBa OCHOBHBIX TIOJIXO/A: MMPEIBAPUTEIbHBIN pacdér 3TuX
MHOXKECTB II0 BCeil 0a3e U UTEePAIMOHHBIN [TeEPEPACIET BO BPeMsI OOy UeHUs Ha OCHOBE
MHUHH-0aT49a, MOI'yT IPUMEHSITCS W CMeIlaHHble perneHus: [lepBwlii — CylecTBEHHO
TOYHEE U ObICTPee, HO OBICTPO TepsieT aKTYaJbHOCTh, TAK KaK CTPYKTYPa IPOCTPaH-
CTBa W3MeHsieTCsI U TpedyeT mepepacuér. Bropoit Menee Toyen u obecriednBaeT 6osiee
Me IJIeHHOEe 00y1deHne, HO aKTyaJIeH BO BpeMs Bcero oOydenus. [Ipemraraemast qexom-
[IO3UNMS M, KAK CJIE/ICTBUE, OOyYeHre YaCTh MOJIEIN, COXPAHET OOIIYI0 CTPYKTYPY
IIPOCTPAHCTBA [IPU3HAKOB, YTO [IO3BOJISIET MUCIOJIB30BATH TOJBKO IIPE/IBAPUTENLHBIIH
pacuér, Jaromuii pes3yIbTaThl JydIne, YeM MeTOJ, IPeJIOXKEeHHBIH B [2].

B pabore ucmonb3yercs Mojiesib Ha, OCHOBE TUIyOOKOIT cBEpTOUHOMN ceTu Inception-
Resnet-v2. Ncxons uz 6siognoit crpykTypst Inception-Resnet-v2, mpemaraercs pac-
CMaTPUBATL B KaUeCTBe JIeMeHTAPHBIX (MyHKuuit {1} } =1 OTHeIbHBIE OIOKH KaK
na cxeme (Puc. 1).
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Puc. 1. Cxema JAEKOMITIO3UITUN (byHKLII/II/I BbIJI€JIEHUS IIPDU3HAKOB Ha 1aCTU

B uporecce obyuenusi runepnapamerpbl 6a30Bbix MeTonoB (1,2) He u3Mens-
JIICH W COOTBETCBYIOT TPEIJIOKEeHHBIM mx asropamu [1,2]. O6ywaomast BBIGOD-
ka — oTKpHITHIH matacer Trillion-Pairs DeepGlint npeicraBiieHHbI B CODEBHOBAHUN
Trillionpairs, comepxkammmii 180855 kjaaccoB u 6753545 m300parkeHmii U COCTOSIIIMIA
u3 paraceros 6a3 MS-Celeb-1M-vlc u Asian-Celeb. /Iy TecTupoBaHus UCIOJIL30Ba-
JIach OTHe/ibHas Oa3a, cocrosimas n3 npudbsimsnrenspbao 110000 kiraccoB, n3 KOTOpOit
npuMepro 450 KJIACCOB, COMEPKAIMUX B CPeIHEeM 10 25 m300parkeHuil, NCII0Ib30Ba-
JIUCH JIJTsT TeCTa UAeHTU(UKAIINT, TT0 clieHapuio cpaBHeHus 1 : k. Pe3ynbrarsr Tecta
unenTudukanuy 1 qekomnosunnn ¥y g, k = {7,18,23, 24} npusenens! B Tabiure
HUKE.

SaduKCUpoBaHHAS YaCTh MO/ True Positive Rate
FMR=10"8FMR=10""FMR=10""°
U, 24 (basoBasg MOIeENID) 0.370 0.485 0.603
Uy 7 0.316 0.451 0.581
LSBT 0.373 0.502 0.629
Wy 93 0.426 0.557 0.669

DKCIEPUMEHTHI TIOKA3aJ I, 9TO MPEJJIOKEHHBIN METOJT JEKOMITO3UIIAN U [T03Tall-
HOT'O 00y4YeHUsI ONTUMU3NPYET JIOKAJIBHYIO CTPYKTYPY IIPOCTPAHCTBA IIPU3HAKOB 0e3
pa3pyIeHus rJ100aJbHBIX CBA3€, 9TO IPUBOIUT K YBEJIHMYEHUIO TOYHOCTH PACIIO3HA~
BaHUs M300parKeHUMN JIHII,

Pabora nognepxana rparrom PODPU No.21-51-53019
[1] Wang H., Wang Y., Zhou Z. et al. Cosface: Large margin cosine loss for deep

face recognition// 2018 IEEE/CVF Conference on Computer Vision and Pattern

Recognition — 2018. — June. — Pp. 5265-5274.

[2] Wang X., Han X., Huang W. et al. Multi-similarity loss with general pair weighting for
deep metric learning// 019 IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR). — 2019. — Pp. 5017-5025
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Face recognition feature space learning decomposition

Taranov Sergei'x taranov.sk@phystech.edu
Gneushev Alexander'? gneushev@ccas.ru
'Moscow, Moscow Institute of Physics and Technology

2Moscow, Federal Research Center ”Computer Science and Control” of RAS

The problem of face image recognition, a highly demanded and actively re-
searched area of computer vision, is considered. Face identification is multiclass
classification task, and two subtasks can be distinguished: image features extraction
and features classification. A modern approach is to use neural network models for
joint feature extraction and subsequent classification.

Face recognition is open-set recognition task. During training process the features
extraction function is optimized and the features classification function is built based
on the data used in a particular practical application. The training goal is obtaining
a generalized feature vector space suitable for separating feature vectors of images
of faces of people who did not participate in training. The main problem is the
simultaneous separability of interclass vectors and the compactness of the intraclass
representation.

The used loss functions can be divided into two types: classification (multi-
class classification loss) [1] and based on pairwise comparison (pair-based loss) [2].
Classification losses maximize the classification score of images to their class and
minimize classification scores to the other classes. Those losses are used for complete
model training consisting of a feature extraction function and a classifier. In the
second case, only the feature extraction function is optimized, for which the criterion
of maximizing the similarity between feature vectors corresponding to the same
class and minimizing similarity for vectors of different classes is used. The paper
proposes a method for decomposition of a convolutional neural network model and
its stage-by-stage training with loss functions of both types for the problem of image
recognition.

Let’s consider face images I = {Ix}x=1.n, N is the sample size, and ¥ =
= {yrtr=1..N, ¥y € 1,..M is labeling, numbers of classes to which images {I} of
faces from the training sample belong, M is total number of classes defining differ-
ent people.

Let’s define a classifying neural network model using the function Y = F(I, W),
W model parameters. Then F(I,W) = (& o ¥)(I,W) = ®(U(I,0),w), where
W = {w,0} is the set of model parameters, U(I, ) is feature extraction function
with parameters § C RP¢, ®(X, w) is feature classification function with parameters
w C RPv., X =U(1,0),X = {z3}p=1,.n,2r € X C RP= is set of image feature
vectors, X is space of feature vectors; Dy, Dy, D, are the dimensions of the elements
of the sets 6, w, z,respectively. As a function ® let’s consider a linear classifier with
weight vectors w = {wm, bm=1,.. M-

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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It is proposed to train the neural network model in two stages. At the first stage,
the function F' is trained with random initialization of weights using the classification
loss function CosFace Loss [1], of the form:

L= L Z log exp (€os (141 Tk,y; + Ma)) (1)
o exp(cos (T, +ma)) + 350 L, oxp (cos (7))

where 7y .. is the angle between normalized vectors w,, = m, Ty = H)’:—t”; 1, Mg
— method hyperparameters. Due to the form of the loss function, the feature space
structure X is formed at each iteration globally for all classes at once. The model
obtained after the first stage can be used for face recognition.

At the second stage, we consider the decomposition ¥ = (¢ o...01;), which we
divide into two groups {¢;};=1..k, {¥j }j=k+1..k. The parameters of the first group
are fixed, the parameters of the second group are trained using the loss function
based on pairwise comparisons MultiSimilarity Loss [2] of the form:

121 1
Lys = o ;; o log[l + r;k exp(_anlmxr)] + E log[l + TGZNk eXp(ﬁthxr)]v (2)

where m’ is the number of vectors in one learning iteration; Sx, x, = (Tk,2r) — A
is similarity of vectors &y, Z,; a, 8, A are method hyperparameters; Py, INi are sets
of vectors that match and differ in class for the vector xy, respectively. Selection of
Py, Ni is a difficult task, it strongly effect the model quality. It is demonstrated by
different experiments that the best solution is to build sets with the most difficult
examples, that are pairs of vectors with the maximum intraclass distance or the
minimum interclass distance. There are two main approaches of Py, N; selection:
pre-calculation of these sets over the entire database and iterative recalculation dur-
ing training based on a mini-batch, mixed solutions can also be applied. The first
one is much more accurate and faster, but quickly loses its relevance, since the struc-
ture of space changes and requires recalculation. The second is less accurate and
provides slower learning convergence, but is relevant during the entire learning. The
proposed decomposition and, as a result, training of a part of the model will pre-
serve the overall structure of the feature space, which allows using only a preliminary
calculation that gives better results than the method proposed in [2].

In this paper a used model isbased on the deep convolutional network Inception-
Resnet-v2. Based on the block structure of Inception-Resnet-v2, it is proposed to
consider individual blocks as elementary functions {%;};=1. & as in the diagram (Fig.
1).

During the learning process, the hyperparameters of the basic methods (1,2) did
not change and correspond to those proposed by their authors [1,2]. The training
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Fig. 1. Feature extraction function decomposition scheme

dataset is an public available Trillion-Pairs DeepGlint dataset presented in the Tril-
lionpairs competition, containing 180855 classes and 6753545 images and consisting
of MS-Celeb-1M-vlc and Asian-Celeb datasets. For testing, an another database
was used, consisting of approximately 110,000 classes, of which approximately 450
classes containing an average of 25 images were used for the identification test, ac-
cording to the 1 : k comparison scenario. The results of the identification test for
the decomposition ¥y 1,k = {7,18,23,24} are shown in the table below.

Fixed model parts True Positive Rate
FMR=10"°FMR=10""FMR=10"°
U1 24 (base model)  0.370 0.485 0.603
V7 0.316 0.451 0.581
AR 0.373 0.502 0.629
U193 0.426 0.557 0.669

Experiments have demonstrate that the proposed decomposition 2 stage learning
method optimizes the local structure of the feature space without global structure
transformation, which result in accuracy increase for face image recognition task.

This research is funded by RFBR, grant 21-51-53019
[1] Wang H., Wang Y., Zhou Z. et al. Cosface: Large margin cosine loss for deep face

recognition// 2018 IEEE/CVF Conference on Computer Vision and Pattern Recogni-

tion — 2018. — June. — Pp. 5265-5274.

[2] Wang X., Han X., Huang W. et al. Multi-similarity loss with general pair weighting for
deep metric learning// 019 IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR). — 2019. — Pp. 5017-5025
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Patch2Vec: npoctoii n acbdekTusHbIii anropntm CBEPTKN ANs
MOOWNBLHBLIX HEMPOHHbIX CeTe

Bpukun T'ne6 Cepzeesun'* glebbrykin@colorfulsoft.ru
"Mocksa, MI'TY um. H.D.Baymana

PasBurne TexHos0rMit MaIMMHHOTO OOYYEHUST CIIEJIAJI0 BO3MOXKHOM aBTOMATH3a-
[IMIO PEIeHnsT MHOXKECTBA 3a0aY U3 CAMBIX pasHbIX objacreil. OmgHuM u3 Hanboee
MIEPCIIEKTUBHBIX HAIPABJICHUI SBJISIIOTCS UCKYCCTBEHHBIC HEHPOHHBIE CETHU, HAIIEI-
Iue IpUMeHeHe BO MHOXKECTBE IIPUKJIAIHBIX 3a/1a49. Pacmmupsionmuiics Kpyr Ipume-
nenuit UHC, a Tak>ke cBsi3aHHas C 9THM IIOTPEOHOCTD B IIEPEHOCE COOTBETCTBYIOIIEr0
ITO na I1K, MmobuibHBIE U BCTpanBaeMble yCTPONCTBA, TPEOYIOT pa3pabOTKH HOBBIX
3 HEKTUBHBIX BBIYUCIUTETHHBIX aJropuTMoB. Otnepaliusi CBEPTKU sSIBJISIETCS OCHO-
BOIl COBPEMEHHBIX HEIPOHHBIX CeTell, MPUMEHsIEMbIX B 3aJ[adaX 00pabOTKU 3BYKA,
n300paKeHUl U BUIEO; IPUIEM BBIIUCIUTEIbHAS CJI0KHOCTD aPXUTEKTYD CBEPTOU-
HBIX HEHPOHHBIX CETENl OIpelessieTcs B OCHOBHOM CBEPTOYHBIMHU ciosaiMu. llesbio
JIAHHOW PabOTHI sIBJISIETCsI pa3pabOTKa IIPOCTOTO YHUBEPCAJIBHOI'O aJIlOPUTMa CBEPT-
KU, 00eCIIeunBaloIero OnTUMaIbHOe COOTHOIIeHnEe 3(P@MEKTUBHOCTH 110 BPEMEHU U
MTAMSITH.

Ipengaraemblii B nanuoii pabore asropurm (Patch2Vec) paspaboran ¢ yuérom
00IIUX 0COOEHHOCTEN ANTAPATHON COCTABJIAIONIEH coBpeMeHHbIXx DBM, 3a caér uero
JIOCTUTAETCS IIPUPOCT CKOPOCTH BBIIIOJTHEHUS 110 CPABHEHUIO C HE ONTHMU3UPOBAH-
HBIM aJIFOPUTMOM IIPU COIIOCTABUMOI BBIUYUCIUTEIBHON CJIO2KHOCTU. KITF0UeBBIM OT-
smmanem Patch2Vec or aHAJIOTMYHBIX aJITOPUTMOB, UCIIOJIB3YIONUX CXOYKHUE ITOIXOIIBI
K ONTHMU3AINN, ABJISETCA CYIIECTBEHHO CHUKEHHBIN pa3mep Oydepa BpeMEHHBIX
JIAHHBIX M OTCYTCTBHE CBSI3M MEXKJIy pa3MepoMm Oydepa u pa3MepoM BXOIHOIO U
BBIXO/THOTO M300pazkeHns. B oTinyane oT HEKOTOPHIX Hambojee OBICTPHIX AJITOPUT-
MoB (6bicTpoit cBéprku Mertogom III. Bunorpazma [1] u ap.), Patch2Vec siisiercst
YHUBEpPCAJBHBIM, T.€. He TpeOyeT CrenudUIHbIX peaan3annii (PyHKIMNH CBEPTKY JJIst
pasm4aHbIX runepnapamMerpoB. Patch2Vec BoimosiasieT cBEPTKY € JTHOOBIMA TOITYyCTH-
MBIMI 3HAYEHUSIMHU TUIIEPIIAPAMETPOB.

Ocunosnoit uneeit Patch2Vec gpinsercs MUHUMH3AIMA YHUCJIa HEIOCIEI0BATE b=
HBbIX OOpallleHuil K ajpecaM OIEePaTHBHON MaMSATH 32 CYET IEeperpyIliupoOBKU 3Ha-
YeHUil BXOJHOI'O M300parKeHusl TaKUM 00pa3oM, 9To0bl BCe 3HAYEHUs, HEOOXOMMbIe
JUIsT TPUMEHEHUST sifiep CBEPTKU, ObLIN PACIOJIOXKEHBI B MAMSATH ITOC/IEI0BATEIBHO,
9TO TO3BOJIUT 33/I€ICTBOBATH BO3MOXKHOCTH MEXAHU3MAa OIEPEKAIONIEr0 CIUTHIBA~
HUsI [IPOIIECCOPA U CHU3UTDH BIUSHUE OMPAHUYEHHOM IPOIYCKHOI CIOCOOHOCTH OIle-
PATHBHON TAMSTH Ha BBIIOJHEHUE ONEepaIui CBEPTKU. AHAJOTUIHBINA MOJXOJ] UC-
[IOJIb3YeTCsl B aJIFOPUTMAaX, OCHOBaHHBIX Ha mpeobpazoBanusix Im2Col u Im2Row
[2]. Im2Col u Im2Row hopMuUpYIOT MATPHILY, KasKJIblii CTOJOEI] MK CTPOKA KOTO-
POif COIEPKUT BCE HEOOXOIUMBIE JIJIs BBIITOJTHEHNST CBEPTKU B JAHHOM TO3UIUN sIIPA
3HAYEHUS BXOJIHOrO n300pazkeHus (1ardu). 3aTeM JaHHAs MaTPUIA YMHOXKAETCs Ha
MaTpUILy s7ep CBEPTKHU, B Pe3yJIbTaTe 00pa3ysl MaTPUILy BBIXOJIHOIO N300PaKEHUS.

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Mo2KHO 3aMeTUTh, 9TO 3TU AJTOPUTMBI TPEOYIOT aMITh i XpaneHust H o, - Woys -
- Cip - Hy, - W}, 3HaueHU BpeMeHHON MaTpuIlsl, rie Hyy; — BBICOTa BBIXOJHOIO 300~
pazkenust; Wo,; — mupuHa BBIXOAHOTO m3obpakenust; Cj, — KOJUIECTBO KAHAJOB
BXOJHOrO m300paxkKenust; Hy — BbIcoTa simpa cBEpTKu; Wy — mupuHa siapa CBEPT-
ku. Patch2Vec me coxpaHsieT Bce maTdu BXOIHOTO M300PaKEHUsI B MATPHUILY: BMECTO
9TOr0 Ha KarKIOi IO3UIMHU siApa CBEPTKU U3 BXOIHOIO H300parKeHUs M3BJIEKaeT-
Csl IIaTY W 3allMCHIBAETCS B IIAMSITh B BHJE BEKTOPa, KOTOPBIA 3aTeM yMHOXKAETCS
Ha MaTPHUILy BeCOB, (DOPMUPYsi BEKTOP 3HAYEHUI KAHAJIOB COOTBETCTBYIOMIEN TOUKM
BBIXOJIHOI'O M300parKeHUsl, KOMIIOHEHTBI KOTOPOI'0 Cpa3y Ke 3allUChIBAIOTCS B COOT-
BETCTBYIOIIHE aJpeca MaMsiTh. Takoil MOAxXo] MO3BOJIsIeT OTBA3aTh pa3mep Oydepa
(BekTOpa) OT pasMepoB N300paKeHUil, TAKUM 00pPA30M, JJIs BHIIOJHEHUS OI€PAIUU
Meronom Patch2Vec Tpebyercs namsars st xpanenuss Cy, + Hy, - W), 3HaveHuit, 9ro
MHOTO MeHbIe, yeM B ciydae Im2Col u Im2Row. Patch2Vec, posuo xkax u Im2Col
MOKET OBITH 3PPEKTUBHO ONTUMUIUPOBAH C UCIOJIHL30BAHUEM MHOTOIIOTOYHOCTH U
BEKTOPHBIX MHCTPYKIIMIA [IPOIIECCOpA.

B xozme cpaBHEeHHs IIPOU3BOAUTEIHLHOCTH ObLIN IIOJYyYeHbI JAHHDBIE, OJHO3HAYHO
YKa3bIBAIOIIHE Ha 3PPEKTUBHOCTD IPEJIaraeMoro Meroa. Hekoropbie pe3yabrarsl
[IpeJICTABJIEHBI B Tab IUIIE:

VenoBust ‘HauBubIi” Im2Col Patch2Vec
AJITOPUTM

f64k3s1 100%| 06 |29% 144 M6 ||36%|~ 2 K6
1b64c256h256w

f64k5s1 100%| 06 [B37%| 394 M6 ||42%|~ 6 K6
1b64c256h256w

f64k7s1 100%| 06 [40%| 760 M6 |[45%|~ 12 K6
1b64c256h256w

164k9s1 100%| 06 |39%| 1216 49%|~ 20 K6
1b64c256h256w
f128k3s1 100%| 06 |[32%| 2.25T6 |27% ~ 2 K6
1b64¢1024h1024w|
f128k5s1 100%| 06 || — >4 I'6, OoMi41% ~ 6 K6
1b64c1024h1024w|

B pesysiprare mpomenannoit padboTsl ObLT pazpaboTaH HOBBIM 3P MOEKTUBHBIN AJ-
TOPHUTM CBEPTKU, IPEBOCXOAIINN MHOTHE U3BeCTHBIE aHasorn. [Ipemraraemsrit aaro-
puT™ 6BLT yCIentHo npuMeHéH Ha npakTuke B npuitoxkennn DeOldify. NET, cokparus
BpeMst 06paboTKu nzobpazkeHus Ha 7% 1o cpaBHEHMIO co cBEPTKoil Ha 6aze Im2Col.
[1] Lavin, Scott Gray. Fast Algorithms for Convolutional Neural Networks // arXiv

preprint arXiv:1509.09308, 2015.

[2] Anton V. Trusov, Elena E. Limonova, Dmitry P. Nikolaev and Viadimir V. Arlazarov.
p-im2col: Simple Yet Efficient Convolution Algorithm With Flexibly Controlled

Memory Overhead // IEEE Access, vol. 9, 2021. — P. 168162-168184.
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Patch2Vec: a simple and efficient convolution algorithm for
mobile neural networks

Brykin Gleb'x glebbrykin@colorfulsoft.ru

! Moscow, Bauman Moscow State Technical University

The development of machine learning technologies has made it possible to auto-
mate the solution of many tasks from a variety of fields. One of the most promising
areas is artificial neural networks, which have found application in a variety of ap-
plied tasks. The expanding range of applications of the ANN, as well as the related
need to transfer the corresponding software to PCs, mobile and embedded devices,
require the development of new efficient computational algorithms. The convolution
operation is the basis of modern neural networks used in audio, image and video
processing tasks; moreover, the computational complexity of convolutional neural
network architectures is determined mainly by convolutional layers. The purpose of
this work is to develop a simple universal convolution algorithm that provides an
optimal ratio of efficiency in time and memory.

The algorithm proposed in this paper (Patch2Vec) is developed taking into ac-
count the general features of the hardware component of modern computers, due
to which an increase in execution speed is achieved compared to an un-optimized
algorithm with comparable computational complexity. The key difference between
Patch2Vec and similar algorithms using similar optimization approaches is the sig-
nificantly reduced size of the temporary data buffer and the absence of a connection
between the buffer size and the size of the input and output images. Unlike some
of the fastest algorithms (fast convolution by Sh. Vinograd [1], etc.), Patch2Vec is
universal, i.e. it does not require specific implementations of the convolution func-
tion for various hyperparameters. Patch2Vec performs convolution with any valid
hyperparameter values.

The main idea of Patch2Vec is to minimize the number of inconsistent accesses
to RAM addresses by rearranging the values of the input image so that all the values
used by convolution kernels are sequentially located in memory, which will enable the
use of the processor’s advanced readout mechanism and reduce the impact of limited
RAM bandwidth on the execution of the convolution operation. A similar approach
is used in algorithms based on Im2Col and Im2Row [2] transformations. Im2Col and
Im2Row form a matrix, each column or row of which contains all the values of the
input image (patches) necessary to perform convolution at a given kernel position.
Then this matrix is multiplied by the matrix of convolution kernels, resulting in the
matrix of the output image. It can be noted that these algorithms require memory
to store Hoyt - Wout - Cin - Hy - Wy, values of the temporary matrix, where H,,; is
the height of the output image, W, is the width of the output image, Cj, is the
number of channels of the input image, Hy, is the height of the convolution kernel,
Wy, is the width of the convolution kernel. Patch2Vec does not save all the patches
of the input image to the matrix: instead, at each position of the convolution kernel,

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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a patch is extracted from the input image and written to memory as a vector, which
is then multiplied by a matrix of weights, forming a vector of channel values of the
corresponding point of the output image, the components of which are immediately
written to the corresponding memory addresses. This approach allows you to untie
the size of the buffer (vector) from the size of the images, thus, to perform the
Patch2Vec operation, memory is required to store Cjy, - Hy - Wy values, which is
much less than in the case of Im2Col and Im2Row. Patch2Vec, just like Im2Col,
can be efficiently optimized using multithreading and vector processor instructions.
During the performance comparison, data were obtained that clearly indicate the
effectiveness of the proposed method. Some results are presented in the table:

Conditions “Naive” Im2Col Patch2Vec
algorithml
f64k3s1 100%|0 b |29%| 144 Mb |{36%|~ 2 Kb
1b64c¢256h256w
f64k5s1 100%0 b |37%| 394 Mb |{42%|~ 6 Kb
1b64c256h256w
f64k7s1 100% 0 b |40%| 760 Mb |[45%|~ 12 Kb
1b64c256h256w
164k9s1 100%/0 b||39%| 1.2 Gb 49%|~ 20 Kb
1b64c¢256h256w
1128k3s1 100%|0 b|[32%| 2.25 Gb |27%| ~ 2 Kb
1b64¢1024h1024w
f128k5s1 100% 0 b|| — [>4 Gb, OoM|41%| ~ 6 Kb
1b64c¢1024h1024w|

As a result of the work done, a new efficient convolution algorithm was devel-
oped that surpasses many well-known analogues. The proposed algorithm has been
successfully applied in practice in the DeOldify.NET application, reducing the image
processing time by 7% compared to the convolution based on Im2Col.

[1] Lavin, Scott Gray. Fast Algorithms for Convolutional Neural Networks // arXiv

preprint arXiv:1509.09308, 2015.

[2] Anton V. Trusov, Elena E. Limonova, Dmitry P. Nikolaev and Viadimir V. Arlazarov.
p-im2col: Simple Yet Efficient Convolution Algorithm With Flexibly Controlled Mem-

ory Overhead // IEEE Access, vol. 9, 2021. — P.168162-168184.



150 Heitponmbie cetn u rirybokoe obOytieHue

TpaHcchopmepHas si3bikoBast mogens ruSciBERT pgns
BEKTOpM3auum n obpaboTKM HayUHbIX TEKCTOB Ha PYCCKOM SA3biKe
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"Mocksa, ®UIT IY PAH

2Mocksa, ITAO C6epbank

3Mocksa, HIY «Bslcmias mKoa SKOHOMUKI»

SHAYUTETBHBIN POCT YUC/IA HAYIHBIX ITyOJIUKAIMI U KOJIMIECTBA HAYIHBIX OTIe-
TOB JIJIAeT 33/1a9y UX 00PabOTKN U aHAJIM3A CJIOYKHOM U TPY/I03aTPATHOM. A3BIKOBBIE
MOJIEJIN, OCHOBAHHBIE Ha apXuTeKType Tpanchopmep 1 npesodyIeHHbIe Ha OOTBITIX
TEKCTOBBIX KOJIJIEKITUSX, TIO3BOJISIOT KAYECTBEHHO PeIllaTh MHOXKECTBO 33184 aHAJIH-
3a TEKCTOBBIX JaHHBIX. JIjIsi paboThl C HAYYHBIMUA TEKCTAMU HA AHIJIMICKOM SI3BIKE
cymecrytor Mozesn SciBERT [1] u ee momudukanus SPECTER [2], onxsako oHn
HE TOJJIEPKUBAIOT PYCCKUIl #A3BIK B CBS3M C MAJIBIM KOJHUYIECTBOM TEKCTOB B 00Y-
qaromeit Beioopke. Kpome Toro, crmocob OmeHKH KadeCTBa A3BIKOBLIX MOJIENeH 1T
HAYJHBIX TEKCTOB, Gerumapk SciDocs, TakxKe MOIIEPKUBACT TOJIBKO aHTIHNHCKAN
a3bIK. [Ipemiaraemast momesib ruSciBERT mossosinT permiars IMUPOKURA CIEKTDP 3a-
Jlad, CBSI3aHHBIX C AHAJIM30M HAyYHBIX TEKCTOB HA PYCCKOM si3bIKe, a IpUjIaraeMblil
K Hell berumapk ruSciDocs mo3Bo/mT OIEHNBATE KAYE€CTBO A3BIKOBBIX MOJIEJIeil TIpH-
MEHUTEJIFHO K ITUM 3aJa9YaM.

SciBERT sBisiercst SI36IKOBOI MOJIEJIBIO, OOy IEHHOM Ha MHOT'OJOMEHHOM KOPILyCe
HAyYHBIX CTaTell, HAIIMCAHHBIX IIPENMYIIECTBEHHO Ha aHTJINHCKOM si3bike. [Ipeara-
ercst 1oo0yunTh 6azoBy0 Mozesb BERT Ha 3ajaue npejickasanus MacKUPOBAHHBIX
TOKEHOB. Pe3ysibTarshl, 10JIydYeHble aBTOPAMHU Ha, HECKOJbKHAX 3ajadax KJraccudu-
Kanuy U pacio3HaBanus umenHoBanubix cyinHocreit (NER) g mayunbix crareii,
3HAYUTETHHO MTPEBOCXOAAT PE3YAbTaThl 0a30BoOit Mozeau. /lomoaHnTeIbHO 00y IeH-
HBIHl TOKEHH3aTOP TO3BOJIMJI YJIYYIIATh KA9eCTBO S3BIKOBON MOJeu. MBI HCIIOIb3Y-
eM TIOXOXKWe Wjien U pejjiaraeM q000ydenne mojen RoBERTa Ha pycckosizbraHoM
KOpITyCe HaydHBIX TEKCTOB ¢ COOCTBEHHBIM TOKeHU3aTOpPOM. JIaHHYI0 MOJe/Ih MBI Ha~
3piBaeM RuSciBERT. B kadecrse 6a30B0it momenun namu 6bu1a Boiopana RoOBERTa B
CBA3U C TE€M, UTO OHA O0ydYeHa Ha PACIIUPEHHOM KOJIMYECTBE TAHHBIX, OOJIbIIEM KO-
JITYIECTBE 338 U JIOCTUTJIA, JIYIIINX PE3YIbTATOB IO cpaBHeHUIO ¢ 6a30BbiM BERT.

SciDocs siBiisieTcst GeHUMApPKOM JIJIsi OIIEHKU KadecTBa CEMaHTUYECKUX BEKTOP-
HBIX [PEJCTABJIEHNIA, TOJIyIAEMBIX C IIOMOIIBIO SI3LIKOBBIX Mojeseit. OH BKJIIOYaeT
B cebsl YeThIpe TUIA 33J1a4: KJaccuduKaims Ha ocHOBe KjaccuduraropoB MAG u
MeSH; npesckazanue muTupoBanust Ha ocHoBe Semantic Scholar Academic Graph;
IpeJicKa3aHue aKTUBHOCTHU I10JIb30BaTes el Semantic Scholar; pekomenganuu crareii
[IOXOXKUX Ha CTaThbIO-3a1poc. Bee 3ajaun, KpoMe 3a1a4u KaaccupuKaimm, chopmy-
JINPOBaHbBI KaK 339/ PAHXKUPOBAHMUSI.

Mesxqynapogaasa kongepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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ruSciBERT mnanupyercss ob6yduTs Ha garacere, BKJIOYAIOINIEM OKOJIO 1 MJIp.I
TokeHOB. JlanHble 1 00ydeHus: coOpaHbl U3 garacera Semantic Scholar Academic
Graph, anHoramuii oryeros ¢ caiita ETTICY HUOKTP, a rakxke paboT u3 cucreMmbl
NCTHUHA MI'Y u apyrux OTKPBITBIX UCTOYHUKOB. Pa3Mep ¢jIoBapsi TOKEHU3ATOPA
B HamreM ciaydae paseH 50265 mo anasorum ¢ 6a3osoit momenbio RoBERTa.

Bernumapk ruSciDocs miaHupyeTcst cOCTaBUTH W3 3ajad, aHAJOTHIHBIX 33J1a-
gaMm opurnHasbHoro SciDocs: kiaccudukamnusi TekcToB 1o Kareropusam Microsoft
Academic Graph u OECD u3z ETYICY HUOKTP, rocymapcTBeHHOTO caiiTa jijis yue-
Ta, HayIHO-UCCJIEIOBATEILCKUX PabOT; MpeICKA3aHNe IUTHPOBAHUSI HA OCHOBE JIaH-
HbIx 3 Semantic Scholar Academic Graph u Apyrux OTKPBITHIX UCTOYHUKOB.

Ha mammsrit MmomenT Mbr oOyuman momeab RuSciBERT na maracere B 300 Mt
TOKEHOB Ha JByX smoxax. OHa MOKa3bIBaJia XOPOIINe Pe3yJIbTAThl IPU 3al0JTHEHUN
po06esIoB B TEKCTOBBIX (ppasax, a TaKKe ropasjio 0oJiee HU3KUI YPOBEHD ITepILIeK-
CHM Ha OTJIOXKEHHOM BBIOOPKE II0 CPABHEHHIO ¢ 0DIIeil sa3bIKoBoi Moaeabio ruBERT,
obOydenHOll Ha TekcTax Bcex Temaruk. Tak, RuSciBERT umeer mepruiekcuro 4.81,
[IprYeM OHa MOHOTOHHA, CHMXKAETCs Ha IOCJIEIHUX Imarax oOydeHWs, B CJI€ICTBUI
9€ero MOJeJIb MOXKHO 1000y4darh masbire. B To xe Bpems: rtuBERT umeer meprurek-
curo 9.64.

[Tpumeps! pabOTHI Halllel MOJIEJIM 3aII0JIHEHUST MACKMPOBAHHBIX TOKEHOB IIOKA3a-
HBI HI2Ke. B HIX MacKupOBaHHBIE TOKEHBI 0003Ha4YeHbI Yepe3 [, a Mojesb mpejcKa-
3bIBAET TPU HAMDOJIEE BEPOATHBIX BAPUAHTA TOKEHOB JJIsi 3aMEHBI.

— «IIPU UCHOJIb30BAHUH B YCUJINTEJIE MOIIHOCTHU &IalITUBHON n3MepurTeabHoit L mo-
SBUTCS BO3MOYKHOCTb» — «CHCTEMBI», <allllapaTypPbly, «CTAHIINU»

— <«YyKa3aHHBbIE OITOHEHTHI He MMEIOT [ | IPOEeKTOB U MyOJIMKAIMIT C COMCKATEIEM >
—» «COBMECTHBIX», «COOCTBEHHBIX», «AHAJIOTTIHBIX>

— <«HOBBI MeTOoJ yupasieHus [] xapakTepucTukaMu a0 (pUIbTPOB» —> «TE€XHIIe-
CKUMU», «T€XHOJIOIMIECKUMUY, «(DYHKINMOHAILHBIMI»

RuBERT Tak:ke mOKa3bIBA€T HEILIOXUE PE3YJIHTATHI, HO HEKOTOPBIE U3 €r0 BapH-
AHTOB 3AII0JTHEHUS SABJISIOTCA MeHee yIadHbIMA. TaK, B TEPBOM IPUMepe CPEJIN TIPe/I-
CKA3aHHOI'O MHOYKECTBO TOKEHOB €CTh «TEXHOJIOMMU» (MEHBIIE IIOXOIUT 10 CMBICJLY
4YeM OCTaJIbHble BAPHAHTHI), BO BTOPOM — <«CBOUX», & B TPETbeM — «BceMu» (BO3-
MOXKHBIE BAPHAHTHI, HO 6oJiee 00Iye 1 II09TOMY MeHee KaueCTBeHHBIE).

OCHOBBIBasICh HA TEKYIIUX PE3YJIBTATAX, MOXKHO IIPEIIOJIOKNATE, 9T0 ruSciBERT,
o0yJeHHBI Ha matacere B 1 MJIDJT TOKEHOB, MOKAXKET HAWIYUIINe Pa3yIbTAThl Ha
6erumapke ruSciDocs mo cpaBHEHUIO ¢ APYTUME CYIIECTBYIOIMUMHE TTOIXOTAMM.

[1] Iz Beltagy and Kyle Lo and Arman Cohan. SciBERT: Pretrained Language Model for

Scientific Text // EMNLP, 2019.

[2] Arman Cohan and Sergey Feldman and Iz Beltagy and Doug Downey and Daniel S.

Weld. SPECTER: Document-level Representation Learning using Citation-informed

Transformers // ACL, 2020.
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The significant increase in the number of scientific publications and scien-
tific reports makes their processing and analysis difficult and time-consuming.
Transformer-based language models pretrained on large text collections allow solv-
ing various NLP tasks. For instance, there are SciBERT [1] and SPECTER |[2]
models for working with scientific texts in English, but they do not support Russian
due to the small number of such texts in the training sample. In addition, the Sci-
Docs benchmark for scientific text representations also supports only English. The
proposed ruSciBERT model will allow solving a wide range of tasks related to the
analysis of scientific texts in Russian. Despite the model, we propose the benchmark
ruSciDocs to evaluate the quality of language models on these tasks.

SciBERT is a language model pretrained on a multidomain corpus of scientific
articles written primarily in English. Here, authors suggested to train the base
BERT model for the problem of predicting masked tokens for this corpus. The re-
sults obtained on several classification and named entities recognition (NER) tasks
for scientific articles significantly outperform the results of the base BERT model.
The tokenizer, additionally trained on the corpus, improved the quality of the lan-
guage model. Similarly, we suggest training of the RoBERTa model on the Russian-
language corpus of scientific texts with its own tokenizer. This model is called
RuSciBERT. We selected RoBERTa as the base model because it was trained on the
extended dataset and achieved better results compared to BERT.

SciDocs is a benchmark for assessing the quality of representations obtained
with language models. It includes four types of tasks: classification based on MAG
and MeSH classifiers; citation prediction based on the Semantic Scholar Academic
Graph; prediction of Semantic Scholar activity; article-query recommendations. All
tasks except the classification task are formulated as ranking problems.

RuSciBERT is planned to be trained on a dataset that includes about 1 billion
tokens. The data for training is collected from the Semantic Scholar Academic
Graph, abstracts of reports from the rosrid.ru website, istina.msu.ru, and other
open sources. The dictionary size of the tokenizer in our case is 50265, similar to
the basic RoOBERTa model.

The ruSciDocs benchmark is planned to be composed of tasks similar to those of
the original SciDocs: classification of texts by categories Microsoft Academic Graph
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and OECD from rosrid.ru, the public site for research work accounting; Prediction
of citation based on data from the Semantic Scholar Academic Graph and other open
sources.

As yet we have trained the RuSciBERT model on a 300 million-token dataset
in two epochs. It showed good results in filling gaps in phrases, as well as a much
lower level of perplexity on the validation sample compared to the general language
model ruBERT, trained on texts of all subjects. RuSciBERT has 4.81 perplexity,
and it decreases monotonously at the last steps of training. As a result, the model
can be improved further. At the same time, ruBERT has 9.64 perplexity.

Examples of how ruSciBERT works on the “fill-mask” task are shown below. In
these, masked tokens are marked with square [J, and the model predicts the three
most likely token replacements.

— «IIPU UCHOJB30BAHUU B YCUJIMTEJIE MOITHOCTU IAIITUBHON n3MepuTebHoi L] mo-
SBUTCS BO3MOXKHOCTb» — «CHCTEMBI», «allapaTypbly, «CTAHIINN»

— «YyKa3aHHBIE OIIIOHEHTHI He MMEIOT [ | IPOEKTOB U IyOJIMKAIMIT C COMCKATEIEM»
—> «COBMECTHBIX», «COOCTBEHHBIX», «QHAJOTUIHBIX>

— <«HOBBIil MeToJ yupasieHus [] xapaKTepucTUKaMu a0 (PUIBTPOB» —> «TEXHIYe-
CKUMU», «TEXHOJIOTMIECKUMU>, «(PYHKIIMOHAJHHBIMI»

RuBERT also shows good results, but some of them are less successful. For
instance, in the first example among the predicted set of tokens there are «rexmoso-
runs (less suitable than the other options), in the second - «Bcex» and in the third -
«BceMn» (possible options, but more general and therefore less qualitative).

Based on current results, ruSciBERT, trained on a 1 billion token dataset, will
show the best results on the ruSciDocs benchmark compared to other existing ap-
proaches.

[1] Iz Beltagy and Kyle Lo and Arman Cohan. SciBERT: Pretrained Language Model for

Scientific Text // EMNLP, 2019.

[2] Arman Cohan and Sergey Feldman and Iz Beltagy and Doug Downey and Daniel S.

Weld. SPECTER: Document-level Representation Learning using Citation-informed

Transformers // ACL, 2020.
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KoHTponupyemas reHepauus rpacos
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"Mocksa, MoCKOBCKHil (DI3UKO-TEXHUIECKIH HHCTHTYT

B nocsieaee Bpemst Habupaer MomyJsipHOCTh IIPeJICTaB/IeHNe TAHHBIX B BUJIE Ipa-
& 0B, KOTOPBIE UCIIOJIB3YIOT HE TOJIBKO [IPU3HAKOBBIE ONMMCAHNS O0'bEKTOB-BEPIINH, HO
¥ B3aWMOCBsI3b MeXKIy HuMHU. [Ipu pazpaboTke ajropuTMOB MAIIMHHOTO OOYI€HUS
Ha JAHHBIX TAaKOil CTPYKTYpbI MpobjeMa pasHooOpa3us JaTaceTOB CTOUT erme 0o-
Jiee OCTPO, MIO3TOMY Ba)KHOU SIBJIsIETCS 33/1a4a T'€HePAI CUHTETHYECKNX I'PadOB ¢
3a/[aHHBIMU CBOMCTBAMU.

B cymecrBytomux paborax Ha Temy rerepanuu rpadoB Xopomuio cebst ToKa3ain
MOJIEJIH, OCHOBaHHBIE Ha BapuanuoHHoM asrokomuposimke (GraphVAE). Tenepa-
IUs1, TTPOUCXOJIUT U3 CKPBITOIO BEKTOPA, KOTOPBIH BKJIIOYAET, KAK HHTEPECYIOIIYIO
Hac uHbOpManuo (CA0XKHBIE 3aBUCUMOCTH B Ipadax), TaK U JIErKO PacCUUThIBae-
MYIO CTAaTHCTHKY[1].

Mpi ripejijtaraeM BBIYHUC/IATE HA IIPEIBAPUTEILHOM dTAlle XapaKTepUCTUKH, Ha3bl-
BaeMble HAMU ITPOCTHIMU IIPU3HAKAMU: CTATUCTUKH Tpada, KOTOPhle MOYKHO PACCIH-
TaTh 33 JIMHEHHOE BPEMsi OT BXO/a, U YIeCTh UX OTIEIHHO. DTO HO3BOJIUT BHIIEIUTD
U3 CKPBITOrO BEKTOPA COCTABJISIONIIE XaPAKTEPHUIYIONINE CJIOXKHBIE 3aBUCUMOCTH.

B pabore 0ObLI0 MpeIoKEeHO HECKOJIbKO BAapUAHTOB APXUTEKTYp Ha OCHOBE
GraphVAE u DSSM. GraphVAE ucnosib3yercst 1ijisi CO3aHue CKPBITOTO IIPEJICTABIIE-
Hust 1 rereparuu, a DSSM yis pazmenenust nHGOpMAaIun BHYTPUA CKPBITOTO TP
craBieHus. MaTpuia CMeXKHOCTH W TPU3HAKN BEPIIUH UCIOJb3YIOTCS B KAIECTBE
Bxoza B GraphVAE. 9ukojiep GraphVAE npeobpa3oBbiBaeT nCXoaHbIi rpad B CKPbI-
TBIfl BeKTOp. exkonep TpanchopMupyeT BeKTOp B HOBYIO MaTpPHILy cMexkHocTHu. [1o-
cJie IPUMEHEHUsT SHKOJIEPA, MbI IIPUBOJIMM CKPBITBIIl BEKTOP U BEKTOP IIPOCTHIX IIPH-
3HAKOB B OJIHO IIPOCTPAHCTBO IIPU ITOMOIIU CTPYKTYPhI Ha ocHoBe DSSM. MBI cTponm
MpUOINKEHNE CKPBITOTO BEKTOPA HA OCHOBE BEKTOPA IMIPOCTHIX TPU3HAKOB M BHIUUTA~
eM oJiHO u3 Japyroro. [loydeHHyo pa3HOCTh HA30BEM CJIOKHBIMY Tpu3HakaMu. OHu
OTBEYAIOT 33 MUKPOCTPYKTYPY I'pada.

Ucciienyercst nBe MoqupuKauy MOJIEIN, KOTOPBIE OTJIUYAIOTCS ITAIlloM J100aB-
JIEHUsI TPOCTBIX IIPU3HAKOB IE€PE/] IPOILYCKAHUEM CKPBITOTO BEKTOPA dYepe3 JIEeKOIep.
[1] Chamberlain, B., Rowbottom, J., Gorinova, M. I., Bronstein, M., Webb, S., & Rossi,

E. Grand: Graph neural diffusion // International Conference on Machine Learning,

PMLR, 2021. — C. 1407-1418.

Mesxqynapoanasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Controlled Graph Generation
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Recently, the representation of data in the form of graphs is gaining popularity,
which allow using not only indicative descriptions of vertex objects, but also the
relationship between them. When developing machine learning algorithms on data
of such a structure, the problem of dataset diversity is even more acute, so the task
of generating synthetic graphs with given properties is important.

In existing works on the topic of graph generation, models based on the vari-
ational autoencoder (GraphVAE) have shown themselves well. Generation comes
from a hidden vector, which includes both the information of interest to us (com-
plex dependencies in graphs) and easily calculated statistics[1].

We propose to calculate at the preliminary stage the characteristics that we call
simple features: graph statistics that can be calculated in linear time from the input,
and take them into account separately. This will make it possible to extract from
the hidden vector the components that characterize complex dependencies.

Several variants of architectures based on GraphVAE and DSSM were proposed
in the work. GraphVAE is used to create a hidden view and generate, and DSSM is
used to separate information within a hidden view. The adjacency matrix and vertex
features are used as input to GraphVAE. The GraphVAE encoder transforms the
original graph into a hidden vector. The decoder transforms the vector into a new
adjacency matrix. After applying the encoder, we bring the hidden vector and the
vector of simple features into one space using a structure based on DSSM. We build
a hidden vector approximation based on a vector of simple features and subtract
one from the other. The resulting difference is called complex features. They are
responsible for the microstructure of the graph.

At the moment, we are investigating two modifications of the model, which differ
in the step of adding simple features before passing the latent vector through the
decoder.

[1] Chamberlain, B., Rowbottom, J., Gorinova, M. 1., Bronstein, M., Webb, S., & Rossi,

E. Grand: Graph neural diffusion // International Conference on Machine Learning,
PMLR, 2021. — C.1407-1418.
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Moaundunkaunn rpagueHTHbIX MeTOA0B C 3KOHOMUYHbIM
O4HOMEPHbLIM MOUCKOM

Anurur Anmon Cepzeesuny anikin@icc.ru
Upkyrek, UACTY CO PAH

B Hacrosiiee BpeMst B TeOpUn U MPaKTUKE ONTUMU3AINNA aKTUBHOE PA3BUTUE I10-
JIYIUJIA T.H. METOJbI CTOXaCTUYIECKON OIMTHMU3AINN, YTO OOYCJIOBJIEHO BBI3BIBHBIM
POCTOM WMHTEpeca K 3ajadaM MarruHHOro obydenus. K ogHoMmy mn3 HamboJsiee SpKUX
UX TPUMEPOB CTOUT OTHECTH 33Ja4i «O0yUeHUsI» MCKYCCTBEHHBIX HEHPOHHBIX Ce-
Teit, GAKTUIECKH SBJISIONINEC 33/Ia9aMi MIHUMUI3AIUN CYIIECTBEHHO HEBBIITYKJIIBIX
dyuknuii. [I[pumenenne njist perieHns TAKUX 3a/1a9 IMEHHO CTOXACTUYECKUX METOI0B
y2Ke IPaKTUIECKN CTajI0 MEHHCTPUMOM B IIUPOKOM IIPAKTHUKE, 9TO O0YCJIOBJIEHO KaK
<HENPUSITHBIMUA» CBOWCTBAMEU MUHUMU3UPYEMBIX (DYHKIWIA (GOJIBIIOE IUCIIO IKCTPe-
MYMOB), TAK U YUCTO TEXHUIECKUMHU IIPOOJIEMAMU — MHOI'ME aKTyaJIbHbIe HEHPOHHbBIE
CeTH TIPOCTO HE MOTYT OBITH 0OpabOTAHbI Ha TOJHOM JIaTaceTe B PaMKaX COBPEMEH-
HBIX BBIYHCJIUTEIBHBIX YCTPOUCTB.

Tem He MeHee, «KJIACCUIECKUE» METOJbl MUHUMU3AIUY ( «IIOJHOIDAIUEHTHDIE )
TaK>Ke PaHO cOpAChIBATH CO CUETOB, UTO IMOATBEPXKIAETCS UX HAJMYMEM B COCTABE
COBPEMEHHBIX (PPEHMBOPKOB It CO3/IAHUS HEHPOHHBIX CeTell, TAKUX KaK, HAIPU-
mep, PyTorch. Berauciurenpupiit onbIiT aBTOpa MO3BOJISIET YTBEPAKAATH UTO [IPU Ha-
JIMIUN BBIYUCIUTEIbHBIX BO3MOXKHOCTel (xBataer namsatn GPU, manpumep) takue
METOJIbI 3a9aCTYI0 IIOKA3bIBAIOT Iopa3 o OoJiee JIydllne Pe3ysIbTAThI, YeM IOILYJIsIp-
HbIE BAPUAHTHI CTOX-METOOB. JlOMOJIHUTEIbHBIM TIJIIOCOM [IPO/IBUHY THIX BAPUAHTOB
TIOJTHOTPA/IMEHTHBIX METOOB ABJISETCH UX aIAIITUBHOCTD, T.€. CIIOCOOHOCTH CaMOCTO-
ATEeJIbHO «HACTPaWBaTBhCA» Ha CBOMCTBA pelraeMoil 3a1a4n.

B pabore mpemararorcss MOAuGUKAIIAA P MOJTHOIPATUEHTHBIX METOI0B, Ha-
[IpaBJIEHHbIE Ha MOBBIIIEHNE UX BBIYUCIUTE/IbHON s derTuBrocTr. OCHOBHOIT neei
IIOJIXOJ[a SBJISETCsI OTKA3 OT CJIOXKHBIX ITPOIEYD OJJHOMEPHOH MUHUMUBAIUN, IIIHPO-
KO TIPEJICTABJIEHHBIX B JINTEPATYPE. ABTOPOM IPOJBUTAETCS UJIES «[TPOCTHIX» UTEPa-
Ui, KOTJIa TPAIUIIMOHHBIE TIOIX0O/Ibl JTMHEHHOIO MONCKA, HAJIEKHDBIE, HO TPDOMO3IKIE
U BBIYUCJIUTEIHLHO 3aTPATHBIE, 3aMEHSIOTCS Ha CYIIECTBEHHO 0OJiee MPOCTHIE AJIro-
PUTMBI, B YAQUHBIX CJIy4dasX TpeOyIoIye Jumb 2-3, a HHOIJa U BOBCE 1 BBIUUCIIEHIE
dyHKIMY 32 urepaiuo. st mojydeHns TAKUX Pe3yJIbTaTOB B aJrOPUTMbI METOIOB
BHECEHBI MOIM(DUKAIINN, HAIIPABJIEHHBIE HA ITPOBEJIEHNE «IIPABUJILHOIO» MACIITA0U-
POBaHWs HAIIPABJIEHUS OJHOMEDHOT'O ITOUCKA.

Pe3yabraThl BBIYHCIUTEIBHBIX SKCIEPUMEHTOB I PsIIa MOJIEJIBHBIX U IPUKJIIAJI-
HBIX MOCTAHOBOK, BKJIIOYAs 3aJa4du OOyUeHMsI MHOTOCJIONHBIX Heipocereil, mpose-
MOHCTPUPOBaJIN 3(PPEKTUBHOCTD [IPEJICTABIEHHBIX ONTHMU3AIMOHHBIX aJIlOPUTMOB,
U TI03BOJISIIOT HAJIEThCs Ha JaJIbHellee pa3BUTHE IIPeJJIOXKEHHBIX [TOJIX0/I0B, 8 TaK¥Ke
AJAITALAIO PsJIA TIOX0XKUX ujielt, cM. Harpumep [1].

[1] Andrei N. A double parameter self-scaling memoryless BFGS method for unconstrained

optimization // Computational and Applied Mathematics, 39, 159, 2020.
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Modifications of gradient methods with economical
one-dimensional search
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Currently, in the theory and practice of optimization, the stochastic optimization
methods have been actively developed, which is due to the rapid growth of interest
in machine learning problems. One of the most striking examples of them is the
artificial neural networks “learning”, which are actually problems of essentially non-
convex functions minimization. The use of stochastic methods for solving such
“learning” problems has practically become mainstream, which is due to both the
“unpleasant” properties of minimized functions (a large number of extremes) and
purely technical problems — many actual neural networks simply cannot be processed
with a full dataset on modern computing devices, such as GPU.

However, “classical” minimization methods (so-called “full-gradient”) are also
too early to be discounted, which is confirmed by their presence as part of modern
neural networks frameworks, such as PyTorch [1]. The author’s numerical experience
allows us to assert that in the presence of computational capabilities (GPU memory,
for example) such methods often show much better results than the popular variants
of stochastic methods, like SGD or Adam. An additional benefit of advanced variants
of full-gradient methods is their adaptability, i.e. the ability to independently “auto-
tune” to the properties of the problem being solved.

The paper proposes modifications of a number of full-gradient methods aimed at
improving their numerical efficiency. The main idea of the approach is the rejection
of complex one-dimensional minimization procedures that are widely presented in
the specialized literature. The author promotes the idea of “simple iterations”, when
traditional linear search procedures, reliable, but rather complex and computation-
ally expensive, are replaced by significantly simpler algorithms, in successful cases
requiring only 2-3, and sometimes even 1 calculation of a function per iteration.
To obtain such results, modifications have been made to the proposed optimization
algorithms aimed at “proper” scaling of the one-dimensional search direction.

The results of numerical experiments for a number of test and applied problems,
including the problems of multilayer neural networks learning, have demonstrated
the effectiveness of the presented optimization algorithms, and allow us to hope
for further development of the proposed approaches, as well as the adaptation of a
number of similar ideas, see for example [2].

[1] https://pytorch.org/docs/stable/generated/torch.optim.LBFGS.html
[2] Andrei N. A double parameter self-scaling memoryless BFGS method for unconstrained
optimization // Computational and Applied Mathematics, 39, 159, 2020.
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TexHonorus oby4eHnsi HEMPOHHbLIX CeTeli Ha OCHOBE MeToAa
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'Mumck, Benopycckuit rocynapCTBEHHBIH YHEBEPCHTET
2MI/IHCK7 Benopycckuit rocyiapcTBeHHBI YHUBEPCUTET

B ycnoBusx mmudposoit Tparcdopmaliun 0bIecTBa BO3pacTaeT poJib WHMOpMa-
[IMOHHBIX TEXHOJIOIMi, HAIIPABJIEHHBIX Ha U3BJIEYEHUS IOJIE3HON HMHMOPMAINUA U3
MaCCHBOB IU(MPPOBBIX JaHHBIX. OHON M3 TaKUX TEXHOJIOIUi, B YaCTHOCTH, SIBJISET-
cst MaImmuHHOE O0Oy4eHue. [Ipu 5ToM B KayecTBe ajropuTMUIECKOrO HHCTPYMEHTAPUS
B HUX YaCTO WCIOJB3YIOTCS HefipoHHble cern. [lociennne gBaSOTCS rUOKOM MaTe-
MaTUYIEeCKOI MOJIe/IbIO, C IIOMOIIBIO KOTOPOU pelraeTcs MUPOKUIT KPYT IPUKJIAIHBIX
3aja4. g HacTpoiiky HEHPOHHOM ceTn Ha KOHKPETHYIO MPEIMETHYIO 00/1aCTh ITpOo-
MU3BOJIAT ee 00yUeHne, KOTOpasl SBJISETCA TUIUIHON ONTUMHU3AIMOHHON 3a/1ateii.

Ha mauajpHOM 3Tane pa3sBuTHs HEHPOHHBIX CeTell JJist UX OO0yJYeHUs] ITPUMEHSLI-
csd, KaK MPaBUJIO, I'PAJUEHTHBIN moaxo 1. JIaHHBIN TOJIX0/T MOTyYn/T MMUPOKOE Pac-
IIPOCTPAHEHNE 38 CUET BBICOKOH CKOPOCTH CXOJUMOCTH PEAUIYIONINX €r0 METOJIOB.
OJHAKO ¢ PA3BUTHEM BBIYHCJIUTEIHHOW TEXHUKU CUTYAIUs KAPIUHAJIHLHO U3MEHU-
JIach U JIAHHBINA (DAKTOP IepecTas ObITh ONPEIEJSIONIM. DTO JAJ0 BO3MOYKHOCTD
Pa3BUBATDH AJBTEPHATUBHBIEC IMOIXOIBI K OOYIE€HUIO.

B pabore paccmarpuBaercs moaxol, OCHOBAHHBIN Ha UIEOJIOIHH CJIyYalHOTO I10-
ncka. B gactHOCTH, MCCIemyeTcs OHA M3 MPOCTHIX MOAMMUKAINN METOJA OTKUTaA
— Bousbipmanosekuit orkur [1]. B ommume or apyrux momudukaimii oH IpocT B
peayin3anyy U IPU PENIeHNH NPUKJIAIHBIX 33/a49 He TpedyeT CJI0KHOII HACTPOUKH
TapaMeTpPOB.

JlaHHBINT BADUAHT METOa OTXKHUIa, OIPEIE/ISIETCS JBYMS OCHOBHBIMU STAIIAMU: —
3aJIlaHNEeM TI0C/IeIOBATEILHOCTH TeMIeparyp 1o, 11,15, ..., 9JIeMEeHTBI KOTOPOil CBS-
3aHBI MEXKTy COOO0il COOTHOIIEHUEM:

Ty, = Ty /In(k + 2)

C 1moMOIIBIO JAHHBIX 3HAYEHUN ONPEEIIsIeTCsT BEPOSITHOCTD IIEPEX0/Ia U3 TEKYIIEro
peIlleHrsl & B HOBOE peleHune y. BeposiTHOCTDb orpeiesisieTcst o (popMyJie:

P(ylz) = min{l, (F(z) — F(y))/Tk}

— ¥ MIOCTPOEHUEM IIPOIIE/Iy Pl TeHEPAINK CIydaiiHbx pemtenuii. [lpemmaraercs opu-
TUHAJBHBIA aJrOpPUTM, peaJn3yomuii BoabIMaHoBCKTit OTKHUT.

Ilycts, manpumep, Heliponnas ceTh omnpemesnaserca M rpymmoit mapamerpos. To-
IJIa aJrOPUTM MOYKHO OIUCATDH CJIEJIYIOIMIIM O00Pa30M.

IIpenBapureabHblii 3Tan. VHUIIMAIM3AIUS TTApAMETPOB.

Mesxqynaponaasa kougepennus UOH-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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[Tar 0. 3aganne HAYAIBHBIX 3HAYEHUI IIApAMETPOB 3aja4u & = (1, Za,...Ty)
u TemiepaTypol 1(.

Ob6mias k-as nrepanms.

IIlar 1. Tenepupyitorca M ciry9aifiHBIX BEJUYIUH 7; 1O (POPMYyJIe

ni = [R[0;m;]]

rie Rla;b] — peanusanusi paBHOMEDHO DPACIpEJIEJEHHON CIIyqaifHON BEJIMIMHBI HA
orpeske [a;b] C R, m;—KOIMIECTBO IAPAMETPOB B KaXKJION rpyiie. SHAYEHUS 1, -
KOJIMYECTBO M3MEHSIEMbIX [1apaMeTPOB.

Iar 2. TenepupyioTcs ciydaiiHble HepecTaHOBKH (Q;, JyuHHON my;, i = 1, M
. IlepBble n; 371€MEHTOB 33JaI0T MHAEKCHI M3MEHSIEMBIX [1aPAMETPOB B KaXKJIO# u3
CPYIII TapaMeTpPOB.

IIycrs, nanpumep, J; = {Xgi1, Tqi2, - - - » Lqini f» — MHOXKECTBA U3MEHAEMBIX LIapa-
MEeTPOB.

[Tar 3. Pemenue y = (y1, Y2, - - - Yn) PeHepupyercs 0o GopmyJie:

Yk, Yk ¢ Jl,Z = ]-7M
Yk = § Yk + @ik, Yk € Jiyi =1, M
il = R[_lzal’LLZ = 17M7

ITar 4. Beruncasiercst 3sHauenue resesoit dyuximun F(y).

[Tar 5. HoBoe perienne BbIOMpaeTcss B COOTBETCTBUN 3HAYEHUEM BEPOSITHOCTU
(2).
HTar 6. [Tpuamun ocraxoBa.

Ecmn Bpemsa, Ha obyuenne nCTEKI0, TO aJrOPUTM 3aBepiraeT paboTy, B IPOTHUB-
HOM cJiydae 3HaYeHus k yBEeJNINBAETCS Ha eJIMHUILY U IIPOUCXOuT repexo Ha [Tlar
1.

Herpyauo BujieTh, 9T0 OMHON U3 IJIABHBIX ITPODJIEM JTAHHOIO KJIACCA AJITOPUTMOB
SIBJISIETCS €70 CXOJIUMOCTD. BbLIO JOKa3aHo [2], 94To JaHHBI aJropuTM rapaHTupO-
BAHHO CXOIUTCS 10 BEPOATHOCTH K ONTHUMAJIHLHOMY PEIIEHHIO U3 JTI000T0 HAYAJIHHOTO
npubsmKennst. Takke ObLIO YCTAHOBJIEHO TEOPETUIECKOE COOTHOIIEHWE 3HATEHUIH
IapaMeTpoB AJTOPUTMA U CKOPOCTH CXOJMMOCTH MeToia. Ha OCHOBe pe3yJsibraToB
TEOPETUYUECKHUX UCCJIJOBAHMIT Obliia pa3paboTaHa IPOIE/Lypa HACTPOWKN IapaMeT-
POB AJITOPUTMA JIJTs1 JOCTUKEHUST MAKCUMAJIBHOM CKOPOCTH CXOJMMOCTH K OIITUMAJTb-
Homy pereruio. Kpome Toro 610 TOKA3aHO, YTO OMUCAHHBIN BBIIIE AJITOPUTM MO-
JKeT JIETKO ObITH aJIAlTHPOBAH K 00y 9IEHUIO HETPOHHBIX ceTell IPYroil apXUTEKTYPHI.

[To pesysibraTaM TEOPETHYECKUX UCCJIEI0OBAHUI pazpaboTaHa IIPOrpaMMHAsT TeX-
Hostorust (B Buzie GpeifiMBOPKA) ¢ UCIOIb30BAHNEM HEPOHHBIX CeTel, TOKPBIBAOIIAs
BCE ITallbl pPelleHus NPUKIJIHBIX 3a1a4 (0T CO3TaHUS CeTU 0 €€ MPUMEHEHHS ).
JlanHast TEXHOJIOTHsI PEAIN30BaHA B BUJIE€ COBOKYITHOCTU OTE/IBHBIX IMPOIPAMMHBIX
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MOJIyJIeii, COOTBETCTBYIOIINX BCEM 3dTAllaM pellleHus 3a7a4du. B gacTHOCTH, B paM-
KaX aJI'OPUTMUYECKOrO0 MOJIYJIsS Peajim30BaHa OmMO/IMOTEKa, BKJIIOYAIONIAS IIPEJJIO-
JKEHHBII aJI'OPUTM U Psiji MOAMMDHUKAIMH U3BECTHBIX IPAJIMEHTHBIX AJTOPUTMOB (Me-
TOJI POCTOTO TPAIMEHTA, METOJ, MOMEHTOB, METOJ, AJAITHBHOIO MOMEHTA W Jp.).
Hacrpoitkn mapaMerpoB ajropuTMOB O0yYeHUsS XPAHSITCS B OTHEIbHBIX (ailaax u
MOTYT U3MEHSITHCH.

Heobxonumo oTMeTUTD, 9TO IPU PEAJIU3AINKA OIMCAHHOIO BBIIIE aJITOPUTMA UC-
IIOJIF30BAJINCH PA3JINYHbIE TEXHUKU NapaJljieIbHbIX Beraucjienuit. B yacraocTn, 66118
pazpaboTaHa CIielaIbHas IIPOIIE/lypa pacuapauieTuBanus /st 3(pPeKTUBHOTO Uc-
[TOJTb30BAHUST KAIIIEH IPOIeccopa U BUAEOKAPTHI, & TAKXKE JjIs 00eCIIeYeHNs 3arpy3Kn
fAJIep 1 MUHUMU3AINN U3JIeP2KeK cuaxporn3anuu. Kpome Toro, B pamkax ¢gppeitMBop-
Ka pa3paboTaHa MpoIeIypa /s aBTOMATHIECKOTO BhIOOPa 3 HEKTUBHOTO ClieHAPUS
pacnapaJlIeJIIBaHus € yIeTOM OIEHKH MOIIHOCTH BBIUYUC/IUTE/IBHBIX YCTPOICTB KOM-
LIBIOTEPA.

DpeiiMBOPK TOJIEPKUBAET BO3MOXKHOCTD IIPEPBIBaHUS mporiecca obyuenus. [1pu
3amycke O0yUIeHUs YKa3bIBAETCS BpeMsi OOyUYeHNs M IIPU €0 3aBEPIIEHUN COXPAHSI-
I0TCsI BCe HeOOXOAMMbIE JaHHBIE Jisi BO3OOHOBJIEHUs IIporecca obydenus (Ipu 10-
CJIEIYIOTIAX 3aITYCKAX ).

Onucannblii ppeiliMBOPK YCIIEITHO ITPUMEHSIJICS JIJI PEIeHUs] ITPUKJIAIHBIX 3a-
Jlad, CBSI3aHHBIX C aHAJM30M U CXKATHEM I[BETHBIX PACTPOBBIX M300parkenmii. Takke
OBLI MPOBEJIEH Psif IKCIIEPUMEHTOB 110 TTPOBEPKe 3(PDEKTUBHOCTH, OMUCAHHOTO BbI-
me agropurma obydenns. Ha m3BecTHBIX BBIOOPKAaX IPOBOIUJIOCH €r0 CPABHEHUE C
[IOIYJIAPHBIME B JINTEPATYPE AJTOPUTMAMU I'paJUeHTHOro cirycka. I[lokazano, drTo
IIpe/IJIOYKEHHBIN 1I0/IX0JT, PeaJIU3YIOMUil UJel0 CIydailHOTO IIOUCKA, DU HCIOIb30-
BaHWUM CIENUAJIBHBIX [IPOLEYD paclapallIeIMBaHUsI HE YCTYIIAET 110 CKOPOCTH 00y-
YeHHUs I'PAJUEHTHBIM MeToJaM. bojiee TOro, mpeioyKeHHbIH aaropurM OoJiee deM
BJBOE IPEBOCXOJIUT IO UX KAYIECTBY.

[1] Kirckpatrick S. Optimization by simulated annealing // Science, USA: American

Association for the Advancement of Science, 1983. — C. 671-680.

[2] Krasnoproshin V. Random search in neural networks training // Proceedings of the
13-th International Conference “Computer Data Analysis and Modeling” — CDAM’2022,

Minsk: Belarusian state university, 2022. — C. 96-99.
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Technology for training neural networks based on the annealing
method

Krasnoproshin Victor'? krasnoproshin@bsu.by
Matskevich Vadim®x matskevich1997@gmail.com
!Belarus, Minsk, Belarusian State University
2Belarus, Minsk, Belarusian State University

In the context of the digital transformation of society, the role of information
technologies is increasing, aimed at extracting useful information from digital data
arrays. One such technology, in particular, is machine learning. At the same time,
neural networks are often used as algorithmic tools. The latter are a flexible math-
ematical model that can be used to solve a wide range of applied problems. To
tune the neural network to a specific subject area, it is trained, which is a typical
optimization problem.

At the initial stage of the development of neural networks, as a rule, a gradient
approach was used for their training. This approach has become widespread due
to the high convergence rate of the methods that implement it. However, with the
development of computer technology, the situation has changed dramatically and
this factor has ceased to be decisive. This made it possible to develop alternative
approaches to training.

The paper considers an approach based on the ideology of random search. In
particular, one of the simple modifications of the annealing method, Boltzmann
annealing [1], is studied. Unlike other modifications, it is easy to implement and
does not require complex parameter settings when solving applied problems.

This version of the annealing method is determined by two main stages: — defin-
ing temperature sequence Ty, 77,75, ..., the elements of which are interconnected
by the relation:

T, = To/ln(k +2)

Using these values, the transition probability from the current solution x into new
solution y is determined. The probability is determined by the formula:

P(ylz) = minf{1, (F(z) — F(y))/T}

— and by constructing generating random solutions procedure. An original algorithm
is proposed that implements Boltzmann annealing.

Let, for example, the neural network is defined by M group of parameters. Then
the algorithm can be described as follows.

Preliminary stage. Parameters initialization.

Step 0. Setting initial values for task parameters: = = (x1,x2,...2,) and tem-
perature Tj.

General k-th iteration.

Step 1. M random variables n; are generated by formula

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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n; = |R[0;m;]]

where R[a;b] — is realization of uniform distributed random variable on a segment
[a;b] C R, m;—amount of parameters in each group. Values n;, is amount of changing
parameters.

Step 2. Random permutations Q; are generated, with a length of m;, i = 1, M .
First n; elements determine changing parameters indexes in each group of parame-
ters.

Let, for example, J; = {Zg;1, Zgi2, - - -, Tqini }, are sets of changing parameters.

Step 3. Solution y = (y1,¥2,- . Yn) is generating according to the formula:

Yk, Yk ¢ Jlaz = 17M
Yk = \ Yk + @ik, Yy € Jiyi =1, M
) = R[*lulz]az = 13M7

Step 4. The objective function F(y) value is calculated.

Step 5. A new solution is chosen according to the probability value (2).

Step 6. Stop principle.

If the time for training has expired, then the algorithm terminates, otherwise the
value k is increasing by one and going to Step 1.

It is easy to see that one of the main problems of this class of algorithms is
its convergence. It was proved [2] that this algorithm is guaranteed to converge
in probability to the optimal solution from any initial approximation. A theoret-
ical relationship between the values of the algorithm parameters and the rate of
convergence of the method was also established. Based on the results of theoret-
ical studies, a procedure for adjusting the algorithm parameters was developed to
achieve the maximum rate of convergence to the optimal solution. In addition, it
was shown that the algorithm described above can be easily adapted to training
neural networks of a different architecture.

Based on the results of theoretical studies, a software technology (in the form
of a framework) was developed using neural networks, covering all stages of solving
applied problems (from creating a network to its application). This technology is
implemented as a set of individual software modules corresponding to all stages of
solving the problem. In particular, within the framework of the algorithmic module,
a library is implemented that includes the proposed algorithm and a number of mod-
ifications of known gradient algorithms (simple gradient method, moment method,
adaptive moment method, etc.). The settings of training algorithms parameters are
stored in separate files and can be changed.

It should be noted that various parallel computing techniques were used in the
implementation of the algorithm described above. In particular, a special paral-
lelization procedure was developed to efficiently use the processor and video card
caches, as well as to ensure core loading and minimize synchronization overhead. In
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addition, within the framework, a procedure has been developed for automatically
selecting an efficient parallelization scenario, taking into account the assessment of
the power of computer computing devices.

The framework supports the ability to interrupt the training process. When
training is started, the training time is indicated and when it is completed, all the
necessary data is saved to resume the training process (at subsequent launches).

The described framework has been successfully used to solve applied problems
related to the analysis and compression of color raster images. A number of ex-
periments were also carried out to test the effectiveness of the training algorithm
described above. On known samples, it was compared with gradient descent algo-
rithms popular in the literature. It is shown that the proposed approach, which
implements the idea of random search, when using special parallelization proce-
dures, is not inferior in terms of training speed to gradient methods. Moreover, the
proposed algorithm is more than double their quality.

[1] Kirckpatrick S. Optimization by simulated annealing // Science, USA: American As-

sociation for the Advancement of Science, 1983. — p. 671-680.

[2] Krasnoproshin V. Random search in neural networks training // Proceedings of the 13-
th International Conference “Computer Data Analysis and Modeling” — CDAM’2022,

Minsk: Belarusian state university, 2022. — p. 96-99.
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BbiuncnurtenbHble TexHONOrMn onTUMmU3auum
ATOMHO-MONEKYNsApHbIX KnactepoB CaTroHa-YeHa
pa3mepHocTeii ot 101 go 130 atomos

Copoxosuxos ITasen Cepzeesun' pavel@sorokovikov.ru
Topros Aaexcandp FOpvesun't gornov@icc.ru

"Mpkyrck, VHCTHTYT [MHAMIKE CIHCTEM ¥ TeOpHH yrpapienus nvern B.M. Marpocosa

CO PAH

BOSpaCTaIOHLaﬂ C KaK/JIbIM JTHEM IIPOU3BOIUTEIBbHOCTDH BHIYUC/IUTE/IbHBIX CUCTEM
JIaeT BO3MOYKHOCTH UHCJIEHHOI'O MCCJIEIOBAHUS PA3JUIHBIX COJIEPKATEbHBIX 33189
r06a IO onTuMu3anuu OOBITNX padMepHocTeit. OIHOM U3 TAKUX 3a/aY ABJISET-
Cs1 TIOMCK HU3KOIOTEHITUATBLHBIX COCTOSHUN aTOMHO-MOJIEKYJISPHBIX KJIACTEPOB, CBO-
JISITIACS K MUHUMHA3AIUA MHOTO9KCTPEMAJIBHBIX MOTEHIUAIBHBIX (hyHKInit. Oco-
OGEHHOCTD YKA3aHHOI'O KJIaCcCa 3aJ1ad COCTOUT B UPE3BBIYANHO OBICTPOM YBEJIUYEHUN
YUCJIA JIOKAJIBHBIX ONTUMYMOB C POCTOM pa3MepHOCTHU. [loaroMy jiyist ucciieioBaHmst
33724 ONTUMU3AIUMU aTOMHO-MOJIEKY/ISPHBIX KJIACTEPOB HEOOXOIMMO MPUMEHEHUE
CHENUAN3UPOBAHHBIX TIOJIXO/I0B, B KOTOPBIX YUUTHIBAETCS HETPUBUAJILHOCTH Pac-
CMATPUBAEMbBIX CTPYKTYP.

B pabote npeioyKeHbl BHITUCINTEIbHBIE TEXHOJOTUH, TOCTPOEHHBIE Ha OCHOBE
CIIEIUAJIN3UPOBAHHBIX AJIFOPUTMOB TJIOOAJIBHON U JIOKAJIbHOM onrumusaruu. KoJ-
JIEKIIUsT aJITOPUTMOB HEJIOKAJIBHOI'O MMOMCKA COCTOUT M3 MOIAM(PUKAIMIA aJITOPUTMOB
MSBH («Monotonic Sequence Basin-Hopping» ), «skcueprroro mnouckas, [layasia,
[Ceprenst, «cirygallHbIX TIOKPBITHITY, TIOUCKa ¢ 3amperamu, JIyyca—dakosbl, TyHHe b-
Horo nowncka, Pactpuruna, PozenOpoka u psijia OMOMHCIIMPUPOBAHHBIX AJTOPUTMOB
(rapMOHHYECKOTO TIONCKA, Groreorpadun, posi 9aCTHIl, TeHETUIECKOTO TTOUCKA, Aud-
depeHnnaIbHOM SBOJIIONNN, ONTUMU3AIIY 110 IPUHIIAITY «yIUTEIb-yIEeHUK >, OIbLIe-
HUSL [[BETKOB U IPOYnX ). Jljist IOKAJIBHOM ONTUMU3AIUN IPUMEHSIOTCA MOIUDUKAIIUYT
METO/Ia, MHOTOMEPHOT'O JIMXOTOMUYIECKOTO ToucKa, merona Ilomsgka 1969 r., mekom-
MO3UIMOHHOTO TpajiueHTHOrO MeTojia, anroputMbl L-BFGS, BFGS, compsikéHHBIX
IPaJIMEHTOB U JIpyTHe.

C UCI0JIb30BaHUEM IPEJJIOYKEHHBIX BBIYUC/IUTEIBHBIX TEXHOJIOIUIl BBIMOJITHEHO
qucsIeHHoe uccieoBanne Kiacrepos Carrona-Yena [1, 2] co ¢cBepXGOIBIIIM IHCIOM
aromoB. [TocraHoBKa 331891 UMeeT CJIe Iy IOIINI BUJT;:

=10, c=144.41, a = 1.0, p = 12.0, m = 6.0,

3
Tij = Z (@3(i-1)+k — ws(j71)+k)2~
k=1

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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3aecb N — KOJIMYECTBO aTOMOB; €, C, G, P, M — CIICNUAJbHBIC [aPAMETPBI; T'j; —
paccTosiHre MeXK Iy aroMaMu ¢ 1 j. K HAcTosIeMy BpeMeHH Oy OJINKOBAHDBI PE3YJIb-
TaThl pacueros s Kiaacrepos Carrona-Yena uz 3-80 (B 6ase nannbix [1]), 81-100
aTtoMoB (B crarbe aBTOpoB [3]). B manHON pabGoTe IIPOBEIEHBI CHCTEMHBIE YHCIIEH-
HbIe PACYeThl HAXOXKJIEHNS HI3KOIOTEHITNAIbHBIX COCTOsIHII KiracTepos u3 101-130
gactu ¢ maroMm 1. B Tabmure 1 npuBeieHs! HAMITY dITIE HAICHHBIC 3HATCHIS TIeJTe-
BOit GYHKINHU IPU YKA3aHHBIX pasMepHocTaX. CpaBHUTENbHBII aHAIN3 Pe3yIbTATOB
YUCJIEHHBIX SKCIIEPUMEHTOB He BBISIBUJ PE3KUX OTKJIOHEHWI OT HabJII0IaeMoil 3aK0-
HOMEPHOCTHU M€Ky HANJIEHHBIMU 3HAYEHUSIMU TIOTEHIUATBHON (DYHKIUN U YUCIOM
aTOMOB. ABTOpaM HEM3BECTHO O APYTUX TOIBITKAX YUCIEHHOTO PEIeHUs 38,184 O TH-
MHU3aIiN aTOMHO-MOJIEKYIISAPHBIX KiaacTepos CarTona-Yena mist paccMaTpUBAEMbIX
pa3MepHOCTEIt.

Ta6aumna 1. Haiinenrble 3HaYeHnst TOTEHIINAIBHON (DyHKIIMNI

N 3uadvenne N Snauenne N Bnauenne
101-100559.4244145(111+110675.4711413(121+-121197.8264439
102-101494.6104804{112-111804.7537754{122-122239.0745511
103-102339.0141058/113-112899.2666217123-123161.0703135
104-103361.5083377/114-113983.8650900[124-124338.9615661
105-104635.8467008/115-115064.4225977125+125544.1311698
106-105528.5077622(116-115946.4155691(1261126394.8683179
107-106534.7214208/117-117002.2997003(127+-127376.7933742
108-107584.0958892(118-118188.8766323(128-128348.7347942
109-108639.6763096/119-119356.7138626(129F129626.4128232
110-109681.3715923(120-120085.4988394(130F130585.2199066

PesynbraTer mosyuensl B pamkax roc3amanus Muxobprayku Poccun mo mpoexk-
Ty «Teopust 1 METOIBI MCCACTOBAHUS IBOIIONMOHHBIX YPABHEHUN W YIIPABIISIEMbBIX
cucreM ¢ npuioxkenusmu» (No. roc. perucrpanum: 121041300060-4).
[I] Wales D. J., DoyeJ. P. K. The Cambridge Energy Landscape Database,
URL http://www-wales.ch.cam.ac.uk/CCD.html.
[2] Todd B. D., Lynden-Bell R. M. Surface and bulk properties of metals modelled with
Sutton-Chen potentials // Surface Science, Vol. 281, No 1-2, 1993. — Pp. 191-206.
[3] Sorokovikov P., Gornov A. Modifications of flower pollination, teacher-learner and

firefly algorithms for solving multiextremal optimization problems // Algorithms,
Vol. 15, No 10, 2022. — P. 359.
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Computational technologies for optimizing atomic-molecular
Sutton-Chen clusters with dimensions from 101 to 130 atoms

Sorokovikov Pavel'x pavel@sorokovikov.ru
Gornov Alexander gornov@icc.ru
Trkutsk, Matrosov Institute for System Dynamics and Control Theory of SB RAS

The increasing productivity of computing systems every day provides the possi-
bility of numerical research of various substantive global optimization problems of
large dimensions. One of these problems is the search for low-potential states of
atomic-molecular clusters, which reduces to the minimization of multi-extremal po-
tential functions. A feature of this class of problems is the extremely rapid increase
in the number of local optima with increasing dimension. Therefore, to investigate
optimization problems for atomic-molecular clusters, it is necessary to use special-
ized approaches that take into account the non-triviality of the structures under
consideration.

The paper proposes computational technologies built on the basis of specialized
algorithms for global and local optimization. The collection of non-local search
algorithms consists of modifications of the MSBH (“Monotonic Sequence Basin-
Hopping”), “expert search”, Powell, Gergel, “random coverings”, taboo search,
Luus—Jaakola, tunnel search, Rastrigin, Rosenbrock algorithms and a number of
bioinspired algorithms (harmonic search, biogeography, particle swarm, genetic
search, differential evolution, teacher-learner optimization, flower pollination, etc.).
For local optimization, modifications of the multidimensional dichotomous search
method, Polyak’s method of 1969, the decomposition gradient method, L-BFGS,
BFGS, conjugate gradient algorithms, and others are used.

A numerical study of Sutton-Chen clusters [1, 2] with an extremely large number
of atoms has been carried out using the proposed computational technologies. The
problem statement has the following form:

e=1.0, c=144.41, a = 1.0, p =12.0, m = 6.0,

3

2

Tij = E L3(i—1)4 563(j71)+k) .
k=1

Here N is the number of atoms; €, ¢, a, p, m are special parameters; 7;; is the
distance between atoms ¢ and j. To date, the results of computations have been
published for Sutton-Chen clusters with 3-80 (in the database [1]), 81-100 atoms
(in the paper of the authors [3]). In this work, we performed systemic numerical
computations of finding the low-potential states of clusters of 101-130 atoms with

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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a step of 1. Table 1 shows the best-found values of the objective function for the
specified dimensions. A comparative analysis of the results of numerical experiments
did not disclose any sharp deflections from the observed regularity between the found
values of the potential function and the number of atoms. The authors aren’t aware
of other efforts to numerically solve the problems of optimizing the Sutton-Chen

atomic-molecular clusters for the dimensions under consideration.

Table 1. The found values of the potential function

N

Value

N

Value

N

Value

101
102
103
104
105
106
107
108
109

-100559.4244145
-101494.6104804
-102339.0141058
~103361.5083377|
~104635.8467008
-105528.5077622
-106534.7214208
-107584.0958892
-108639.6763096

110

~109681.3715923

111
112
113
114
115
116
117
118
119
120

F110675.4711413
F111804.7537754
F112899.2666217|
+113983.8650900
F115064.4225977|
F115946.4155691
F117002.2997003
F118188.8766323
F119356.7138626

-120085.4988394

121
122
123
124
125
126
127
128
129
130

F121197.8264439
F122239.0745511
F123161.0703135
+124338.9615661
F125544.1311698
F126394.8683179
F127376.7933742
F128348.7347942
F129626.4128232
F130585.2199066

This research is funded by the grant from the Ministry of Education and Science
of Russia within the framework of the project “Theory and methods of research of
evolutionary equations and controlled systems with their applications” (state regis-

tration number 121041300060-4).
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!Tyna, Tynsckuit ToCyJapCTBEHHBIH YHIBEPCATET

B npenpiaymeit pabore [1] onmcana 3ajada oucka KpaTdailero He3aMKHYTO-
ro nytu (KHII) u npemnoxkenst 9 amropurmos nist ee pemenust. Camblit oueBmI-
HBI crtocob Haitu ontuMmasbHbl KHII — 310 mosiHbI 11epebop Bcex BCEX BO3MOXK-
HBIX KOMOWHAIMIT TOYEK, MPEJICTABISIONNX 00bEeKTH HEKOTOPOTO Habopa JaHHBIX,
U BBIOOD IIyTU ¢ MUHUMAJILHON OlEHKOI 3agannoro kpurepus (anropurm AQ). Ta-
KO aJIrOPUTM IPUMEHUM TOJBKO K JAHHBIM C HEOOJBIINM KOJTHIECTBOM OOBEKTOB
1 B paboTe MPEIJIOKEHBI PA3JIMYHbIE MOMUMUKAIUN KAJHOIO AJTOPUTMA, ITOUCKA
KHIT wan xBasu-KHIT (A1-A4R) [1] . DKCHepUMeHTHI OKA3AJIM, UTO AJITOPUTMBI
A0-A4R obecnieunBaioT onruMasbHoe pemenue 3agadn norcka KHII na meboabmmx
JIAHHBIX, & TAKXKe HAXOIAT YyCTONIMBOE PEIICHHE JIJIs IAHHBIX 60JbIIoro obbema [1].
B mpeapraymeit pabore orMedaercs, 9To ¢ 3PPHEKTUBHOCTHIO MOANMUKAIAN KA THBIX
aJITOPUTMOB PACTET U UX BBIYUCJIUATEbHAS CJIOKHOCTH. 110 3T0#l mpuynne, Hampu-
Mmep, anroputm A4R He ymasoch npuMeHUTH Ha Habope jmaHHBIX Iris Data Set [2] u
Abalone Dataset [3]. Bosnee Toro, anropurm AQ B pa6ote [1] He yIaI0Ch NPUMEHUTH
Ha JAHHBIX C KOJUIECTBOM OOBLEKTOB OOJIbIIE 15.

OcHoBHOI uIeeit HOBO PAOOTHI SIBJISETCS YLy dIll€HUE PEITIeHN T, & UMEHHO YMEHb-
IIEHIe JJINHBI Iy TH, TOJIY9YeHHBIX B IPEeIbLIyINeil paboTe 3a CUeT MOUCKA JIOKAJIbHO-
ONTUMAJIBHBIX pemreHnil. Tak Kak BBIYUCIUTEIbHAS CJIOXKHOCTH IPEJJIOKEHHBIX B
pabote [1] anropuTMOB pacTer ¢ yBeJnUeHneM KOJINIECTBA OOBEKTOB, IIPeJIaraeT-
csl yIydIIaTh IyTh HE IEJUKOM, & HA €ro OTIEJIbHbIX ydacTKax (orpeskax). Uges
3aK/IF0YAETCS B TOM, 9TOOBI BBIODATH OTPE30K IyTH m3 N TOUYEK, yHOPSIOIEeHHBII
OJIHUM U3 aJIFOPUTMOB, IIPEJJIOXKEeHHBIX paHee [1], 3adbukcuposars nBe KpaiiHue To4-
Kd U npuMeHuThb ajroputMm AQ Ha oObeKTax MexKjy HUMHU. BayKHO OTMETUTDH, 94TO
ajroput™m A(Q IpuMeHsieTCsl Ha BCeX TOYKaX KpoMe 3a(pUKCHUPOBAHHBIX, OJIHAKO IIPU
OIIEHKE JIJIMHBI OTPE3Ka UX HEOOXOIMMO YUUTHIBATH. TakKasl IPOIEeIypa rapaHTUPO-
BaHO HE yBEJWYUT JIJINHY, HO MOXKET ee YMEHbINUTh. lIpejaraercs nBa BapuaHTa
[IPUMEHEHUsI TIPOIEYPhI:

1) AOP. TlocnenoBaresnbHblil Tpoxo, BaoJib myTu. HeobxXoauMo 3a1aTh Koinde-
CTBO OOBEKTOB y4acTKa IyTH (JUIMHY OKHA) T U IIar CMENIeHUs S. 3aTeM Iepeme-
ATHCS BJOJIb IIyTH C 33/IAHHBIM IIarOM U [IPUMEHSITh IIPOIELYPY JJIsl BBIIEIEHHOTO
orpeska. [locemoBarebHBIN IPOX0O MOXKHO BhIOJIHUTE M pa3. KosmaectBo obpa-

N —n
IEHUH K IIyTU 38 ONHY UTEPAINIO SKBUBAJIEHTHO: Li + 1J .
s
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2) AOPR*. Cuyuaiiablii BBIGOp OTPe3KOB. AJIropuTM cirydaiiHbIM 06pa3oM BbIOH-
paeT y4acToK IIyTH, K KOTOpOMY OyzeT nprumeHeHa mporeaypa. Ilapamerpamun aj-
POPUTMA SIBJISIFOTCSI JIJIMHA OKHA 7 ¥ KOJIMYECTBO UTEPAIAN ITPUMEHEHNST aJITOPUTMa,
M. KosmaecTBo oOpallieHnii K IIyTH 3a OJHY UTepanuio SkBuBajieHTHO: N — n + 1.

PesynbraTtom paboThl siBIIsieTCS yIIydII€HUE PEITeHuil, HAWJIEHHBIX aJITOPUTMa~
MU, OMUCAHHBIMA B TIPEIBIIAYINEH paboThl HA TeX ke JaHHbiX. s agropurma AOP
ObLIM yCTaHOBJIEHBI apaMeTpbl s = 1, n = 10, M = 10, a nna anropurma AOPR*
napamerpsl n = 10, M = 10. s wabopa Iris Data Set [2] yzamoch ymeHbIINTE
mmry KHIT ajgropurmom AOP ¢ 51.627 mo 50.130 3a Bpemst paboTs! ajropurma 295
MC, JJjIs HADOpa JAHHBIX M3 PAbOTHI O OOHAPYKEHUIO aKTUBHOCTEN JIIO/IEH Ha OC-
HOBe 6a3UCHON COBOKYIHOCTH 06beKTOB [4] ymanocs ymenbiuth muny KHIT ¢ 5.95
1o 5.902 3a 249 mc, a ana garabix Abalone Dataset [1] ¢ 173.392 no 171.330 3a 6
cek. Pesysbrarer npumenennst anropurma AOPR* st mammeix (2] u [4] Taxoii xe,
HO BpeMsl IOTPAvYeHHOe Ha BBIYHMCJIEHUsI BBIPOCJIO B 3-4 pasa. i mamaeix Abalone
Dataset [3] ayuny myTn yiaasock ymMeHbIHTb 110 171.3 3a 24 cek.

Asropurm AQOP paboraer cTabMIIBHO, OJIHAKO €r0 PEIleHre, 3a CUeT MMOCIe0Ba-
TEJIBHOTO 00X0/a, MOYKET OCTAHOBUTHCH B JIOKAJIBHOM IKCTPEMYyME U K [VI00AILHOMY
pertenuio npuiitu He noaydurea. A angropurm AOPR* 3a cuer cirydaiinoro Bbibopa
OTPE3KOB JIJIsi MOXKeT ODOMTHU JIOKAJIbHOE peleHne. TakuMm 00pa3soM, PeKOMEH IyeT-
ca zamyckarh agroputm AOPR* Heckonbko pas, 9ToObI MCKIIOUUTEL MONAJaHUE B
JIOKAJIbHBIN 9KCTPEMYM.

Pabora Bemosnena npu ¢unancoBoil momepkke MunncrepcTBa HAyKU U BBIC-
mero obpasoBanusi P® B pamkax rocyaapcrsenroro 3aanns FEWG-2021-0012.

[1] Seredin O., Surkov E., Kopylov A., Dvoenko S. Multidimensional Data Visualization
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Data Processing. ICABDE 2021, Ho Chi Minh City: Springer, 2021. — p. 279-299.

[2] Fisher R.A. The Use of Multiple Measurements in Taxonomic Problems // Annals of
Eugenics (Vol. 7), 1936. — p. 179-188.

[8] Warwick J., Tracy L., Simon R., Andrew J., Cawthorn B.-Y.., Kot A.C., The
Population Biology of Abalone (Haliotis species) in Tasmania. I. Blacklip Abalone (H.
rubra) from the North Coast and Islands of Bass Strait // Sea Fisheries Division, No.
48

[4] Cypxos E.5. Uccnenobanue 6a3uCHOM COBOKYIIHOCTH CKEJIETHBIX IIPEICTABIICHUIl B 3a-
Jade gerekTupoBanus najnenuii // Jlomonocos-2021: C6opuuk resucos XX VIII Mexmy-
HapOIHON HayYIHOM KOH(MEPEHIINN CTYAEHTOB, aCIUPAHTOB U MOJIOJIBIX yaeHbiX, MocKBa,
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The shortest unclosed path search between objects using locally
optimal solutions
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Kopylov Andrei' and.kopylov@gmail . com

!Tula, Tula State University

The previous work [1] defines the shortest unclosed path (SUP) search problem
and propose nine algorithms to solve it. The most obvious approach to search the
optimal SUP is a brute force of connecting points which represent objects from a
certain dataset and choose the shortest path with minimal sum of distances between
the points (A0 algorithm). This algorithm could be only applied to small datasets
and the work also propose several modifications of greedy algorithm to search the
SUP and quasi-SUP (A1-A4R) [1]. Experiments show that A0-A4R algorithms
provide the optimal solution on the small dataset and also find a steady solution
for a large volume data [1]. The previous work notes that the more effectiveness of
greedy algorithm modification, the more computational complexity. For example,
A4R algorithm could not be applied to Iris Data Set [2] and Abalone Dataset [3].
Moreover, AQ algorithm couldn’t be applied to datasets with volume larger then
15 [1].

The main idea of this work is an improvement of previously obtained solution,
namely path length, by the locally optimal solutions. In the previous work compu-
tational complexity of algorithms increases due to number of objects in the dataset
and we propose to improve the length not on the whole path but on small parts. We
propose to choose an N-points segment of the ordered by some previous algorithm
path [1] then fix two extreme points and apply the A0 algorithm on the objects
between them. That’s important to note that A0 algorithm applies on all segment
points except of fixed points but the length estimation have to count them all. Such
a procedure is guaranteed not to increase the length but it could reduce that. We
propose two variants of this procedure applying:

1) AOP. Sequential passage along the path. It is necessary to set a number if
segment objects (window length) n, step s and move along a path by step and apply
the procedure to selected segment. Sequential passage could be applied M times.
N : n 1 J

2) AOPR*. The random segment choice. The algorithm randomly choose the
part of path for the procedure applying. The algorithm parameters are window
length n and iterations number of the algorithm application M. The number of
path access per iteration is N —n + 1.

Result of algorithms computation is the improvement of solutions obtained by

algorithms from previous work on the same data [1]. The parameters s = 1, n = 10,
M = 10 were set for AOP algorithm and parameters n = 10, M = 10 for AOPR*

The number of path access per iteration is {
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algorithm. We decrease the path length from 51.627 to 50.130 for 295 ms on the

Iris Data Set [2], from 5.95 to 5.902 for 249 ms on the basic assembly data from

the human activity recognition work [4] and from 173.392 to 171.330 for 6 sec on

the Abalone Dataset [3]. The result of AOPR* application the same on datasets [2]

and [4], but the computational time is increases by 3-4 order of magnitude. Also,

the path length was decreased to 171.3 for 24 sec on the dataset [3].

AQP algorithm works stably, however, its solution due to sequential traversal
could stuck at local extremum and it would not be possible to reach a global one.
On the contrary, an AOPR* algorithm could skip a local solution because of randomly
chosen segments. Thus, it is recommended to run AOPR* algorithm several times
to exclude the getting stuck into a local extremum.

This research is funded by the Ministry of Science and Higher Education of the
Russian Federation within the framework of the state task FEWG-2021-0012.
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department of the faculty of computational mathematics and cybernetics, P. 82-83.
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rM6pVI,D,HbII7i anaropnTmMm Ana NoOnNCkKa onTumMaJibHbIX JIOFrNYEeCKUx
npasua B AdHHbLIX nyTeM coBMel,eHnA 3IBPpUCTUHECKux m
perynsapHbixX anropumtmos KOM6I/IHaT0pHOI7I onTmMmmn3aunn
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Kpacuosipck, Cubupckuii dejiepajibHbIil yHUBEPCATET

PaccmarpuBaercst 3a/1a9a BBISBICHUST ONTUMAJIBHBIX JIOTHIECKUI MPABUIT B JIAH-
HBIX, KOTOPBIE XapaKTepU3YIOT O0BEKTHI HEKOTOPOrO KJIACCA M MAKCHUMAJIBHBI IO
MOKPBITUIO TaKuX 00BbEKTOB. Takume mpaBuia JieKaT B OCHOBE MOCTPOeHUs "mpo-
3pavHbIx "KiaccudUKATOPOB. B METOM0IOI N JIOrMYeCKOr0 aHAJIN3a JIAHHBIX TaKue
[IPaBUJIA HA3BIBAIOTCS HATTEPHAMHE U [IPEICTABIISIOT COOON KOHBIOHKITUIO JIUTEPAJIOB
(3HaueHUit CUHAPHBIX IPU3HAKOB U uX orpurianuii). Hanbosbmmit uaTepec npeacras-
JISIOT TTATTEPHBI C BHICOKOH 000DIIAIOIIE CIIOCOOHOCTHIO, KOTOPAs INCICHHO MOYXKET
OIEHUBATHLCST KAK MOKPBITHE OOBLEKTOB O0ydaromeil BHIDOPKU. DTa 3a/1ada MOXKET
6bITh (POPMATU30BaHA KAK 33J/1a49a OITUMU3BAINN: [TOUCK IATTePHA ¢ HAUOOJIBIINM
MOKPBITHEM O0BEKTOB HEKOTOPOIO KJIACCA IIPU HEJIONYCTUMOCTH HOKPBITUSI 00bHEK-
TOB APYIUX KJaccos [1]:

n

Z ﬁ (1—yz’)—>m12/1x, Z y; > 1 nys Beex v € K.

BEKT =1 i=1
Bi # i Vi #
- 1, ecmm i-brit mpu3nak pukcuposan B P*,
¢ 0, uHaue.

Haxoxxnerme maTTepHOB ¢ MAKCUMAJTHLHBIM TTOKPBITHEM SBJISIETCS 3aa4Uel YCI0B-
HOH TICeB100YIEBOI ONITUMUBAIINN CO CJIEIYIONUMHU OCOOEHHOCTIIMMU:

— HEeJUHEUHOCTD;

— cTporas 0yJIeBOCTb;

— HaJIn4yue OI'paHUYEHUI;

— IOTOKOBOCTD (HEOOXOIUMOCTD PEIeHUs CePUU OJHOTHUIIHBIX 3a/a4).

To4uHOCTH TOTyYAEMOTO pEIeHrsT 33/Ia9¥ ONTUMU3AINN OKA3bIBAET BJIUSHUE HA
Ka4ecTBO 06paboTKK JaHHBIX [2]: mosydeHue narrepHoB ¢ GoJibineii obobmaoIeit
CITOCOOHOCTBIO; KATYEeCTBO KJIACCU(DUKAIIA.

15t perreHust TaKoi 381291 OIMTUMHU3AIIH MOTYT ITPUMEHSITHCSI CJIEYIOIIHIe 0T
XOJIBI:

— JIAHeapu3allid: CBeJIeHHe K 33Ja49M IeJI0YNUCJIEHHOI'0 JIMHEHHOI'o IIPOrpaMMUPO-
BaHUS;

— OHOMHCIIUPUPOBAHHBIE AJIFOPUTMbBI (T€HETUYECKUHA aJITOPUTM );

— TOYHbIE AJIFOPUTMbI KOMOUHATOPHON onTuMu3anuu (MeToj| BeTBel U IPAHUIL);

— JKaJIHble AJrOPUTMbI B PA3JIMYHBIX BapuaHTax (IHOMCK MAKCHUMAJbHBIX [E€PBUY-
HBIX [ATTEPHOB, HOMCK MAKCHUMAJbHBIX CUJIBHBIX [ATTEPHOB).
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lM'ubpupnblil aIropUT™M ONTHMU3AINN OCHOBBIBAETCS HA 2KA/THON SBPUCTHUKE U Me-
Tozie BeTBell U TpaHuIl [3| [Ist IOTHIeCcKoro aHaIn3a, JAHHBIX:

— 2KanHplil aJIrOpUTM HCIIOIB3YeTCsl JJI HAXOXKIEHUsST [IEPBOTO JIOIYCTUMOIO Pe-
MIEHMUS.

— Ha ocHoBe CBOHICTB ONTUMU3AIMOHHON MOJIEIN UCKJIIOYAIOTCS HEITEPCIIEK THBHBIE
TTO/IKYObI.

— Ilpemraraemsiit MeTo/ BeTBJIeHUsI pa3buBaeT ocTaBIInecs 0OpacTH Ha MOJAKYOBI,
KOTOPBIE SIBJISTFOTCS BETBSIMU JIJIsI JTaJIbHENIIEro monucKa.

— B nmosygaembIx BeTBsIX IPOM3BOIUTCS OTOOD U OIEHKA BEPXHEH IDAHUITHI.

— 2Kaanplit aJiropuT™ UCIIONIB3YeTCsl JJIsT HAXOXKIEHIST HOBOTO JIOILYCTUMOTO Pellie-
HUsI B BBIODAHHOM [EPCIIEKTUBHOM IOJIKY0€e, U T.JI.

Ucnonp3oBanue rubpUIHOTO AJITOPUTMA [TOBBIIIAET KAYeCTBO T€HEPUPYEMbBIX TIaT-
TEPHOB IO CPABHEHUIO C YKQJIHBIM aJaropuT™MoM. [Ipu aToM cioKHOCTB ocTaeTcd 3Ha-
qUTEbHO HUXKE, €M CJIOKHOCTH IOWCKa TOYHOT'O PEIeHUs] C IOMOINBIO IETOTIC-
JIEHHOT'O WJIM CMEIIAHHOTO JHUHEHHOro mporpamMupoBanus. llpemoxkennas cxema
rUOPUIN3AINN TTO3BOJISIET KOHTPOJUPOBATH KOMITPOMUCC MEXKTYy KAdeCTBOM T'€HEepH-
PYEMBIX IIATTEPHOB M CJIOKHOCTBIO IIOUCKA HATTEPHOB B JIOTMYECKOM aHAJIU3E JIaH-
HBIX.

Pabora mogmepkana MuHncrepcTBOM HayKH W BBICIIEro obpa3oBammnst Poccwuii-
ckoit Peneparuu (rpant 075-15-2022-1121).
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Problems in the Logical Analysis of Data // Algorithms 2021, 14, 235.
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[3] Kazakovtsev L.A., Masich I1.S. A branch-and-bound algorithm for a pseudo-
boolean optimization problem with black-box functions // Facta Universitatis, Series
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Hybrid algorithm for finding optimal logical rules in data by
combining heuristic and regular combinatorial optimization
algorithms

Masich Igor i-masich@yandex.ru

Krasnoyarsk, Siberian Federal University

The problem of identifying optimal logical rules in data that characterize objects
of a certain class and are maximal in terms of coverage of such objects is considered.
Such rules underlie the construction of “transparent” classifiers. In the methodology
of logical analysis of data, such rules are called patterns and are conjunctions of
literals (values of binary features and their negations). Of greatest interest are
patterns with a high generalizing ability, which can be numerically estimated as a
coverage of training objects. This problem can be formalized as an optimization
problem: finding a pattern with the largest coverage of objects of a certain class,
while covering objects of other classes is unacceptable [1]:

n

> f[ (1 i) — max, > yizlforallye K.

ﬁ€K+ Z — 1 Z _ 1
Bi # ai Vi #
where y; = 1, if it attribute is fixed in P>,
! 0, otherwise.

Finding patterns with maximum coverage is a conditional pseudo-Boolean opti-
mization problem with the following features:

— non-linearity;

— strong Boolean;

— presence of constraints;

— streaming (the need to solve a series of similar problems).

The accuracy of the resulting solution to the optimization problem affects the
quality of data processing [2]: obtaining patterns with a greater generalizing ability;
classification quality.

To solve such an optimization problem, the following approaches can be used:

— linearization: reduction to integer linear programming problems;

— bioinspired algorithms (genetic algorithm);

— exact combinatorial optimization algorithms (branch-and-bound method);

— greedy algorithms in various variants (search for maximal prime patterns, search
for maximal strong patterns).

The hybrid optimization algorithm is based on greedy heuristics and branch-and-
bound method [3] for logical analysis of data:

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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The greedy algorithm is used to find the first feasible solution.

Based on the properties of the optimization model, unpromising subcubes are
excluded.

The proposed branching method splits the remaining regions into subcubes,
which are branches for further search.

In the resulting branches, the selection and evaluation of the upper bound is
performed.

A greedy algorithm is used to find a new feasible solution in a given perspective
subcube, and so on.

The use of the hybrid algorithm improves the quality of generated patterns com-

pared to greedy heuristics. At the same time, the complexity remains significantly
lower than the complexity of finding the exact solution using integer or mixed linear
programming. The proposed hybridization scheme allows us to control the trade-
off between the quality of generated patterns and the complexity of searching for
patterns in logical analysis of data.

This work was supported by the Ministry of Science and Higher Education of

the Russian Federation (Grant No.075-15-2022-1121).
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Meto10/10rusi TeHETUIECKUX aJIOPUTMOB Dasupyercs: Ha ajanrtanyuu J[apBuHOB-
CKOI'O yYeHHsI O €CTeCTBEHHOM OTOOpE U IIPUHITUIIAX PeHETUKU K PEIeHU0 MATEMATH-
YEeCKHUX ONTHMU3ANUOHHBIX 3a7a4. OCHOBHAs ujes renerndeckux aaropurmon ([A)
3aKJ/II09YAETCS B TOM, 9TOOBI ITyTEM TeJIEHAIIPABIEHHOTO 0TOOpa 1 00 beIMHEHNST XOPO-
X PENIEHUl 33/Ia"N OCYIIECTBIISATh KBA3U-CTOXACTUIECKUIT IONCK B ITPOCTPAHCTBE
perennii. [A ycrienso ucob3yercs Jjisi pellleHus IMUPOKOro Habopa ONTUMU3aIi-
OHHBIX 33/1a49 PA3JIMYHBIX 00JIACTel, TAKMX KaK yIIpaBJjeHNe olepalusiMu, 00paboTKa
JIAHHBIX CIEKTPOCKOINN, AaBTOMATHIECKas 00paboTKa n3obpakeHuil, obyueHune Heii-
POHHBIX cereit u MHOrUX jpyrux. OmaumM u3 HemocTaTKoB 00braHOro I'A siBisteTcst
[IPEXKJIEBPEMEHHAST CXOUMOCTD K JIOKAJIbHOMY 9KCTPEMYMY. DTO CBSI3aHO ¢ OBICTPBIM
COKPAIIEHNEM MeHEeTHIECKOT0 Pa3sHoobpa3us B mporiecce orbopa. YTobbl yMEHBITUTD
BJIMSTHHE 3TOrO (paKTOPa, BBOJIUTCS OIIEPATODP MYTAaIlUU, KOTOPBIA CIydailHbIM 0Opa-
30M M3MEHsIeT JacTh 0COOM ¢ HEeDOJIBIION BepoATHOCTHIO. OJHAKO CJIUIITKOM BBICO-
Kasl BEPOSITHOCTH OIIEPATOPA MYTAIUU MOYKET MOBJIUATH HA CXOJUMOCTH aJTOPUTMA.
Y066 HARTH KOMIPOMUCC MEXKY COXPAHEHUEM IOMYJISIIMOHHOTO pa3HOoO0pa3nus u
KOHBEPTEHIHel aJropuTMa, ObLINA PEJJIOXKEHbl MeHEPHO-TeHETHIECKIEe AJITOPUT-
mbl (ITA). Ocnosroit uzeeit ITTA sisisiercst pasjesienue ocobeil MOMYJISIN HA JBE
IPYIIIIbI, OJJHA U3 KOTOPBIX HAIPABJIEHA Ha COXpaHEeHMe pa3Hoobpasusi 6,iaronpuod-
PETEHHBIX IIPU3HAKOB (0COOU YKEHCKOI'O 110J1a), & BTOPAasl - Ha IIOUCK HOBBIX PEIIEHUl
(ocobu myzkckoro nosa). 2Kenaemblit adpdexr gacTo mocruraercs myTeM yCTaHOB-
KU Da3/IMYHBIX 3HAYEHUIl BEPOSTHOCTH MYyTAIUM JJis PA3HBIX II0JIOB (BEPOSTHOCTD
MyTAIIMM My?KCKOTO TI0JIa HAMHOTO Bbile). JIpyrasi rpyIia IIMpOKO PacIpocTpa-
HeHnHbIX Momudukanuit [TA cesi3aHa ¢ m3MmeneHneM oneparopa orbopa. Hampumep,
CYIIECTBYIOT MCCJIEIOBAHUS OIEPATOPOB 0TOOPA, KOTOPHIE YIUTHIBAIOT BO3PACT OCO-
61; B3AMMOOTHOIIEHUST MEXKJTY OCODSIMIT; TOKA3ATEH TPUCIIOCOOIEHHOCTH POUTEIEH
0cobm; OIM30CTH CKPEIMMBAIONINXCsT ocobeit. B maHHOM mCCae10BAHIN aBTOPHI TIPe -
Jlararor cienyronryo moaudukanuio GGA: BBOAMTCH OrpaHUYeHHE Ha TO, CKOJIb-
KO pa3 0coDb YKEHCKOT'O II0JIa MOXKET OBbITh BhIOpaHa B TE€UYEHME OJJHOIO ITOKOJIEHMUS.
[lesibro TaHHOTO WCCIIEIOBAHUS SIBJISIETCS CPABHUTEJIBHBIN aHa M3 3 (MeKTUBHOCTH
obbranoro I'A u npemyioxkennoit aropamu moaudukamuu I'TA ¢ orpanndyenuem Ha
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CKpeIuBaHre KEeHCKON 0co0H, a TaKyKe M3yUeHre BJIMSHUS JAHHOTO OrPAHUINTE b
HOTO TIapaMeTpa KadecTBO pereHus. Pe3yabrarsl 3Toil paboThl MOXKHO chopMy -
pOBAThH CJIELYIONIUM 00Pa30M:

1.

1]

I'TA 1nposeMOHCTPUPOBAJI CBOE IIPEBOCXOJICTBO Hal CTaHAApTHLIM ['A 11pu perre-
HUU MHOTO3KCTPEMAaJIbHBIX 3aJ[a4 C sIPKOBBIPAKEHHBIM IJI00AJIbHBIM SKCTPEMY-
MOM.

C mpocThIME 33/1a9aMy OJMHAKOBO XOPOIIO paboTaloT Kak cranmaprabie ['A; Tak
uITA.

I'TA cxomurcst HeMHOrO MejyieHHee, yeM ['A | u3-3a ero 60Jj1ee BBICOKOTO Pa3sHO00-
pasusi.

Kupriyanov, G., Isaev, I., Dolenko, S.. A Gender Genetic Algorithm and Its
Comparison with Conventional Genetic Algorithm(2023). // Advances in Neural
Computation, Machine Learning, and Cognitive Research VI. NEUROINFORMATICS
2022. Studies in Computational Intelligence, vol 1064
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A Gender Genetic Algorithm and its Comparison with
Conventional Genetic Algorithm

Kupriyanov Gavriil'x gavriillOi@yandex.ru
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!Faculty of Physics, M.V. Lomonosov Moscow State University, Moscow, Russia
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The methodology of genetic algorithms (GA) is based on the adaptation of Dar-
win’s doctrine of natural selection and the principles of genetics to the solution of
mathematical optimization problems. The main idea of GA is to carry out a quasi-
stochastic search in the solution space by purposefully selecting and combining good
solutions to a problem. GA is successfully used to solve a wide range of optimiza-
tion problems from various fields, such as operations management, spectroscopy data
processing, automatic image processing, training neural networks and many others.
One of the disadvantages of conventional GA is the premature convergence of the
process to a local extremum. This is due to the rapid reduction in genetic diversity
through the selection process. To reduce the influence of this factor, the mutation
operator is introduced, which randomly changes a part of an individual with a small
probability. However, a too high probability of the mutation operator can affect
the convergence of the algorithm. In order to find a compromise between the con-
servation of population diversity and the convergence of the algorithm, biologically
inspired gender genetic algorithms (GGA) have been proposed. The main idea of
the GGA is the division of individuals of the population into two groups, one of
which is aimed at preserving the diversity of acquired traits (female individuals),
and the second at search for new solutions (male individuals). The desired effect is
often achieved by setting different values of the probability of mutation for different
genders (much higher for the male gender). Another group of widespread GGA mod-
ifications is associated with modifying the selection operator. For example, there are
studies of selection operators that consider the age of an individual; the relationship
between individuals; the fitness values of the parents of the individual; the proximity
of the crossing individuals. In this study, the authors propose such a modification of
the GGA as the restriction on how many times a female individual may be selected
within one generation. The purpose of this study is the comparative analysis of the
efficiency of the conventional GA and the modification of the GGA proposed by the
authors with a restriction on crossover of female individual, as well as the study of
influence of the crossover restriction parameter value on the solution quality. Results
of this work could be formulated as:
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1.

GGA showed its superiority over the standard GA in solving problems with a set
of local extremums and a global extremum with much different fitness function
value.

With simple tasks, both standard GA and GGA work equally well.

GGA converges slightly slower than GA due to its higher diversity.

Kupriyanov, G., Isaev, 1., Dolenko, S.. A Gender Genetic Algorithm and Its Compari-
son with Conventional Genetic Algorithm(2023). // Advances in Neural Computation,
Machine Learning, and Cognitive Research VI. NEUROINFORMATICS 2022. Studies
in Computational Intelligence, vol 1064,
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O 3agayvax oNnTUMM3aLMN, BO3HUKAOLWUX NPU NPUMEHEHUN
TONOJIOrMYECKOro aHan3a AaHHbIX K NOWCKY anroputTMoB
NPOrHO3MPOBaHMA C (PUKCUPOBAHHBLIMU C KOPPEKTOpamMu B
pamkax anredbpanyeckoro noaxoga HO.N.XKypaenésa

Topwun Hean FOpvesus'x tiy135@yahoo.com
"Mocksa, ®UIL 1Y PAH

Koppekrupyromue omnepaiuu (KOPPEKTOPbI) B MYJIbTHAJIIOPUTMUYECKUX KOH-
CTPYKIIUSX AJIreOPamIecKoro mox0/1a MOTYT CTPOUTHCS HA OCHOBE M3BECTHBIX (DU-
3MYECKUX MOJIeJIell /U MHOIOYPOBHEBBIX onmcaHuil dpusndeckux oobekToB. [Ipu
9TOM, B PaMKax TOIMOJOTHIECKOIO TOIX0/Ia K aHAJIN3Y TJI0X0-(POPMATN30BaAHHBIX 3a-
JIad, TOUCK BKJIIOYAEMBIX B KOPPEKTOD AJTOPUTMOB MOYKET PACCMATPUBATBCI KaK
3a/1a9a KOMOMHATOPHOM OIITMMU3AINHT JIMOO KaK 3a/1a9a MUHIMI3AIIN HEKON dyHK-
1 otepb. VcceroBanme OKPeCTHOCTEI TeTeil B PEIETKe TOIMHOXKECTB 00 bEKTOB
IIO3BOJIAJIO TIOJIYYUTD PsiJi KPDUTEPUEB PAHIOBOM ONTUMUBAINY, IEPCIEKTUBHBIX JIJIsI
pellleHns 3a/1a4 IPOTHO3MPOBAHUS YMCJIOBBIX TAPreTHBIX ITepeMeHHbIX. PopMan3M
anpobupoBaH Ha 3ajadye B3aMMOJIEHCTBUS JIMTAHJI-PEIENITOP B PaAMKaX XEeMOKHHOM-
HOT'O aHAJIM3a MOJIEKYJI JiekapeTs (Hannbie ProteomicsDB). Hawnydrume pesynbrarst
[IPOTHO3UPOBAHUS KOHCTAHT HAOJIONAINCH MMEHHO IIPU HCIOJIb30BAHUM IIOJIYI€H-
HBIX PAHIOBBIX Kpurepues (K03 MUIMEHT KOPPEsUu Ha CKOJIL3LAIIEM KOHTPOJIE
0.86 & 0.20, ycpenuenue 1o 300 6G1OIOrUIECKUM AKTHBHOCTSIM ).

Pa6ora nognepxkana rpaarom POPU No. 20-07-0053.

[1] Topwun M. 0. O npuMeHeHHH TONOJOIMYECKOrO IIOJX0JA K aHAIn3y IJI0X0 (opma-
JIM3yEeMBbIX 3aJia4 JJjId IIOCTPOCHUA AJIIOPUTMOB BUPTYAJBHOIO CKPUHUHTA KBaHTOBO-
MeXaHUYeCKUX CBOMCTB OpraHuYYeCKHuX MOJIEKYJI. Yacts 2. Conocrasiienue d)OpMaJII/I3Ma
C KOHCTPpYKTaMu KBAHTOBOM MEXaHUKHN U IKCIIEpUMEHTAJIbHAA aHpO6aHI/IH IpEeaIO?KEH-
HbIx asaroputmos // ndopmaruka n €€ npumenenns, Mocksa, 2022. — 16(2), C. 35-43.
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On optimization problems arising from the application of
topological data analysis to the search for forecasting algorithms
with fixed correctors in the framework of Yu.l. Zhuravlev’s
algebraic approach

Torshin Ivan'x tiy135@yahoo.com
'Moscow, FIC IU RAS

Corrective operations (correctors) in multialgorithmic constructions of the alge-
braic approach can be based on known physical models and/or multilevel descrip-
tions of physical objects. At the same time, within the framework of the topological
approach to the analysis of poorly formalized problems, the search for algorithms
included in the corrector can be considered as a combinatorial optimization problem
or as a problem of minimizing a certain loss function. The study of the neigh-
borhoods of chains in the lattice of subsets of objects made it possible to obtain
a number of rank optimization criteria that are promising for solving problems of
predicting numerical target variables. The formalism was tested on the problem of
ligand-receptor interaction in the framework of the chemokinomic analysis of drug
molecules (data from ProteomicsDB). The best results of predicting constants were
observed precisely when using the obtained rank criteria (correlation coefficient on
a sliding control 0.86 & 0.20, averaging over 300 biological activities).

This research is funded by RFBR, grant 20-07-0053.

[1] Torshin I. On the application of the topological approach to the analysis of poorly
formalized problems for the construction of virtual screening algorithms for the quantum
mechanical properties of organic molecules. Part 2. Comparison of the formalism
with the constructs of quantum mechanics and experimental testing of the proposed
algorithms // Informatics and its applications, Moscow, 2022. — 16(2), p. 35-43.
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ACMMNTOTUYECKM TOYHbIA NOAXOA K pelLueHuto 3a4a4u noucka
HECKOJ/IbKMX pebepHOo-HenepecekarLMxcsi OCTOBHbIX AepeBbeB
MUWUHUMaNbHOrO CyMMapHOro Beca C (pUKCUPOBAHHbLIM
AnamMeTpomM B NOJSIHOM HEOpUeHTUPOBaHHOM rpade co
cny4aiiHbiIMn Becamu pebep

Tumadu Idyapd Xatipymourosuu'?

IIImena Aaexcandp Aaercarndposun’+ shoomath@gmail. com

gimadi@math.nsc.ru

'"Hosocubupck, Uucruryr Maremaruxu um. C. JI. CoGoresa CO PAH
2Hosocubupck, HosocuGupekuit Harponambusiii Vccnenosarenseknii [ocyapceTBeH bR

Yuusepcurer (HI'Y)

Ms1 paccMaTpuBaeM TPYIHOPEIIAEMYIO 3aJ1aqy ITOMCKA HECKOJIbKUX pPebepHO-
HEIIEPECEKAIONINXCsI OCTOBHBIX JI€PEBbEB MUHUMAJBHOTO CYyMMAapPHOTO Beca ¢ (DUK-
CUPOBAHHBIM JIMAMETPOM B TIOJTHOM HEOPUEHTHPOBAHHOM T'pade co cirydailHbIMU Be-
camu pebep M3 HECKOJBKUX KJIACCOB HEIPEPBIBHBIX PacIpejle/ieHnil: paBHOMEPHOE,
CMEIIEHHOE SKCIIOHEHIINAJIbHOE, YCeUeHHO-HOPMAaJIbHOe. B TaHHON cTaThe MBI IIpejl-
JlaraeM IpUOJIMKEHHBII aJrOPUTM PEIIeHNs BhIIIe YKa3aHHO! 38/1a91 C TPYI0eMKO-
creio O(n?), rae n — 3TO KOMMHYECTBO BEPITAH B Tpade, a TaK:Ke TPHBOIAM yCIOBUA
ACHMIITOTUYIECKON TOYHOCTH JIJIsl 3TOrO AJTOPUTMA B CIIydae KarKJIOro M3 PAcCMaT-
PUBaEeMBIX pacIIpeesIeHUui.

Jlunamerp jilepeBa — 9TO KOJIMYECTBO pebep B CaMOM JJIMHHOM IIPOCTOM IIYTH B
JiepeBe, COeIMHAONINM TIapy BepinuH. B KadecTBe 0000IIEHNsT KJITACCHIECKON 33,1891
[TOMCKA MUHUMAJILHOTO OCTOBHOTO JIEPEBa MOYKHO PACCMOTPETH CJIEIYIONIYIO 3a1ady:
JaH pebepHO-B3BENIEHHBIH rpad u Incio d, HEOOXOINMO HAWTU B 9TOM T'pade MIHU-
MAJIBHBIN OCTOB, UMEIOIINN JIHAMeTD, OTPAHUYEHHBIA CBEPXY WJIM CHU3Y YHCJIOM d.
O06e 3asiaum B 00IIell ITOCTAHOBKE SIBJISIFOTCST [N P-TPY/JIHBIMU.

BapuanT 3aja4u ¢ orpaHudeHneM Ha JUAMETP CBEPXY SIBJISIETCS IOJMHOMUAJIb-
HO pa3penuMbIM JIJTsi 3HAYEHUH auamMerpa aBa u Tpu, u N P-TpymaabiM [j1s J1I000ro
nuamerpa Mexkiy 4 u (n— 1), naxe g BecoB pebep, paBubix 1 um 2 [1, crp. 206].
Sajada ¢ orpannvueHneM CHU3Y sABJsteTcs [N P-TpyJIHOI, TIOTOMY YTO OHA COJIEPXKUT B
KadecTBe nojzagaqn, ais d = n— 1 3agaqy “ramuibTonos nyTh” [1]. Paccmarpusae-
Masl HaMU 33J1a9a MOXKeT ObITh I10JIy9YeHa U3 BBIIIE OIMUCAHHBIX TAKUM 00pa30M, ITO
JIMaMeTp MCKOMOTO JiepeBa OTpaHUYeH YHucJIOM d U CBepXy, u cHu3y. Jlerko moHsTh,
9TO 3Ta 33/1a4a Takke N P-Tpy/iHa.

OcHoBHO#1 pe3yibrar paboTel — Teopermdeckuii. C momorpio TeopeMbr [lerpo-
Ba [4] 1 HECKONBKUX BCIIOMOTATENBHBIX JIEMM JUIS KaXKJOTO U3 PACCMATPHBAEMBIX
pacIipe/ieJieHuii BEPOSITHOCTH JIOKA3bIBAETCSI TEOPEMa, C JOCTATOYHBIMY YCJIOBUSIMHU
ACUMIITOTUYECKON TOYHOCTHU MPEJJIAraeMOr0o MPUOJIMAKEHHOTO aJIropuTMa. BapuasT
3aJ1a9U C OJIHUM OCTOBHBIM JIEPEBOM BCTPEYAETCS B MPOCKTUPOBAHUU CETEH CBSI3W,
TEKCTOBBIX NH(MOPMAITHOHHO-TIONCKOBBIX CUCTEMAX, CIIEIHATBLHBIX OECITPOBOTHBIX CH-
cremax [3]. Crout, OIHAKO, OTMETUTH, ITO STU IPUMEHEHHUST /1 OTPAHNIEHHOM 3818~
YU TIOMCKa MUHMMAJIBHOI'O OCTOBHOTO JIEPEBA, TJie JUaMeTP JepeBa OrpaHUYeH CBEP-
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xy gucaom d. Ho paccmarpuBaeMasi B TeKyIreil pabore 3ajatda — 3TO CIEeUATbHBIH

ciydvaill 9TOH 3a/1a4u, KOrJa nuaMeTp paBeH d, IOITOMY JJjIsl Hee TaKKe BEPHBI ITH

IIPUJIOYKEHUS.

B pabore [2] mpejicTaBiieH BEPOITHOCTHBIN aHAJIN3 OJIXHOMHUAJIBHOTO aJITOPUTMA

1 TIPE/IJI0ZKEHBI YCJIOBUS €r0 aCUMIITOTHIECKON TOYHOCTH JIJTsl PEIEHNs 331811 TTONC-

K& MUHAMAJIBHOTO OCTOBHOTO JIepPeBa ¢ (PUKCHPOBAHHBIM JUAMETPOM B CJIyYae MOJTHO-

ro opueHTHpoBaHHOIO rpada. K coxkasenunio, anaans 3Toro ajropurmMa OKa3blBaeTCs

HEMPUEMJIEMBIM B CJIydae HEOPHUEHTUPOBAHHOTO T'pada, MOCKOIbKY BEPOSTHOCTHBIE

CBOIICTBa Beca OHOTO U TOTO Ke pedpa, PaccMaTpPUBAEMOrO I10 X0y PabOThI ajro-

pUTMa, HEJb3sd CYATATh HE3aBUCHUMBIMHU, B OTJIMYHE OT CJydas OPUEHTHPOBAHHOI'O

rpadea.
PaGora Beimonaena B pamkax rocygapcrsertoro 3aganus UM CO PAH (npoekr

FWNF-2022-0019).
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1979, 340 p.

[2] Gimadi E. Kh., Shevyakov A.S., Shtepa A. A. A Given Diameter MST on a Random
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On asymptotically optimal approach for the problem of finding
several edge-disjoint spanning trees of minimal total weight with
given diameter in a complete undirected graph with random edge
weights
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"Novosibirsk, Sobolev Institute of Mathematics SB RAS

2Novosibirsk, Novosibirsk State University (NSU)

We consider the intractable problem of finding several edge-disjoint spanning
trees of minimal total weight with a given diameter in a complete undirected graph
with random edge weights from the several classes of continuous probability distribu-
tions: uniform distribution, biased exponential distribution, and truncated normal
distribution. In this work we give an O(n?)-time approximation algorithm, where n
is number of vertices in the graph, with conditions of its asymptotic optimality for
the case of each considered probability distribution.

The diameter of a tree is the number of edges in the longest simple path within
the tree connecting a pair of vertices. As a generalization of the classic Minimum
Spanning Tree (MST) problem, one may consider the following problem: given an
edge-weighted undirected graph and a number d, the goal is to find a spanning tree
T of minimal total weight having its diameter bounded above to given number d, or
from below to given number d in the graph. Both problems are N P-hard in general.

The bounded from above MST problem is polynomially solvable for diameters
two or three, and N P-hard for any diameter between 4 and (n — 1), even for the
edge weights equal to 1 or 2 [1, p. 206]. The bounded from below MST problem
is N P-hard, because its particular case for d = n — 1 is the problem ”Hamiltonian
Path” [1]. The considered problem can be obtained from described above problems
in such a way that the diameter of the desired tree is limited by the number d both
from above and below. It is easy to see that this problem is also N P-hard.

The main result of this paper is theoretical. By help of Petrov’s theorem [4]
and several auxiliary lemmas, three theorems with sufficient asymptotic conditions
of proposed approximation algorithm are proved for three considered probability
distributions. The variant of the problem with one spanning tree arises in network
design problem, information retrieval systems, ad-hoc wireless networks [3]. It must
be noted that all theese applications are for the bounded from above MST problem.
But considered problem in current work is a special case of this problem, we consider
problem with diameter equals d in current work, so all the applications are valid for
the problem.

The work [2] gives a probabilistic analysis of an effective algorithm for finding
one and several spanning trees of minimal total weight in the case of complete di-
rected graph. Unfortunately, the algorithm analysis, presented in this work becomes
unacceptable for a problem on undirected graphs. The appearance of the difficulty
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of probabilistic analysis in the case of the undirected graph arises from the need to

take into account the possible dependence between different random variables in the

course of the algorithm.
This research was carried out within the framework of the state contract of the

Sobolev Institute of Mathematics (project FWNF-2022-0019).

[1] Garey M. R., Johnson D.S. Computers and Intractability, Freeman, San Francisco,
1979, 340 p.

[2] Gimadi E. Kh., Shevyakov A.S., Shtepa A. A. A Given Diameter MST on a Random
Graph // In: N. Olenev, Y. Evtushenko, M. Khachay, V. Malkova (eds.), Optimization
and Applications - 11th International Conference OPTIMA 2020, LNCS 12422, 2020,
P. 110-121. doi: 10.1007/978-3-030-62867-3-9

[3] Gruber M. Exact and Heuristic Approaches for Solving the Bounded Diameter Mini-
mum Spanning Tree Problem // Vienna University of Technology, PhD Thesis, 2009.

[4] Petrov V. V. Limit Theorems of Probability Theory. Sequences of Independent Random
Variables, Clarendon Press, Oxford, 1995, 304 p.



186 BroraucnurenbHas CIOKHOCTD U IPHOJINIKEHHBIE METOIBI

MunumanbHoe NudopmaymornHoe lMNMpoctpaHcteo kak OcHoBa
AddekTusHoin PacnpegenerHoii ObpaboTku Bonbwnx JaHHbix

Toay6uoe IMemp Burxmoposun' golubtsov@physics.msu.ru

"Mocksa, MockoBckmit rocymapersennbii yausepcuter uvenn M. B. Jlomonocosa

JlaHHBIE B COBPEMEHHBIX MCCIEIOBAHUIX HEPEIKO NMEIOT OTPOMHBIN 00beM, pac-
[peJIeJIeHbl MEXKIy MHOTOYHCJIEHHBIMU CAWTAME ¥ TOCTOSTHHO TOIOJIHSIOTCA. B pe-
3yJIbTaTe COOPATh BCE OTHOCSIINECS K UCCIIEIOBAHUIO JIAHHBIE HA OJTHOM KOMIIBIOTEDE,
KaK [PaBUJIO, HEBO3MOXKHO U HEIIPAKTUYHO, [IOCKOJIBKY OJIUH KOMITBIOTED HE CMOXKET
obpaboraTh UX B pa3yMHbIe CpoKH. lloaxomsdmuii aaropurM aHan3a JaHHBIX J10JI-
2K€H, MapaJiieJIbHO PaboTast Ha MHOTMX KOMIIBIOTEPaX, U3BJIEKATH U3 KaXKJI0r0 HabO-
P& MCXOJHBIX JIAHHBIX HEKOTOPYIO MPOMEXKYTOUHYI0 KOMIAKTHYIO «HHMOPMAIIAIOY,
[IOCTENIEHHO OObEINHATE €€ U, HAKOHEII, NCIO0Jb30BATH HAKOILIEHHYIO MHMOPMAIIAIO
JIST TIOJTy YeHUsT pe3y/ibraTa. 110 Mepe MoCcTyIjIeHIs HOBBIX JAHHBIX OH JIOJI?KEH UMETh
BO3MOXKHOCTB JIO0ABJISITH COJIEPXKAILYIOCS] B HUX MH(MOPMAINIO K HAKOIJIEHHON U, B
KOHEYHOM WUTOre, OOHOBJIATH pe3yibrar. B padorax [1, 2] 6buI0 mMOKa3aHO, YTO J1JIst
3¢ dekTuBHON 00PAbOTKN pPACIPEEIEHHBIX [TAHHBIX K/IIOYEBYIO POJIb HUTPAET BO3-
MOXKHOCTb BBEJIEHUsI TTPOMEXKYTOIHOH (DOpMBI TIpeicTaBieHnst nHdopMaIun, obJia-
JTAoIeil ONpeIeIEHHBIME AJIre0PAanIecKUMU CBOMCTBAMU.

Jannas pabora HOCBdIIEHa aaredpamdeckoil hopMaInu3aiy pacipe/eIeHHOM
00paboTKM JAaHHBIX IPU BecbMa 00Imux ycaousx. Oupesesnsiercs: moHATHE UHPOP-
MAI[HOHHOTO MIPOCTPAHCTBA U, B YACTHOCTU, MUHIMAJIHHOTO WHMOPMAIIMOHHOTO TIPO-
CTPAHCTBA, IPEIOCTABJIAIONIEr0 MAKCUMAJIBHO KOMIIAKTHYIO (DOPMY HAKOIIJIEHUST H-
dopMany 1 MO3BOJISIONIEN0 ONTUMAJIBHO PACIIAPAJIETATE 00pabOTKY JTaHHBIX.

IIycte D — MHOXKECTBO BO3MOXKHBIX 3HAYEHUI BXOIHBIX JAHHBIX, 8 R — MHOXKe-
CTBO 3HAYEHW pe3yIbTaToB 00paboTku. B 3amatax GOIbIIX JAHHBIX HA BXOJ IIPO-
eIy pbl 00PabOTKU MOCTYIAT HAOOPHI JIEMEHTOB 13 D, mpudyem 5T HAOOPBI MOT'YT
OBITH PA30POCAHDI IO MHOTUM KOMITbIOTepaMm. J[jist MaTeMaTn1ecKoro mpeiCTaBICHIS
MHOYKECTBa, BCEX TakKux HAOOPOB C omepanueil uX CIAUSHUS OOBIYHO UCIIOJIB3YEeTCs
cBOOOHBIN MoHOM D* ¢ onepanueil KoakareHanuu. OHAKO, IIOCKOJIbKY Pe3yJIbTar
00paboTKMU OOBIYHO He JIOJIZKEH 3aBUCETH OT MOPSIKA MTOCTYILIEHUs TAHHBIX, yI00HO
[IPEJICTABJISATH IPOCTPAHCTBO BCEBO3MOXKHBIX HAOOPOB UCXOIHBIX JAHHBIX C80600HbIM
Kommymamuervim mornoudom DV ¢ mmozxecTBOM 06pasyromux D. Ero anemenramu
SIBJIAIOTCS. KOHEUHBIE MYJIBTHMHOXKECTBA HA MHOXKeCTBe D (B KOTODBIX 9JIEMEHT MO-
JKET MOBTOPSATHCST HECKOJIBKO Pa3) ¢ oneparueit 06seduterus MyIbTUMHOXKECTB ([Ipu
KOTOPOI KPATHOCTH 3JIEMEHTOB CKJIAJABIBAIOTCS ). [Ipouedypa obpabomku ¢ HabopaMu
JIAHHBIX U3 MHOYXKECTBA JAHHBIX D ¥ pe3y/braTaMy U3 MHOXKECTBA TR OIpPeIe IsieTCst
KaK 0ToOpakeHne p U3 CBOOOIHOr0 KOMMYyTaTHBHOro MoHouma DT B MmoxecTso R,
Te. p: DT — R.

Ounpenenenne 1. Hugopmayuonnoe npocmparcmeo (UII) (U, q,r) mus npouey-
pol p : DT — R — 370 KOMMyTaTHBHBIH MOHOHI U, CIOPBHEKTHBHbBIH FOMOMOPU3M
(CI') q: DY — U u orobpaxkenune v : U — R, Takue 4to r o ¢ = p.

Me>xqynapoanasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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PaKTUIECKH, TOMOMOP(U3M ¢ «CKUMAET» MCXOIHBIE JaHHbIE 6e3 ToTepn NHMOP-
Marnuu. Ero roMoMOpGHOCTh 03HAYAET, UTO OOBLEINHEHUIO HADOPOB JAHHBIX OTBE-
JaeT CyMMa COOTBETCTBYIOIINX (PparMeHTOB MH(MOPMAIUH, & €r0 CIOPbEKTUBHOCTD
obecrieunBaeT OTCYTCTBUE B U <«JIMIIHUX» IJIEMEHTOB, KOTOPblEe HUKOIA HE MOTYT
BOBHUKHYTh.

Onpenesenne 2. Bynem rosopurs, uro WII (U,q,r) menvwe (aydmre), dem
U',q',r") m oboznauars sro kax (U,q,r) < (U',q',r"), ecnu cymecrByer orobpa-
xxenme h : U — U raxoe, aTto hoq = q.

ITockonbky g — CI, Takoe npeobpasosarue MHOOPMAIMOHHBIX MPOCTPAHCTB h
enmaCTBeHHO 1 Takxke spisiercst CT. Ilpu stom r o h = 1/ Te. (U, h,r) MOKHO pac-
cMmarpuBarh Kak UIT pius nponemypet v : U’ — R. OTHOmenne < ABJISIETCA TIPEI-
nopsiakoM, pudeM ecan U < U u U' < U, To stu UIT nsomopdusr. Munumarvroe
B cMbicsie 3toro yuopgamodenus VI (U, q,r) obramaer TeM CBOHCTBOM, 9TO JIOGOE
Ul (U, ¢',r") s p paxropusyercs: 4epe3 Hero, T.e. CymecTByeT (eIMHCTBEHHDI)
CT h:U" — U rakoit uto hoq =qur’ =roh.

s mokazarenbcTBa cylecTBoBannsa MuHUMaabHoro UIT magnm ciemyroree

Onpenenenue 3. BygeM roBopuTh, 9TO JIEMEHTH & U Y U3 U HEPA3AUNUMDL OT-
HocuresibHO 11 U — R 1 obosuaqars x ~y y, ecim Vz € U r(x + z) = r(y + 2).

Teopema 1 (CymecrBosanue). Munumamsuoe UII st nponesypsr p : DT —
R cymiecTByeT W ¢ TOYHOCTBHIO JO H30MOppH3Ma COBIIAJaeT ¢ (haKTOPMOHOHIOM
(Dt /~p,q,7) 10 KOHrpysHIMH Hepazmmaumoctn Ha Dt orHocurensro p. Ilpn sTOoM
q : DY = D% /~, — coorsercrByomuii kanonmueckuii sunmopgusm, q(r) =
= [z]~,, x € DT, a orobpaxenner : DT /~, — R onpegensercs kax r([z]~ ) = p(x)
g x € DT,

Cuetytoriiee yTBEpXKI€HUE JAET YIOOHBI KPUTEPHUii MUHIMAJILHOCTH.

Teopema 2 (Kpurepuit muaumanbuocru). Ul (U, q,r) sBiasercs MUHEMATID-
HBIM €CJIH BCE €0 3JIEMEHTHI PA3TUIAMBI OTHOCUTEJIBHO KOHTDYIHIIHH ~ .

Anrebpandeckast CTpyKTypa WH(OOPMAIIMOHHOTO MPOCTPAHCTBA MTO3BOJISET €CTe-
CTBEHHBIM O0Pa30M ONPENE/INTDH MOHATUE KAYECTMEA UHPOPMAUUY. A WMEHHO IJis
snemenToB x u y WII U 6ynem roBopurb, 410 & Aywwe (IpeicraBiser Goiblie HH-
dopmarun), gem y u 0603HAUATD T = y ecan 3z € U © = y+ z. OTHOIIEHNE KauecTBa
na UII U saBisieTcss OTHOIIEHWEM IPEANOPSIKa, CONJIACOBAHHBIM C aJIredpamvdecKoit
cTpykTypoit, e, ' = x &y =y = 2 +y %= x+ynx = 0. Boaee Toro,
ecin h : U’ — U — npeobpaszosanue NI, To h cOXpaHSeT yNOpPAI0YCHAE KAdeCTBa:
=y = h(x) = h(y).

NcnonpzoBanne munuMmasibaoro NIl mozBosisier MakcumaabHO 3 HEKTUBHO pac-
rapaJiIeJInBaTh IIPOIECC HAKOILIEHNs] MH(POPMAIIUU B PAMKAX MOJIEIN PACIIPE IE/IE€H-
Horo amasmsa jganubix MapReduce [3] u opramuzosars addexTusiyo o6paboTky
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0e3 HeOOXOIMMOCTH IePeladnd U HAKOILJIEHUsS CAMMX MCXOJHBIX JaHHBIX. B KOHTEK-
cte 1ot Mosmesm Map mpeobpa3yer HAOOPHI MCXOMHBIX JAHHBIX B dmeMeHTh UII, a
Reduce obbeaunsier Bce 3T pparMeHThl YACTUIHON MHAPOPMAIMA B OJUH JJIEMEHT,
[IPEJICTABJISIONINIT BCe UCXOIHBIE Janube, Puc. 1.

Raw Data Partial Information Accumulated Information

Data 1 —q>

q
DD, g
: M ap : Info
: g : Reduce
@ -
Dt U = D*a~p - minimal information space R

Puc. 1. [Tapautesibras 06paboTka paciupeie/leHHbIX JTAHHBIX C HCIIOJIb30BAHIEM
MUHUMAJIBHOTO WHMOPMAIMOHHOTO IpocTpancTBa B Mogean MapReduce.

IIpu sTom MuHEMaIbHOE MHGOPMAIIMOHHOE IPOCTPAHCTBO OIPEEISeT <«OITH-
MaJjIbHYIO» MaTeMaTUYeCKYH CTPYKTYPY JJisl IpeicTaBjieHus WH(OPMAaIUU, COIeP-
xKareiics B JaHHBIX, i Mojean MapReduce m onuceiBaer «reopermvecKuii mpe-
JieJT» KOMITAKTHOCTH IIPEJICTABICHUS WHMOPMAIIH.

Kaxk mokazano B 9T0it pabore, Ipu BeCbMa OOIIUX MPEIITOI0KEHNAX, TPodIeMa
ONTUMU3AINY PACIPEIETIeHHON 00PAOOTKY JAHHBIX IIPUBOIUT K MATEMATHIECKOMY
IIpE/ICTABICHUIO MH(MOPMAIINH, COepKaIeiics B JaHHBIX, KAK 9JIEMEHTY MUHUMAJIb-
HOrO MHGOPMAIMOHHOTO IIpocrpaHcTBa. [Ipu sTom B Tepmunax UII ecrecTBeHHBIM
00pa3oM BBIPAYKAIOTCS CJIOXKEHUE U KAIEeCTBO MHMOPMAIUH.

Tlonsite madopMaluu Bcerga OBIIO MPEIMETOM IPENMYIIECTBEHHO T€OPEeTHde-
ckoro maTepeca. Ceitgac nmpobieMaTnka OOJBIINX JAHHBIX TPEOYIOT KOMITAKTHBIX,
3 PEeKTUBHBIX U XOPOIIO OPraHM30BAHHBIX (popM mpecTaBienus nudopmanmun. Ta-
KUe ujieaJibHble (pOPMBI MOTYT OTPakaTh CAMYIO CYTh WH(MOPMAIIIH, COIEPKAIIEHCs
B JaHHbIX. [loaTOMy m3ydeHme Takux (pOpM U UX CBOWCTB MOXKET IIPUOJIM3UTH HAC K
aJICKBATHOMY MATEMATHIECKOMY OIMCAHWIO CAMOTO MOHATHS WH(MOPMAIIIH.

Pabora Bermosnena npu dunancosoit nogmaepxkke PODU, rpant Ne 19-29-09044.
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Minimal Information Space as a Background for Efficient
Distributed Big Data Processing

Golubtsov Peter' golubtsov@physics.msu.ru

!Moscow, Lomonosov Moscow State University

Data in modern research are often huge, distributed among numerous sites and
constantly updated. As a result, it is generally impossible and impractical to collect
all research-relevant data on one computer, as one computer will not be able to
process them in a reasonable amount of time. A suitable data analysis algorithm
should, working in parallel on many computers, extract some compact intermediate
“information” from each set of initial data, gradually merge it and, finally, use
the accumulated information to obtain a result. As new data arrives, it must be
able to add the information contained in new data to the accumulated information
and, ultimately, update the result. In the works [1, 2] it was shown that for the
efficient processing of distributed data, the possibility of introducing an appropriate
intermediate form of information representation with certain algebraic properties
plays a key role.

This work is devoted to the algebraic formalization of distributed data processing
under very general conditions. The concept of information space is defined and,
in particular, the minimum information space is introduced. It provides the most
compact form of information accumulation and allows optimal parallelization of data
processing.

Let D be the set of possible input data values, and R be the set of processing
result values. In big data problems, collections of elements from D are fed to the
input of the processing procedure, and these collections can be scattered over many
computers. For the mathematical representation of the set of all such collections with
the operation of their merge, the free monoid D* with the operation of concatenation
is usually used. However, since the result of processing usually should not depend
on the order in which the data arrives, it is convenient to represent the space of
all possible collections of initial data by the free commutative monoid Dt with the
set of generators D. Its elements are finite multisets on the set D (in which an
element can be repeated several times) with the multiset union operation (where
the multiplicities of the elements are added). Processing procedure for data sets with
elements from the set D and results from the set R is defined as a mapping p from
the free commutative monoid DT to the set R, i.e., p: DT — R.

Definition 1. An information space (IS) (U, q,r) for the procedure p : DT — R
is a commutative monoid U, a surjective homomorphism (SH) q : DT — U and a
mapping v : U — R such that r o q = p.

In fact, the homomorphism ¢ “compresses” the original data without loss of
information. Homomorphic means that the sum of the corresponding pieces of in-

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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formation corresponds to the union of data sets, and its surjectivity ensures that U
does not contain “extra” elements that can never appear.

Definition 2. We will say that the IS (U, q,r) is smaller (better) than (U',q',r")
and denote it as (U,q,7) < (U',q',r") if there exists a mapping h : U’ — U such
that hoq' = q.

Since q is a SH, such transformation h of information spaces is unique and is also
a SH. Besides, 7o h =1/, i.e. (U,h,r) can be thought of as an IS for the procedure
r" : U’ — R. The relation < is a preorder, and if Y < U’ and U’ < U, then these ISs
are isomorphic. A minimal in the sense of this ordering IS (U, g, r) has the property
that any IS (U’,q¢,r’) for p factorizes through it, i.e., there exists a (unique) SH
h:U" — U such that hoq¢ = q and 7' =roh.

To prove the existence of a minimal IS, we give the following

Definition 3. We say that elements x and y from U are indistinguishable with
respect to r : U — R and denote it as x ~, y ifVz €U r(z + 2) =r(y + 2).

Theorem 1 (Existence). The minimal IS for the procedure p : D — R exists
and, up to isomorphism, coincides with the factormonoid (D /~,,q,r) by the indis-
tinguishability congruence on Dt with respect to p. Moreover, q : DT — D% /~,, is
the corresponding canonical epimorphism, q(x) = [z]~,, ® € DT, and the mapping
r: Dt /~p, = R is defined as r([z]~,) = p(x) for x € D*.

The following assertion gives a convenient minimality criterion.

Theorem 2 (Minimality criterion). An IS (U, q,r) is minimal if all its elements
are distinguishable with respect to the congruence ~,..

The algebraic structure of the information space allows to naturally introduce
the concept of quality of information. Namely, for elements = and y from the IS U,
we say that x is better (represents more information) than y and denote z > y if
Jz € U © = y + z. The quality relation on U is a preorder relation consistent with
the algebraic structure, ie., 2’ =z & 9y =y =— 2 +9 =x+yand x = 0.
Moreover, if h : U’ — U is a transformation of ISs, then h preserves the quality
ordering: = =y = h(x) = h(y).

The use of the minimum IS allows to most efficiently parallelize the process of
information accumulation within the MapReduce [3] distributed data analysis model
and organize efficient processing without the need to transfer and accumulate the
original data. In the context of this model, Map transforms the source data sets into
elements of the IS, and Reduce combines all these pieces of partial information into
one element representing all the source data, Fig. 1.
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Raw Data Partial Information Accumulated Information

q
DLl ——

@@, gn o

: Map Info
' . ' Reduce
@
Dt U = D*<~p - minimal information space R

Fig. 1. Parallel processing of distributed data using minimal information space
within the MapReduce model.

At the same time, the minimum information space determines the “optimal”
mathematical structure for representing the information contained in the data for
the MapReduce model and describes the “theoretical limit” of compactness of infor-
mation representation.

As shown in this work, under very general assumptions, the problem of opti-
mizing distributed data processing leads to a mathematical representation of the
information contained in the data as an element of the minimum information space.
And within such framework of ISs, the addition and quality of information are nat-
urally expressed.

The concept of information has always been a subject of predominantly theo-
retical interest. Now the problems of big data require compact, efficient and well-
organized forms of information representation. Such ideal forms can reflect the very
essence of the information contained in the data. Therefore, the study of such forms
and their properties can bring us closer to an adequate mathematical description of
the very concept of information.

This research is funded by RFBR, grant 19-29-09044.
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BbluncnurenbHasa cnoXHocTb AByX 3a4ad4Y KOrHUTUBHOIO
dHaJZIn3a OaHHbIX

Kymmnenrxo Oavea Andpeesna'? olga@math.nsc.ru
"Hogocubupck, Uncruryr maremarukn um. C. JI. Cobosesa
2Hosocubupck, HoBocuGupcKuii roc. yHEBEPCHTET

Jokazana NP-TpyHOCTb B CHJIBHOM CMBICJIE JBYX 3aJ@4 KOTHUTUBHOTO aHAJIHU-
3a JAHHBIX: 33/I89M TAKCOHOMUHN (KJIACTEPU3AIUN) U 33[a49U BIOOPA II0/MHOKECTBA
TUIMUYIHBIX TPEJICTABUTEEH KIaCCUPUITTPOBAHHON BBIOOPKHU, COCTOAIIEH M3 00DbEK-
TOB JIByX 00pa30B. JlJisi KOJIMYECTBEHHOM OIEHKYN KaveCTBa MHOXKECTBa BBHIOPaHHBIX
TUIMYHBIX [IPeJCTaBUTe el BHIOOPKU (IIPOTOTHUIIOB) UCIIOJIL3YeTCsd (DYHKIMS KOHKY-
penTHOro cxoicra — FRiS-byukuns (Function of Rival Similarity) [1], ¢ momormpio
KOTOPOIl OIEHUBAECTCS CXOJCTBO OOBEKTA € OJIMKANIINM TUIIMIHBIM TIPEICTABUTEIEM
BBIOOPKM.

3agada takcoHOMUM (KJIACTEPU3aLMU) — 5TO 33/a9a pa3OueHusl HEKJIAC-
cnduIMpoBaHHO BHIGOPKHE OOBEKTOB HA HEIEPECEKAIOIINECs MOJMHOXKECTBa (Kila-
CTepbl) TAaKUM O6Pa30M, YTOOBI KAXKJbIA KJIACTED COCTOS U3 Om3KuX (IIOXOXKUX)
[0 HEKOTOPOMY KPUTEPHUIO OOBEKTOB, HEIOXOXKUX HA OODBEKTHI JAPYIUX KJIACTEPOB.
B anmammse mamnubIx 9Ta mpobieMa OTHOCHUTCS K KJIACCy 3a7ad o0ydeHus 6e3 yuanTe-
Jist. OCOBEHHOCTBIO 331291 TAKCOHOMUN HEKJIACCU(DUIIMPOBAHHON BBIOOPKHU SIBJISIETCSI
TO, 9TO allPUOPU HEM3BECTHBI KaK IIPUHAJJIE2KHOCTb O0bEKTOB BHIOOPKHU K TOMY HJIH
uHOMY 00pasdy (Kjaccy), Tak U 9UCJI0 TaKuxX 00pas3oB. Jljis pelenns 3a1a49u uerosib-
3yercd peylupoBaHHas (QYHKIMs KOHKYPEHTHOIO CXOICTBa [2]:

T —71(2,A)

Fo(z,A) = 152
(2, A) * +7(2,A)’

rae A — BbIOOpKa, 7% — KOHCTaHTa, MHTEPIPETHpYyeMast KaK PACCTOSTHIE OT KarKJI0-
ro oobekTa z € A 110 BUPTYaIbHOro 00pasa (min o0pa3a-KOHKYPEHTa), BCe 00beKThI
KOTOPOTO SIBJISTIOTCSI ITPOTOTUIIAMI W PACCTOSTHHAE OT JII0O0T0 06bekTa A 10 OImzKaii-

1ero o6beKTa 00pa3a-KOHKypeHTa paBHo 75 7(z, A) = %1\{{1 ) 7(z,x) — paccrosnue
AS z

ot obbekTa z g0 Muoxkectsa A \ {z}.
O6o3naunM wepe3 S MHOXKECTBO IPOTOTHIOB BLIGOPKU A. JIjIs OLEHKH Kate-
CTBa TOr0 MHOYKECTBA UCIOJIL3YETCS YCPEIHEHHAS BeJIUTNHA!

1
H(A,SA) = — F*(2,SA).
(A,Sa) Al GAE\S (2,84)
z A

Jljist perenst paccCMaTpUBAaEMOil 3a/1a9u TpedyeTCs HANTH MHOYKECTBO S A ITPOTOTH-

OB BBIOOPKHU A, Ha KOTOPOM JOCTHATAETCS MakCuMyM (yHKImoHaga H.
JokazarenbctBo NP-TpyIHOCTH B CHIIBHOM CMBICJIE 33/1a90 TAKCOHOMEH BBITIOJI-

HeHo cBejieHneM u3BecTHOil NP-1mmosHOM 337841 0 BEpIIMHHOM MOKPBITHN T'pada K
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3aja17e BLIOOPA MOIMHOKECTBA, HA KOTOPOM 3HadeHne pyHKIMOoHa 8 H MakCuMa/b-
HO.

Sanaua BII (Bepmmnnoe nokpoitre)[3]. Jan rpad G = (V, E) u noaoxxuressb-
uoe 1esoe auciao J < |V|. Umeerca s B rpade G BeprimHHOE NOKPHITHE HE GOjIee
geM u3 J 9JEMEHTOB, TO €CTh TaKoe moaMuoxkectso V' C V, uro |V'| < J m gna
kaxkoro pebpa {u,v} € E xorsa Gbl O/lHA U3 BEPIIUH U UJIA U UPUHAIJICKAT V'?

B [4] nokasana cremyromas

Teopema. 3aaua MOMCKa HAMMEHBIIIET'O BEPIIMHHOIO IIOKPBITHS IPOU3BOJIBHOIO
rpada G = (V, E) copurcs K 3a/1a4€e BHIOOPA U3 HEKOTOPOH UCKYCCTBEHHON BBIGOD-
K1 X ¢ MHOYKECTBa 0OBEKTOB S’ , Ha KOTOPOM JOCTUTaeTCS MAKCUMYM (DYHKIIMOHAJIA
H. TIpugem Boibopka X crpoutcs mo G 3a MOJIMHOMUAAIBHOE BPEMs I UMEET TIOJIU-
HOMHIAJIBHOE KOJINIECTBO 00BbEKTOB oTHOCHTENbHO |V | + | E|.

Puc. 1.

Ha puc. 1 npuBeseHo mocTpoeHne UCKYCCTBeHHON BbIOOpku X 1o rpady G,
COCTOSIIIEMY U3 YeTbipex BepiiuH. [ljist 7, 1, R BBIIOJIHSIOTCS CJIEyOIIe HEpaBEeH-
cTBa:

2(ry =) T17R<O

O<r<ri <R<2n .
ri+r r+R

3amavya BhIOOpA MOMHOXKECTBA MPOTOTUIIOB BBIOOPKH, COCTOAINEN U3
00BEKTOB JIBYX 0O0Opa30B, sIBJISETCHd TUIUYHONU B aHaju3e AaHHBIX. [Ipemmosara-
ercs, 9TO pa30dueHune Ha JBa KJIACCA 33/IaHO0, U KAXKJbIH KJIACC MOXKET OMUCHIBATHCS
HECKOJIbKUMU TIPOTOTHUITAME. 33,189y TAKCOHOMUU MOXKHO PACCMATPUBATEH KaK 9acT-
HBIH C/Iyvail JaHHON 3a/1a9u IPU YCIOBUM, 9TO OJWH U3 00Pa30B COCTOUT U3 OJIHOTO
obbekTa. B paccmarpuBaeMoil MoCTaHOBKE B KAYECTBE IIPOTOTUIIOB BHIOOPKM, COCTO-
simeit u3 00bEKTOB JIBYX KJIACCOB, BEIONPAIOTCS O0BEKTHI, HA KOTOPbIE MAKCUMAJIbHO
ITOXOXKU OOBEKTHI M3 TOTO K€ KJIACCa U He MOX0XKM OOBEKTHI IPYTOro KJIACCa.

Ob6o3naunM yepe3 Sp U Sp MHOXKECTBa MPOTOTUIIOB obpa3a A u obpaza B, co-
OTBETCTBEHHO. JJIsi OIIeHKM KadeCcTBA BHIOPAHHBIX IIPOTOTUIIOB UCIIOJIB3YETCS YCPeI-
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HEHHad BeJIMYMHA:

H(A Sa,B, SB) 1 Z T(i7 SE) - T(anA)

JAUB|

n Z 7(z, SA 7(z,SB)
» OB

EB\SB

Jlist perieHunst paccMaTpuBaeMoil 3ajadn Tpebyercst HalTu MHOXKecTBa SA U Sp
IIPOTOTHUIIOB BHIOOPKH, HA KOTOPBIX JIOCTUTAETCAd MaKCUMyM (yHKImoHaaa H.

W3 moka3aHHOl TEOPEMBI [OJLYIUM

CaeacrBue. 3a7ia9a MIOMCKA MHOYKECTBA ITPOTOTUIIOB BHIOOPKH, IIPEJICTABICHHOMN
o0beKTaMU JBYX KiaccoB, NP-TpynHa.

NP-TpyaHOCTb B CHJIBHOM CMBICJIE PACCMOTPEHHBIX 33,189 KOTHUTUBHOT'O aHAJIU-
3a JAHHBIX OOOCHOBBIBAET IIPUMEHEHUE PA3IUIHBIX IBPUCTUIECCKUX AJTOPUTMOB JIJIst
pelenns 3a71a9 BbIOOPA IIPOTOTUIIOB KJIACCU(DUIIMPOBAHHBIX, HEKJIACCU(MUIIMPOBAH-
HBIX U CMEIAHHBIX BBIOOPOK, B KOTODPBIX JJIs KOJUIECTBEHHOH OIEHKH KadeCTBa
BBIOPAHHDBIX TUIIUIHBIX 00BHEKTOB 00pPa30B MCIIOJIb3yeTCst (DYHKIMS KOHKYPEHTHOTO
cxozicTBa [5, 6].

Pabora BeinosHena B pamkax rocyaapersernoro saganug UM CO PAH (upoekr
Ne FWNF-2022-0015).
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Computational complexity of two problems of cognitive data
analysis

Kutnenko Olga'? olga@math.nsc.ru
Novosibirsk, Sobolev Institute of Mathematics
2Novosibirsk, Novosibirsk State University

NP-hardness in the strong sense of two problems of cognitive data analysis is
proved, that is the problem of taxonomy (clustering) and the problem of selecting
a subset of typical representatives of a classified sample consisting of objects of
two images. To quantify the quality of the set of selected typical representatives
of the sample (prototypes), the FRiS-function (Function of Rival Similarity) [1], is
used, which evaluates the similarity of an object with the closest typical sample
representative.

The problem of taxonomy (clustering) is the problem of dividing an unclas-
sified sample of objects into non-overlapping subsets (clusters) in such a way that
each cluster consists of objects that are close (similar) according to some criterion
and dissimilar to the objects of other clusters. In data analysis this problem belongs
to the class of unsupervised learning problems. A feature of the problem of taxon-
omy of an unclassified sample is that it is not known a priori whether the sample
objects belong to a particular image (class), or the number of such images. To solve
the problem, the reduced function of rival similarity is used [2]:

™ —7(2,A)

)=t ay

where A is a sample, 7" is a constant interpreted as the distance from each object
z € A to the virtual image (or the image of a competitor), all objects of which
are prototypes and the distance from any object A to the nearest object of the

competitor image is equal to 7*; 7(z,A) = %1\r{1 }T(z,x) is the distance from the
EAS z

object z to the set A\ {z}.
Denote by Sa the set of prototypes of the sample A. To assess the quality of
this set, the average value is used:

1
H(A,SA) = — E F*(z,S4A).
( 9 A) |A| s (Za A)
z A

To solve the problem under consideration, it is required to find the set S5 of proto-
types of the sample A, on which the maximum of the functional H is achieved.
The proof of NP-hardness in the strong sense of the taxonomy problem is done by
reducing the well-known NP-complete problem of graph vertex cover to the problem
of choosing a subset on which the value of the functional H is maximal.
Problem VC (vertex cover)[3]. A graph G = (V,E) and a positive integer
number J < |V are given. Is there a vertex cover of at most J elements in G, i.e., a

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



196 BroraucnurenbHas CIOKHOCTD U IPHOJINIKEHHBIE METOIBI

subset V' C V such that |V'| < J and for each edge {u,v} € E at least one vertex
u or v belongs V'?

The following theorem was proved in [4].

Theorem. The problem of finding the smallest vertex cover of an arbitrary
graph G = (V, E) is reduced to the problem of choosing a set of objects S% from
some artificial sample X on which the maximum of the functional H is achieved.
Moreover, the sample X is built according to G in polynomial time and has a
polynomial number of objects with respect to |V| + |E|.

Fig. 1.

Figure 1 shows the construction of an artificial sample X according to the graph
G, consisting of four vertices. For 7, r1, R the following inequalities hold:

2(ry — 1) ’I“1—R<O

O<r<ri<R<2r, .
ry+r rn+ R

The problem of choosing a subset of sample prototypes, consisting of
objects of two images, is typical in data analysis. It is assumed that the division
into two classes is given, and each class can be described by several prototypes. The
problem of taxonomy can be considered as a special case of this problem, provided
that one of the images consists of one object. In the formulation under consideration,
objects that are most similar to objects from the same class and are not similar to
objects of another class, are chosen as prototypes of a sample consisting of objects
of two classes.

Denote by Sao and Sy the sets of prototypes of pattern A and pattern B, re-
spectively. To evaluate the quality of the selected prototypes, the average value is
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used:

1 7(x,S) — 7(x,SA)
H(A,SA,B,Sp) = |[AUB |<€Z 7(x,S

n Z xSA —T((E SB)>.

—|— T( SB)

xeB\SB

To solve the problem under consideration, it is required to find the sets Sp and Sg

of sample prototypes on which the maximum of the functional H is achieved.

From the proved theorem we get

Corollary. The problem of finding a set of prototypes for a sample represented
by objects of two classes is NP-hard.

NP-hardness in the strong sense of the considered problems of cognitive data
analysis justifies the use of various heuristic algorithms for solving problems of se-
lecting prototypes of classified, unclassified and mixed samples. The function of rival
similarity is used to quantify the quality of selected typical objects of images [5, 6].

The research was carried out within the framework of the state order of the
Institute of Mathematics of the Siberian Branch of the Russian Academy of Sciences
(project no. FWNF-2022-0015).
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I"Io,u,xo,u, K annpokKCnmMmauunm rpaHnuybl HEBbINYKJ/IOFO MHO>XXeCTBa
AOCTUXKNMOCTIN yl'lpaBJ'IFIeMOI7I ,EI,I/IHaMVI‘-IeCKOVI Cncrtembl

Aunexcandp FOpvesuw I'opros® gornov@icc.ru
Tamwvana Cepzeesna 3apodHior'x tz@icc.ru

'Mpryrck, VHCTUTYT [UHAMMKA CHCTEM U Teopuu yipasieHus uM. B.M. Marpocosa
Cubupckoro Otnenennss PAH

3aaua MOCTPOEHNsT TPAHUITHI HEBBITYKJIBIX MHOXKECTB JOCTH2KUMOCTH YIIPABJIs-
€MbIX JIMHAMUYIECKUX CUCTEM B OOINEM CJIydae CUNTAETCS B HACTOSIIEE BPEMs HEpe-
IIIEHHOI. DTO CBA3aHO KaK ¢ O0beKTUBHOI CII02KHOCTHIO HEBBITTYKJIBIX 381 JIMHAMI-
YeCKOM ONTUMHUIAINH, TAK U C BBICOKUMHU TPEOOBAHUSAMU K IUCTEHHBIM aJTOPUTMAaM
U UX TIPOrPAMMHBIM PEAJM3AIMAM. 3HAsl BUJ MHOXKECTBA JIOCTUYKUMOCTHU yIIPAB-
JAeMOIl TUHAMWYIECKON CACTEeMBI, MOXKHO CBOIUTH UCXOIHBIE 33,189 OIITHUMAJILHOTO
VIpaBJIeHUs K 33/a9aM [MOMCKA MUHUMYMa I€JIeBOTr0 (bYHKIIMOHAIA HA MHOXKECTBE
3aJJaHHOU CTPYKTYDHI.

B pabote npearaercs moixo 1, OCHOBAHHBIH HA MTOCTPOEHUN CeMENCTBA JIOTYCTH-
MBIX yIIPABJAONINX BO3/IEHCTBUI, IO3BOIAIONINAX I0IydaTh TOUYKN Ha I'PAHUIE MHO-
2KeCTBa JOCTUKUMOCTH. POPMUPYIOTCA YIPABJISIONINE BO3IEUCTBUS C OTHON TOUKON
[IEPEKJIIOUEHNs, «IIpoberaomneii> BeChb MHTEPBAJ M3MEHeHusi BpeMmenu. B coorser-
cTBHUH ¢ bang-bang npuHIUIOM Ha TOAOOHBIX YIIPABIEHUIX JTOCTUTAIOTCS TPAHUIHBIE
TOYKU MHOXKECTBa JIOCTUKUMOCTH.

IIporpammHas peasnn3anys IpeIaraeMoro IoJxoga IPOTECTUPOBAHA C UCIOJIb-
30BaHUEM 33/1a49 C HEBBITYKJIBIMU MHOYKECTBAMU JOCTUZKUMOCTHU. B KadecTBe mpume-
pa IpuBeAeM ABYMEPHYIO yIPAaBAAEMYyI0 JUHAMUYICCKYIO CHCTEMY, PACCMOTPEHHYIO
Ha yBEeJIUYMUBAIONINXCA WHTepBaJlaXx U3MEHEHUs BPEeMEeHU:

T1 = uy + o, (1)
&9 = uy + cos(xz — 1), (2)
x1(0) = 0.0, z2(0) = 0.0, |u(t)] < 0.5, t € T =[0,t1]. (3)

X2 X2 X2
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Puc. 1. MHOXKecTBa JTOCTUKUMOCTH YIPABIseMoil auHaMuaeckoil cucremsl (1)—(3),
3aJaHHOU Ha BO3PACTAIONUX WHTepBajIax Bpemenu: t1 = 2,3,5,7,9 u 10.

Ha pucynke npejcraBsiieHa Moc/ie/[0BaTebHOCTh MHOMKECTB JOCTHKUMOCTH JIJIst
zagaun (1)—(3). CoorBercTByIONAs AMHAMUYECKAST CACTEMA PACCMOTPEHA HA PA3HBIX
unrepsasiax spemenu: [0,2],1[0,3],0,5],[0,7],[0,9] u [0,10]. Bunno, Kak ycaoxks-
€TCST CTPYKTYpa MHOMKECTBA JOCTHZKAMOCTH — TOSIBJIAIOTCS y3KHe OOJNACTH M eCym
9KCTPEMAJIbHBIE TOUKH OY/yT HAXOAUTCA B ITUX OOJACTSAX, TO MOTYT BOSHUKATH JI0-
HOJIHATE/IbHBIE BBIYUCIUTE/ILHBIE TPYHOCTU IPU YUCJIEHHOM IOUCKEe PeIleHus.

ITpoBeeHO TecTUpOBaHUE MPOrPAMMHON peau3aluy MPeIOZKEHHOTO TOIX0/IA.
Tosy9eHHBIe PE3YILTATHI MO3BOJIMIA ONEHUTH €T0 MPUMEHUMOCTD JJTsl ATIPOKCHMA-
I[N TPAHWIBI MHOYKECTBA, JOCTUKUMOCTH yTIPABJISIEMBIX TUHAMUIECKAX CHCTEM.

Pabora Bbinosinena 3a cuer cyocuaun Munobpraaykn Poccun B pamMkax IpoekTa
«Teopust ¥ MeTOJBI UCCJIETOBAHUSA IBOJIIOIMOHHBIX YPABHEHHUI U yIPABJIAEMBIX CH-
creM ¢ ux npuioxkenusiMu» (Ne roc. perucrparnun: 121041300060-4).

[1] Gornov A., Zarodnyuk T., Anikin A., Sorokovikov P., Tyatyushkin A. Software
engineering for optimal control problems // Lecture Notes in Networks and Systems,
2022. Vol. 424. Pp. 415-426.
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An approach to boundary approximation of a non-convex
reachable set of controlled dynamical systems

Alexander Gornov' gornov@icc.ru
Tatiana Zarodnyukel2x tz@icc.ru

rkutsk, Matrosov Institute for System Dynamics and Control Theory of Siberian
Branch of RAS

The problem of constructing the boundary of non-convex reachable sets of con-
trolled dynamical systems is generally considered to be currently unsolved. This is
due both to the objective complexity of non-convex dynamic optimization problems
and to the high requirements for numerical algorithms and their software imple-
mentations. Knowing the structure of the reachable set of the controlled dynamical
system, it is possible to reduce the initial optimal control problems to the problems
of finding the minimum of the objective functional on the known type set.

The paper proposes an approach based on the construction of a family of per-
missible controls that allow obtaining points on the boundary of the reachable set.
The controls are formed with a single switching point that ”runs through” the entire
time interval. In accordance with the bang-bang principle, the boundary points of
the reachable set are achieved on such controls.

The software implementation of the proposed approach is tested using problems
with non-convex reachable sets. As an example, we give the two-dimensional con-
trolled dynamical system considered at increasing time intervals:

T = uy + xo, (1)
j?g =u; + COS(IQ — Il), (2)
21(0) = 0.0, 25(0) = 0.0, |u(t)| < 0.5, t € T = [0, t1]. (3)
X2 x2 X2
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X2 X2 X2
8 8 8

2 T T T 1x1 2 T T T T T T Ix1 2T T T T T T Ixi
0 20 40 60 0 20 40 60 80 0 40 80 120

Fig. 1. Reachable sets of the controlled dynamical system (1)—(3), given at
increasing time intervals: t; = 2,3,5,7,9 and 10.

The figure shows a sequence of reachable sets for problem (1)—(3). The corre-
sponding dynamical system is considered at different time intervals: [0,2], [0, 3],
[0,5], [0,7], [0,9] and [0, 10]. It can be seen how the structure of the reachable set
becomes more complicated, the narrow areas appear and if the extreme points are
located in these areas, then additional computational difficulties may arise in the
numerical search for the solution.

The software implementation of the proposed approach has been tested. The
obtained results made it possible to evaluate its applicability for approximating the
boundary of the reachable set of the controlled dynamical systems.

The work was supported by the grant from the Ministry of Education and Sci-
ence of Russia within the framework of the project ” Theory and methods of research
of evolutionary equations and controlled systems with their applications” (state reg-
istration No 121041300060-4).

[1] Gornov A., Zarodnyuk T., Anikin A., Sorokovikov P., Tyatyushkin A. Software engi-
neering for optimal control problems // Lecture Notes in Networks and Systems, 2022.
Vol. 424. Pp. 415-426.
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Perynsipnsauyuns cBeTpo4HO HEMPOHHOW CETU CUHTYJISIPHbIM
pa3foxeHeM A5l 0DyYeHMsA Ha MeAULMHCKUX N300pa>keHunsix

Bayaurn Huxoaatl Baadumuposu nvvaulin@gmail.com
Mocksa, MIIT'Y

ABTOMATH3UPOBAHHBIN AHAJIM3 MEIUIMHCKUX M300parkKeHUil BJISIeTCs OMHON U3
HanboJiee MEPCIEKTUBHBIX OOJIacTell TPUMEHEHUsT MAITUHHOTO OOydeHHus. 3aaady
KJIACCUPUKAIINA MEIUIIMHCKAX H300parKeHnii MOXKHO pacCMATPHUBATL B KOHTEKCTE
obtmeit mpobseMbl KJIACCH(DUKAIIMA B KOMIBIOTEDHOM 3PDEHUU. 371eCh TaK YKe PH-
MEHUMbI MHOTHE CTaHIapTHBIE PEIeHus, TaKne KaK HefpoceTeBble apXUTEKTYPLI,
ayrMEeHTaIls JIaHHBIX U crparerun oOydenus. OHAKO, OTCyTCTBUE DOJIBIIUX 00y Ya-
IOIIKUX BBIOOPOK C OJHOBPEMEHHON HEOOXOINMOCTBHIO BHICOKOH 0000IIaoNIeii crrocoo-
HOCTH MOJIEJIU, 3aCTABJISIET PA3BUBATD Psijl CIENUMDUIHBIX PEIIEHU, ATe/IUPYIOITIX
K HeJocTaTKy maHubiX. OINH U3 paclpoOCTPAHEHHBIX MTOIXO0B, IPUMEHIEMbBIX TPH
00yTIeHN Ha MaJIbIX BBIOOPKAX, ABJSIETCS MTEPEHOC 3HAHUI 3a CUYET MCIIOJIb30BAHUSA
[pe100yYeHHON MO . DTO HO3BOJISIET JOOUTHCS JIyUIeill CXOMUMOCTA U GOJIbIIe
obobraroreil criocobHocTr MOJIESH, HO 3 deKT mepeobydeH st BCe eIlle 3HAUNTE IeH.
B manmoit pabore OBLIO IPEJIOKEHO HCIIOJIB30BATh CUHTYJISIDHOE PA3JIOXKEHUE Be-
COB CBEPTOK CETH, ITO MMO3BOJISIET 3HATUTEILHO YMEHBITUTD KOJUIECTBO 00y IaeMbIX
TapaMeTpOB.

Pazmoxkenne BecoB yrke IMTUPOKO MPUMEHSIETCS B HEHPOHHBIX ceTsax. Hampumep, B
3ajia4e paclio3HABaHUs PEeYH y/1aj0Ch CHU3UTH KOJIMYECTBO [IapaMeTPOB HEAPOHHO
CeTH 3a cueT OOHYJIEHUsI MAJIbIX CHHIY/ISPHBIX 3HAYeHUH [1], yMEHBIINB KOJIMIECTBO
mapaMeTpoB B 8 pa3 W JOOOYYMB, TOTHOCTL MOIEJN MPAKTUIECKH HE CHU3UIACD.
AHaJIOrMYHO, CHUYKEHHME DAHIa MATPHIBI UCIOJIL30BAJIOCH B 3ajade J000ydeHus (a
nmenHo, B self-supervised distillation). B [2] 6buto mpeioxkeno aueTnuMpoBaTh
KOPPEJISIIIUIO0 MEXKJy BXOJHBIMUA U BBIXOIHBIMU 3HAYEHUsIMUA OJIOKA, IIPU 3TOM BHYT-
PEHHsisI PA3MEPHOCTb BXOJHBIX M BBIXOJHBIX IIPU3HAKOB CHIKAJIACH 33 CUeT ODHYJIe-
HUsl CHHTYJISPHBIX 3HadYeHuit. JlooOydyeHne B pexkuMe NUCTUILISIAA K N3HAYATHHOM
MOJIEJIN TIPUBEJIO K YBEJIUIEHUIO TOTHOCTH.

[To anasmoruu ¢ MOJTHOCBSI3HBIMU CETSIMU, CHHTYJIAPHOE PA3JIOXKEHIE MOYKHO TTPH-
MEHHUTh U K BecaM JBYXMEPHBIX CBEPTOK. B pabore ObLIM PAcCCMOTPEHBI HECKOJIHKO
BapUAHTOB pa3JjioykeHHs mapaMerpoB. OUTUMHU3AIMS TOJBKO CHHIYJISPHBIX 3HAUE-
HUI YMEHBITaeT KOJIMIECTBO 00YIAEMbIX IMapaMeTpPOB, UYTO HMOBBIMIAET CTAOUIBHOCTD
cxXoMMOCTH U cHmKaeT 3ddekT nepeodyuerus. JlomoaHnTeIbHO, METOMI 1000y de-
HUS CHHTY/ISIPHBIX 3HAYEHUN OOHYJISIET 3HAYUUTEILHOE KOJHIECTBO MapaMeTpPOB UTO
MOYKHO WCIIOJIb30BATDh B 33/a1U€ YMEHDbIIEHUSI KOJNIEeCTBA BECOB CETH.

[1] Xue, Jian and Li, Jinyu and Gong, Yifan Restructuring of deep neural network acoustic

models with singular value decomposition. // Interspeech, 2013. — p. 2365-2369
[2] Lee, Seung Hyun and Kim, Dae Ha and Song, Byung Cheol Self-supervised knowledge

distillation using singular value decomposition // Proceedings of the European
Conference on Computer Vision (ECCV), 2018. — p. 335-350
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Training with SVD regularization for medical imaging

Vaulin Nikolay nvvaulin@gmail.com
Moscow, MPSU

Automated analysis of medical images is one of the most promising applications of
machine learning. Medical images classification can be considered in the context of
the general problem of classification in computer vision. Many standard solutions
are also applicable here, such as neural network architectures, data augmentation
and optimization strategies. However, the lack of large training datasets and gener-
alizability requirement for the model makes it necessary to develop specific solutions
that targets lack-of-data problems. One of the common approaches used in training
on small datasets is knowledge transfer by using pre-trained model. This improve
convergence and generalization of the model, but the effect of overfitting is still
significant. In this paper, it was proposed to use the singular value decomposition
of the convolution weights, which can significantly reduce the number of trainable
parameters.

Weight decomposition is already widely used in neural networks. For example, in
the speech recognition problem, it was possible to reduce the number of parameters
by fine-tuning model with only largest singular values [1], it reduce the number of
parameters by 8 times with comerable accuracy. Similarly, matrix rank reduction
was used in self-supervised distillation. In [2] it was proposed to distill the correlation
between the input and output values of the block, while the internal dimension of
the input and output features was reduced by eliminating small singular values.
Additional training in the distillation mode to the original model increase accuracy.

By analogy with fully connected networks, the singular value decomposition can
also be applied to the weights of two-dimensional convolutions. In proposed ap-
proach, several options for parameters decomposition were considered. Oprimizing
the only singular values reduces the number of trainable parameters, which increases
stability of convergence, reduces the effect of overfitting, and at the same time the
network effectively learns a new task. Additionally, the singular value fine-tuning
removes significant number of parameters, which can be used weights pruning
[1] Xue, Jian and Li, Jinyu and Gong, Yifan Restructuring of deep neural network acoustic

models with singular value decomposition. // Interspeech, 2013. — p. 2365-2369
[2] Lee, Seung Hyun and Kim, Dae Ha and Song, Byung Cheol Self-supervised knowl-

edge distillation using singular value decomposition // Proceedings of the European

Conference on Computer Vision (ECCV), 2018. — p. 335-350

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



204 O6paboTka U aHAJIN3 U300PaAKEHU, KOMIIIOTEPHOE 3PEHHe

Knaccudukayms nssnekaembix U3 naHopam n3obparkeHunii
HeMpPOHHOI CeTblo C Moay/eM caaBaMBaHUA-BO3DYy>XaeHUs

Duaunncrux Cepzeti JIeonudosur' philippsl@mail.ru

1Opes, Oprosckuit dumman PenepalbHOrO HCCIIEI0BATEILCKOTO HenTpa "Mudopmaruka
u yupasiyenue" Poccuiickoit Akagemun Hayk (O® OUI NIV PAH)

B nacrosiree Bpemst Bce GoJiblliee pacIpoCTpaHeHHe IOIydaeT MOJX0/ K KJIac-
cuduKaIyy MOJHONBETHBIX n30bpazkenuii (dbororpaduil) ¢ UCHOIB30BAHUEM CBED-
rounbix Heiipounbix cereil (CHC) u monenupyembix mabaoHOB Jyisl PACIIO3HABAHUSI
BBIJIEJISIEMBIX OCOOEHHOCTEIA.

IIpu paspaborke nHGOPMAIMOHHON TEXHOJIOIHMH KOPPEKIUH SIPKOCTH U I[BETA
(T K4IT) nanopamMHbIx ©300parkKeHuti, oLy 9€HHBIX ¢ IIOMOIIBIO a3p0dOTOCHEMKH,
ObLIN BBIIOJTHEHBI 33/Ia9M 10 HOPMAJIM3AINN APKOCTH U IIBETY BBIOPAHHBIX KapOB,
oty deHHbIX ¢ Kamepbl BILJTA; crmuBanue mogxomsnmx KajpoB B MAHOPAMBI; CPaB-
HeHVe Pa3HOBPEMEHHbIX TAHOPAM W BhIsBJIeHNe BO3HUKatomme anomasnn [1]. Oxrako
OTHECEHUE MICHTU(MUINPOBAHHBIX 00bEKTOB K TOMY MJIN NWHOMY KJIACCY OT/IABAJIOCH
Ha paccmorperue oneparopy I10 [2]. s aBroMaTnsanyu nporecca KiaccuduKammn
aHOMAJIH OBLIO MIPUHSITO pPEIeHNe TPUMEHUTh COBPEMEHHbIE HeffPOCeTeBON MOe/n
[3].

[Ipu pabore ¢ pamuabivu, noaydenabivu ¢ BILJTA, ofydaromast BeIOOpKa 9acTo
COJIEPKUT KJIACCHI, CUIIBHO OTJIMYAIONTHECS 110 KOJTUYIECTBY N300parKeHUl B KaKIOM.
N3-3a 6osbimoro wucsia m300paykeHnit MaJjIbIX Pa3MepOB, HEJIb3s UCIOJIB30BATh CO-
BPEMEHHBIE APXUTEKTYPbhI IIyOOKNX WM IMUPOKUX HEHPOHHBIX CeTeil B 9MCTOM BHUJIE.
Ucnonp30oBanne ycTapeBIInX apXUTEKTYP TAKXKE HEBO3MOXKHO, TAK KaK OHHU ILJIOXO
paboTaroT Ha HecOAJTAHCUPOBAHHBIX BBIOOPKAX W CKJIOHHBI K ME€PE00yI€HUTO.

st kitaccudpukaruu anomasuii 6611 paspaboran mabdsaon SOTA-ConvNet. [11a6-
JIOHBI CYIIECTBEHHO YIIPOINAIOT Pa3pabOTKy U IIPOBEJIEHUE SKCIEPUMEHTOB C HEpo-
ceTeBbIMEU MOJe/IsIMU. J[JIsi TIOCTpOeHust HEPOHHOI ceTn HeOOXOIMMO YKa3aThb TpH
runeprnapamMerpa. Beio ocTallbHyI0 apXUTEKTYpPy aBTOMATHIECKU JIOCTPANBAET 11ab-
JIOH.

[Mlabmor SOTA-ConvNet cocrout m3 Tpex dYacTeil: CTEPXKHEBOW KOMIIOHEHT
(stem), ocHoBHasi cBepTouHas Gasza (learner) m knaccudurarop (task). OcHoBHas
cBepTOoUYHas 6a3a — 3TO OCHOBHOM KOMIIOHEHT HEPOCETEBOM MOJIEIN, B KOTOPOM UJIET
YCBOEHME NPU3HAKOB, HaflJIGHHBIX 1PN aHaju3e n3obparkenuit. OCHOBHAsSI CBEPTOU-
Hag 6a3a COCTOUT U3 HECKOJbKHMX CBEPTOYHBIX I'PYNN (TOYHOE KOJIMYECTBO T'PYIIIL
ABJIIETCs TUIlepnapamMerpoM). KaxKas rpylmna coCTOMT U3 IUIOTHOI'O CBEPTOYHOIO
6aoka (dense convolution block) u mioTHOrO MepexosHoOro Gioka (dense transition
block). B mocjiequeii rpyie oTCyTCTBYET IJIOTHBIN 1epexoanoi 6s10k. Heiipoceresas
MOJIEJIb, TocTpoeHHas Ha Oaze mabiaona SOTA-ConvNet, uMeer ciieiyonme xapak-
TEPUCTUKY: 4 CBEPTOUHBIE TPYIIIIbI, KO3ddurment kommpeccuu 0.8, 6a30Bast MupuHA
cetnu 64 meiipona n 797980 mapameTpoB.

Mesxgynapognasa kougepennus UOHWU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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st 9KCIIEpUMEHTOB ¢ MOJIE/ISIMU MAIITHHHOTO 00y IeHusI ObLIT BLIOPAH HAOOP JdaH-
ubix (maracer) VisDrone2022 [4]. Ofmee kommvecTBo nzobparkeHuit B HAGOpe JaH-
HBIX — 362762. B maracere cobpaHbl 0OBEKTHI IIECTH KJIACCOB (B CKOOKaxX yKasaHa
JIOJIst M300paskeHnii KaxKI0ro KJjacca B IPOIeHTax): aBrobychl (2,51 %), nerkosbie
apromobusn (51,13 %), dororpadun ciaydaiinbix y4acTKOB u300pazkeHuil (Mrparor
POJIb JIOKHBIX cpabaTeiBaHuii mpy moncke anomasnmit) (3,36 %), morormukssr (10,89
%), nemexonst (27,63 %), rpysosuku (4,48 %).

PesynbraThr kmaccuduranmm n3obpakeHuit HEHPOHHON ceThbio Ha 0a3e mabJio-
na SOTA-ConvNet (merpuka — TO9HOCTB): 06miag TouHocTb — 92,2 %, aBTOGyCHl —
79,3 %, nerkosoie apromobuiu — 96,1 %, dororpadun ciaydaiiHbIx yIacTKOB U306~
paxenuit — 67,0 %, moronukin — 88,1 %, nemexonbt — 94,4 %, rpysosuku — 71,2
%.

st jajibHedInero yiydiieHust kKadecTBa Kiiaccudukaruu mabmona SOTA-
ConvNet 106aBUM B HETO CBS3U CIABIMBAHUA-BO30Y K IeHus (squeeze-excitationlink
wim SE-link) [5]. SE-link onpenensier Hanbosiee nosie3Hble KapThl IPU3HAKOB, YCU-
JINBaeT UX BJIMsHUE HA KOHEUHBIH pPE3yJbTaT W OCJaabJisieT BIUSHUE KAPT MPU3HA-
KOB, MMEIOIIX HEATpaJibHOe WM OTpuliareabHoe BozieiictBue. SE-link paboraer
KaK JIOTIOJTHATEJIbHBIN peryssipuzarop. Kaxkias kapra MPU3HAKOB YCPEIHSIETCS 10
CKAJISIPHOTO 3HAYEHUs, a 3aTeM, HOJYUHUBINUNCSA BEKTODP IIPOILYCKAETCS Yepe3 JBa
[OJTHOCBA3HBIX CJI0g. 11epBbIil cyoit cxkumaer nHMOPMAIUIO (CTEIeHb CoKaTHsl Olpe-
nesisiercs kKoaddunuentom C), Bropoil — paclakoBBIBAET BEKTOP JI0 IIE€PBOHAYAIIb-
Horo pasmepa. [logobHast onmepariust TPUBOAUT K TTOTEpe NHMOPMAITIN U TTOSBICHUTO
myma. [losyauBinuiics BEKTOp yMHOXKAETCsl HA UCXOJIHBIE KAPTHI IIPU3HAKOB.

B neitponnoit cern na 6a3e mabsona SOTA-ConvNet ectb 3 BapuanTa nmpumMeHe-
uug SE-link: mocsie ¢BepTOYHBIX CJI0€B IJIOTHOrO Iepexofnoro 6joka (mabmon SE-
SOTA-ConvNet), B ocrarousoit cesizu (identity link) rurorHoro nepexojnoro 6soka
(mwabsion SE1-SOTA-ConvNet) u B ABYX BBIIIEIIEPEIUCIEHHBIX MECTAX OJHOBPEMEH-
Ho (mabson SE2-SOTA-ConvNet).

B nporiecce ncciteioBaHmit ObLIN CIIPOEKTUPOBAHBI TPU HEHPOCETEBbIE MOJIETH C
PasHLIMHU BapuaHTaMu pasMerienust Moxyias SE-link. PesynbraTsl knaccudukanyun
n3obpazkeHnii Ha maracere VisDrone mpuBemeHbl HUKE.

Pesynbrarsr kiraccudukanmm n300parkennii HEHPOHHOI ceThIo Ha Oa3e mabdJ/IoHa
SE-SOTA-ConvNet (merpuka — To4HOCTB): 06mas Tounocts — 94,3 %, aBrobycer —
83,1 %, nerkosbie aBromMobum — 97,2 %, dororpadun ciayIaltHBIX yIACTKOB H300-
paxkenuit — 75,4 %, moromukianl — 89,0 %, nemexonnt — 97,3 %, rpysosukn — 76,2
%.

PesynbraTer kiraccudukanmm n300parkennii HEHPOHHOI ceThio Ha Oa3e ImabdJ/IoHa
SE1-SOTA-ConvNet (Merpuka — To9HOCTB): 061as Tounocts — 94,4 %, aBrobycel —
86,0 %, nerkosbie aBromMobmm — 96,5 %, dororpadun ciayIaliHbIX yIACTKOB H300-
paxkenuit — 77,1 %, moromukian — 87,1 %, nemexonut — 97,9 %, rpysosukn — 83,6

%.
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PezynbraTsr knaccndukamn n300paKeHuii HeifpoHHO ceThIo Ha 6a3e mabioHa
SE2-SOTA-ConvNet (merpuka — TouHOCTB): obmmas roanocts — 94,1 %, aBrobychr —
85,4 %, nerkopble aproMobmiu — 96,8 %, dororpadun ciydaiiHbIX y4acTKOB U300-
pakenuit — 79,6 %, mororukib — 86,7 %, nemexoasr — 96,7 %, rpysosukn — 81,4
%.

Bee tpu meitpocereBbie Momenu ¢ mogyiaem SE-link mokazanaum mpuMepHO Ofu-
HaKOBBIE Pe3yabTaThl. TOTHOCTD KJIACCU(MUKAIINN N300PAXKEHUI HA MAJIbIX KJIACCax
Boipocsa Ha 4 — 12 %. Onnako B cern Ha Gaze mabsona SE2-SOTA-ConvNet nc-
nosib3yercs apa MouyJist SE-link Bmecto omHoro. M3-3a sToro manHasi HeiipoceTeBast
Mogiesib umeer Ha 140862 mapamerpa 6obIle, 9eM JBe Apyrue. Bosbiree auciio ma-
paMeTpoB yBemuuBaeT Bpems o0yuenus Ha 20 % u yckopsier nepeobyuenne cetn. [1o
9TOI MPUIUHA I KJACCU(MUKAITIN aHOMAJINH PEKOMEHIyeTC s NCITOIb30BaTh HEfpo-
ceresble Mozenn Ha 6a3e mabaonos SE-SOTA-ConvNet ninn SE1-SOTA-ConvNet.
[1] Metompr u mporpaMMHBIe CpeJICTBa HAKOILIEHUs 1 06paborku AanHbx 2019-2023. Yacrs

5. Ommcanne peIMeTHON 001aCTH MH(MOPMAITMOHHON TEXHOJIOTUU KOPPEKINN STPKOCTH

U 1IBETA [P CO3/IaHUM NAHOPAMHBIX n3o6parkenuii: order o HUP (npomexxyrounstit) //

OUIL MY PAH; pyk. Byasko B.1. — Mocksa, 2021. — 62 c. — No. I'P AAAA-A19-

119092490026-1.

[2] Apzunos II. O., Koaecrux A. B., Iyxarnos M. B. ITporpamma st 9BM Ilporpammuast
cucTeMa OOHApPYKEHUsSI AHOMAJIUI HAa Pa3HOBPEMEHHBIX TTAaHOpaMax 00C/IeIyeMoi MecT-
Hoctu (CL_22). CBHIETENBCTBO O IOCYJAPCTBEHHON DErMCTPaIy NPOrPAMMBL JJIst
9BM No. 2022615139. — Baperucrpuposano B Peecrpe nporpamm nist 9BM 30 mapra
2022 r. — lc.

[3] Arkhipov P. O., Philippskih S. L. Building an ensemble of convolutional neural networks
for classifying panoramic images // Pattern Recognition and Image Analysis, 2022. Vol.
32, No.3, pp. 511-514.

[4] Zhu P., Wen L., Du D., Bian X., Fan H., Hu X., Ling H. Detection and Tracking Meet
Drones Challenge // CoRR, 2020.

[5] Hu J., Shen L., Albanie S., Sun G., Wu E. Squeeze-and-Excitation Networks // CoRR,
2017.
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Classification of images extracted from panoramas using a neural
network with a squeeze-excitation module

Philippskih Sergey* philippsl@mail.ru

1Orel, Orel branch of Federal Research Center “Computer Science and Control” of the
Russian Academy of Sciences (OB FRC CSC RAS)

At present, an approach to the classification of full-color images (photos) us-
ing convolutional neural networks (CNN) and simulated patterns for recognizing
distinguished features is becoming more widespread.

When developing the information technology for brightness and color correction
(IT BCC) of panoramic images obtained using aerial photography, the tasks were
performed to normalize the brightness and color of selected frames received from the
UAV camera; stitching suitable frames into panoramas; comparison of panoramas at
different times and identification of emerging anomalies [1]. However, the assignment
of identified objects to a particular class was given to the software operator for
consideration [2]. To automate the process of classifying anomalies, it was decided
to apply modern neural network models [3].

When working with UAV data, the training sample often contains classes that
differ greatly in the number of images in each. Due to the large number of images
of small sizes, it is impossible to use modern architectures of deep and wide neural
networks in their pure form. The use of outdated architectures is also impossible,
since they do not work well on unbalanced samples and are prone to overfitting.

The SOTA-ConvNet template was developed to classify anomalies. Templates
greatly simplify the development and experimentation with neural network models.
To build a neural network, you must specify three hyperparameters. The rest of the
architecture is automatically completed by the template.

The SOTA-ConvNet template consists of three parts: a stem, a learner, and a
task. The learner is the main component of the neural network model, in which
the assimilation of features, found during image analysis, takes place. The learner
consists of several convolution groups (the exact number of groups is a hyperparam-
eter). Each group consists of a dense convolution block and a dense transition block.
The last group lacks a dense transition block.

The neural network model built on the basis of the SOTA-ConvNet template has
the following characteristics: 4 learners, a compression ratio of 0.8, a base network
width of 64 neurons, and 797,980 parameters.

For experiments with machine learning models, the data set VisDrone2022 [4]
was chosen. The total number of images in the data set is 362,762. The dataset
contains objects of six classes (in parentheses, the percentage of images of each
class is indicated): buses (2.51%), cars (51.13%), photographs of random sections
of images (play the role of false positives in the search for anomalies) (3.36%),
motorcycles (10.89%), pedestrians (27.63%), trucks (4.48%).

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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The results of image classification by a neural network based on the SOTA-
ConvNet template (metric — accuracy): overall accuracy — 92.2%, buses — 79.3%,
cars — 96.1%, photographs of random sections of images — 67.0%, motorcycles —
88.1%, pedestrians — 94.4%, trucks — 71.2%.

To further improve the classification quality of the SOTA-ConvNet template,
we will add squeeze-excitation links or SE-links to it [5]. SE-link identifies the
most useful feature maps, amplifies their impact on the final result, and reduces the
influence of feature maps that have a neutral or negative impact. SE-link works as an
additional regularizer. Each feature map is averaged to a scalar value, and then the
resulting vector is passed through two fully dense layers. The first layer compresses
the information (the degree of compression is determined by the coefficient C), the
second one decompresses the vector to its original size. Such an operation leads to
loss of information and the appearance of noise. The resulting vector is multiplied
by the original feature maps.

In a neural network based on the SOTA-ConvNet template, there are 3 options for
using SE-link: after the convolution layers of the dense transition block (SE-SOTA-
ConvNet template), in the identity link of the dense transition block (template
SE1-SOTA-ConvNet) and in the above two places at the same time (template SE2-
SOTA-ConvNet).

In the process of research, three neural network models were designed with dif-
ferent placement options for the SE-link module. The results of image classification
on the VisDrone dataset are shown below.

Results of image classification by a neural network based on the SE-SOTA-
ConvNet template (metric — accuracy): overall accuracy — 94.3%, buses — 83.1%,
cars — 97.2%, photographs of random sections of images — 75.4 %, motorcycles —
89.0%, pedestrians — 97.3%, trucks — 76.2%.

Results of image classification by a neural network based on the SE1-SOTA-
ConvNet template (metric — accuracy): overall accuracy — 94.4%, buses — 86.0%,
cars — 96.5%, photographs of random sections of images — 77.1 %, motorcycles —
87.1%, pedestrians — 97.9%, trucks — 83.6%.

Results of image classification by a neural network based on the SE2-SOTA-
ConvNet template (metric — accuracy): overall accuracy — 94.1%, buses — 85.4%,
cars — 96.8%, photographs of random sections of images — 79.6 %, motorcycles —
86.7%, pedestrians — 96.7%, trucks — 81.4%.

All three neural network models with the SE-link module showed approximately
the same results. The accuracy of image classification in small classes increased by
4-12%. However, a network based on the SE2-SOTA-ConvNet pattern uses two SE-
link modules instead of one. Because of this, this neural network model has 140,862
more parameters than another two. More parameters increase training time by 20%
and speed up network retraining. For this reason, it is recommended to use neural
network models based on the SE-SOTA-ConvNet or SE1-SOTA-ConvNet templates
to classify anomalies.
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ABTOMaTM3auusa aHann3a N300pa>keHnin C 3NEeKTPOHHOro
MUNKPOCKONa HA OCHOBE MeTOAa 3KCMNOHeHUnabHoMN
annpokcumMummn

Cyaumosa Basenmura Bavecaasosna’ vsulimova@yandex.ru
Kypbaxoe Muzaua FOpvesur'x muwsik@mail.ru
Cepedur Oaez Cepzeesur’ oseredin@yandex.ru
Konwirose Andpeti Banrepuesum' and.kopylov@gmail.com

'Tyna, Tynsckmit TocynapcrBeHnbii YHUBepCHTET

DJIeKTPOHHAST MUKPOCKOIIUSI [TO3BOJISIET OCYIIECTBIIATH yBeJIMIeHnEe 00BHEKTOB B
MUJITHOHBI pa3 U (HKCHPOBATH PE3YIbTAT Ha M300pPaKEHUsIX, B PE3yJIbTaTe Yero Ha-
XOJIUT aKTUBHOE IPUMEHEHNE JIisi UCCIeJOBAHNS MUKPOCKOIIMIECKNX 00beKTOB [1].

B wacraOCTH, OTHA U3 aKTyaJbHBIX 3a/a9 aHAJIM3a U300PaYKEHUIA, 0Ty YCHHBIX
C JIEKTPOHHOT'O MHUKPOCKOIIA, CBSI3aHA C aHAJN30M KOJMIECTBA, PA3MEDPOB U B3AMM-
HOT'O PACIIOJIOXKEHUST METAJIMIeCKIX HAHOYACTHUI] pa3Mepa 1-5 HM, HAHOCHMBIX HAa
MTOBEPXHOCTH UCCJIEYEMBIX YIIIePOIHbIX MaTepruasoB. [logyueHnas B pe3yabrare Ta-
KOro aHajm3a MHMOPMAITUST UCIIOJIB3YeTCs JJIsI OPEIeICHIS 3HATUMBIX JIJIsT MHOTHX
IIPOMBIILIEHHBIX IIPOIECCOB XaPAKTEPUCTUK UCCIEIYEMbIX MATEPUAJIOB, BbISBJICHUS
uX 0COGEHHOCTE, B YACTHOCTH, JJIsl BBIABJIEHNUS HA IIOBEPXHOCTH KATAJIU3aTOPOB [2,3]
CKDBITHIX JTeEKTOB, BIUSIONINX HA UX CBOMCTBA, HO HE MOJIAIONTNXCS OOHAPY ) KEHUIO
JapyruMu Metogamu [4].

IIpu sToM 151 MCCe0BaHusT TOJBKO OJHOIO obpasia Marepuaja MoryT dop-
MHUPOBATHCS COTHU U JlazKe THICSIN M300parkeHuil, Tpedys aBTOMATU3AIUH IIPOIECCa
JIETEKTUPOBAHUST HAHOYACTHI] U MTOCJIEIYIONEr0 aHAIN3a UX XAPAKTEPUCTUK U B3a-
UMHOTO PACIIOJIOYKEHUSI.

BuzyanbHO HAHOYACTHITHI MPEACTABISIIOT cOOOit HEOOIbITUE CBET/IbIe 00JIACTH,
KaK [paBmiio, OKpyrio#t dopmbl. CIil0KHOCTh MX aBTOMATUYECKOIO OOHAPYKEHUS
3aKJIIOYAETCSI B TOM, YTO U300paKeHMsl, KaK [IPABUJIO, CUJIBHO 3aIyMJIEHBI, a CAMH
HAHOYACTUIIBI UMEIOT OYeHb HEeOOJIBION pa3Mep M, K TOMY Ke, HECKOJIbKO HaHO-
YACTUI[ MOTYT PACIOaraThbCs OYeHb OJU3KO U JayKe YaCTHIHO NEePEKPBIBATH JIPYT
apyra.

B [5] HaMu npeiiozKeH MeTOJT IKCIIOHEHIMAIBHOM alllIPOKCAMAITIN JJIsi OOHAPY-
JKEHUsI HAHOYACTHUIl HA M300parKeHUU, OCOBAHHBINA Ha AIIPOKCHUMAIMA HEOOJIBITUX
[IEPEKPBIBAIONTUXCH (DPArMEHTOB HCCJIeyeMOIro N300parKeHUsl IIPHU IOMOIIU IKCIIO-
HEHIUAJIBHON (DYHKIUN SPKOCTH. IJKCIEPUMEHTAJbHOE HMCCIEJOBAHUE HAa M300pa-
JKEHHSIX, PA3MEYEHHBIX BPYYHYIO 9KCIIEPTAMU, MTOKA3AJI0, UTO MPEJIOXKEHHBIN MO/
XOJI, TIO3BOJISIET MOJIYIUTh HAnOOJIee BBICOKOE KAeCTBO OOHAPY KEHIsT HAHOTIACTHII, 11O
CPABHEHUIO C JIPYTUMHU METOJIaMU, BKJIFOUas HelpocereBoii mouxoz, [6].

Bo Bropoit gactu uccieioBaHns MbI IPUMEHSIEM METOJ, SKCIIOHEHITNAJIBHON all-
IIPOKCUMAITIH ISl JeTeKTUPOBAHNS HAHOYACTHIL JJIsd Da3e, comeprkaleil n3odpake-
HUSsI, TIOJIy9€HHbIE C 3JIEKTPOHHOTO MHUKPOCKOIA JIJIsl JIBYX MOXOXKHUX MATEPUAJIOB, a
TaKKe MTPOBOJVMM CTATHCTUYECKHN AHAJN3 XapAKTEPUCTUK OOHADPYKEHHBIX HAHOYA-

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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cruil. [IpoBemeHHbI aHAIN3 TMOKA3aJI, 9TO CTATHCTUIECKUE XAPAKTEPUACTUKHA 00-

HapyKEHHBIX HAHOYACTHUIL MOTYT CJIYKHUTH MPU3HAKOM JITs T depeHITnaIun STUX

MaTEepUaJIOB, YTO SBJISIETCS BaXXHBIM, B YaCTHOCTHU, JJIsI SKCIIEPUMEHTAJIbHBIX UCCJIe-

JIOBaHUI B 00JTACTU M3YUEHUS KATAIU3A.

Apropsl 6naronapar Hayunyio mkosy akazs. B.II. Ananukosa 3a TeMaTHKy IIPH-
MEHEHHS MAIUHHBIX METOJIOB B HAHOTEXHOJIOTUAX, IMOJIE3HBIE JTUCKYCCUU U IIPEJIO-
CTaBJIEHHbIE SKCIIEPUMEHTAJIbHBIE JIAHHBIE.

Pabora Bwimosinena npu dbuHaHCcOBOM moAepKKe MuHMCTEPCTBA HAYKA U BBIC-
mero obpazosanus P® B pamkax rocygapcreerroro 3anaaus FEWG-2021-0012.
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Automatic electron microscopes images analysis based on the
exponential approximation method

Sulimova Valentina ' vsuliova@yandex.ru
Kurbakov Mikhail'x muwsik@mail.ru
Seredin Oleg" oseredin@yan-dex.ru
Kopylov Andrey' and.kopylov@gmail.com

!Tula, Tula State University

Electron microscopy makes it possible to magnify objects millions of times and
fix the result on images, because of which it is actively used to study microscopic
objects [1].

In particular, one of the urgent tasks of scanning electron microscope (SEM)’s
images anaysis is related to the analysis of the number, size and relative position
of 1-5 nm-sized metal nanoparticles, deposited on the surface of the carbon materi-
als. The respective analysis helps to determine the significant for many industrial
processes characteristics of the materials under study, to identify their features, in
particular, to identify hidden defects on the surface of catalysts [2,3], that affect
their properties, but cannot be detected by other methods[4].

At that, hundreds and even thousands of images can be formed to study only
one material sample, requiring automation of the process of detecting nanoparticles
and subsequent analysis of their characteristics and relative position.

Visually, nanoparticles are small bright areas, usually rounded. The complexity
of their automatic detection lies in the fact that the images, as a rule, are very
noisy, and the nanoparticles themselves are very small in size, and, moreover, several
nanoparticles can be located very close and even partially overlap each other.

In [5], we proposed an exponential approximation method for detecting nanopar-
ticles in SEM images. It is based on the approximation of small overlapping frag-
ments of a studied image using an exponential brightness function. An experimental
study on images marked manually by experts showed that the proposed approach
allows obtaining the highest quality of nanoparticle detection in comparison with
other methods, including the neural network approach [6].

In the second part of the study, we apply the exponential approximation method
to detect nanoparticles for a database of SEM images obtained for two similar ma-
terials, and also perform a statistical analysis of the characteristics of the detected
nanoparticles. The analysis performed showed that the statistical characteristics of
the detected nanoparticles can differentiate these materials from each other, which
is important, in particular, for experimental studies in the field of catalysis.

The authors thank the Scientific School of Autocad. V.P. Ananikov for the topic
of application of machine learning methods in nanotechnologies, useful discussions
and provided experimental data.

This research supported by Ministry of Science and Higher Education of the
Russian Federation within the framework of the state task FEWG-2021-0012.
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KoHuenuus guHaMmunyeckn CTpyKTypMpOBaHHOIO N300pa>keHns u
00bekToB Ha N300pa>keHnn

Xapunoe Muzxaua Bavecaasosun'* author_khar@iias.spb.su
! Cankr-Tlerep6ypr, CII6 ®UIL PAH

B crarhe [Isi aJIeKBATHOTO KOMIIBIOTEDHOIO JIETEKTUPOBaHUs (HDOPMAU3YeTCst
HOHSITHE 006EKMOo6, KOTOPbIE OIUCHIBAIOTCS JUHAMUYECKH CTPYKTYPUPOBAHHBIMU
MHOKECTBAMHA HHKceseit [1].

MHOKeCTBO MHUKCeseH canTaeTcs JuHAMUYECKU CTPYKTYPUPOBAHHBIM, €CJIU:

1. TlpencraBasercs mOCIEI0BATEIFHOCTHIO TPUOJIMKEHN B 1, 2,. .. 1 T.1I. I[BeTaxX.

2. OnucblBaeTcsl BBILYKJIOH 3aBUCUMOCTBIO Fy CyMMapHOil KBaJIpaTHIHON OMINOKN
KYCOYIHO-TIOCTOSTHHOTO TPUOIMKEHNsT OT YUCIA ¢ IIBETOB B NMPUOIMKEHUN U300~
pazkeHus.

3. TlommepxkuBaercst 0OpaTUMOe CJIUSIHAE TAKUX MHOXKECTB.

AjtekBaTHOE OIpe/ieieHne 0OBEKTOB HA M300PaXKEHUHM CTPOUTCS B PAMKax II0O-
CTAHOBKU W UCCJIEJ0BaHUSI OIITUMU3AIMOHHO-AIIITPOKCUMAIIMOHHON 3a/1a91 AIPOK-
CUMAITMY TIOCIEOBATEBHBIX ONTUMAJIBHBIX TPUOIMKEHUN n300parKeHusi, COOTBET-
CTBYIOIIUX [OCJEI0BATEIHLHOCTH HAMMEHBIINX 0wubok annpoxcumayuy (cymMmmap-
HBIX KBaJIPATUYHBIX OIMUOOK), K KOTOPBIM IIPUOJIMKAETCS MAXKOPAHTHAS IIOCIIE0-
BATEJILHOCTH OMUOOK GMHADPHOI mepapxun cyGONTUMATBHBIX Tpubankennii [1, 2].

O6e 110C1e/10BaTEILHOCTHU OIMUO0K alIIPOKCUMAIMH BBIIIYKJIBI, YTO OIPAHUINBAET
pasyimane MeX Ly HuMu cBepxy. II0CKOJIbKY 110C/Ie10BATEIbHOCT OIITUMAJIbHBIX IIPH-
O/KeHuit, BOOOIIE TOBOPsi, HEMEPAPXUIHA, OHA HE COBIIAIAET C OMHAPHOI nepapxuei
cybonTumastbHbIX pubsmkenuii. [losTomy 1eseBas OnHapHas nepapxus CTPOUTCS
HEOJHO3HAYHO U MMapaMEeTPU3yeTCsl ITOIXO/ISIINM YIIPABJISIONAM ITapaMeTPOM.

JnHaMudecKn CTPYKTYPUPOBAHHBIE 00G€KMb, COCTOAT U3 BJIO?KEHHBIX MEHBIITIX
O0OBbEKTOB U COCTABJISIIOT OMHAPHYIO MEPAPXUIO IPUOJIUKEHUIT n300parKeHuUsl.

Hewuepapxuueckas mocie10BaTeIbHOCTD ONITUMAJIBHBIX IPUOJINYKEHNI, ONACHIBa~
eMas BBITYKJION MOC/IeT0BATEIBHOCTRIO [y, TIpe/ICTaBIdAeT usobpasicerue.

IIyTem mepecederns: OoNTUMANBHBIX PA30MEHN M300PAXKEHNSA B PACIITHPSIIONIEMCST
JIMAaIia30He IIBETOB TeHEPUPYETCsT HEPETYIsIpHAS Mepapxusl cynepnukceaet, (Hemenn-
MBIX 3JIEMEHTOB M300pasKeHUs1) TAKUM OOPa30M, YTO OITUMAJbHbIE IIPUO/IMKEHUST
B OTPaHUYEHHOM YHCJIEe I[BETOB BOCIIPOU3BOMSTCS IIyTEM CJUSHUS YCTAHOBJIEHHOTO
qncia cyrneprnukceseit. Pa3menenne n300pakeHns: HA cynepnukcesl BHIONPAETCS U3
qucyIa TPUOINKEHUH, KOTOPBIE COCTABJISIOT HEPEryJISPHYIO UEPAPXUI0 U OIMUCHIBA-
I0TCSI HEBBIITYKJIOH IIOC/IeIOBATEIbHOCTEIO [y ommboK ammpokcumarmn F.

IIporpammuasi peaju3aiiusi KOHIENIUHA JUHAMIYECKNA CTPYKTYPUPOBAHHBIX 00b-
€KTOB OCYIIECTBJISIETCS TPEMsi KJIACCHYECKUMM MEeTOIAMU KJIACTEPHOI'O aHAJA3a, &
UMEHHO:

1. Knacrepuzarueit mukceset mo Yopmy.
2. Merogamu pasjie/ieHus /CIUsaHU.

Mesxaqynapogaasa kougepennus UOHU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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3.

Mertomom K-cpemnux.

Bwmecro IICPEYIHUCJICHHBIX METOIOB IIpejiaracTcCd HCIIO/JIb30BaThb HUX YCHJICHHBIC

BepCUH, & UMEHHO:

1.
2.
3.

O06001IIEHHY 0 KIACTEPU3AIINAIO TUKCEJIEH IO YOP/Iy 110 JacTIM M300parKeHuUsl.
Mertoz pasaenenusi/ (o6parumoro ciausianst) (Meros CI-Clustering Improvement).
Meron, K-meanless, npemioxkennsiit C. . /IBoeHKo.

Kak paboraer koHmemnusi ITHHAMAYECKN CTPYKTYPUPOBAHHBIX MHOXKECTB ITHKCe-

JIeit, MILTIOCTPUPYeTCs: 0OOHAPYKEeHNEM O00BEKTOB 10 X IIPUMEDPAM Ha JIOIOJHUATE b
HOM M300pazkKeHn’, KOTOPoe OOBLEINHSIETCS C PACCMATPUBAEMBIM M300parKeHUEM B
eJIMHOe 1IeJI0e.

HoBuzna uccitefoBanns 3aKII09aeTCS B TOM, UTO TPEJJIOZKEHO CJIeIYIOIIee.

DKCIIEPUMEHTAIBLHOE TOATBEPXK IeHre 3(PHEKTUBHOCTH AIMIPOKCUMAIIAN U300pa-
JKEHUs mepapxueil MpuOJIMKEeHN, OMUCBIBAEMON BBIMYKJION ITOCJIEI0BaTETbHO-
CTBIO OIMMOOK AMMPOKCUMAIINH. ITO OODbACHAETCS T€M, UTO [TOCJIEI0BATELHOCTD
MUHAMAJIbHBIX OIMMUOOK ONTUMAJIBHBIX IPHUOJINKEHUH M300parkeHusi BBIMYKJIA,
KaK IIPeJIoJiaraeTcs B KOHIEIINN U, 10 HAIlIEMY OIBITY, OKa3bIBAETCH CIPABEI-
JIUBBIM JIJIsT PEAJIbHBIX U300parKeHMUIA.

YTouHeHne U MOJAEPHU3AIUS KJIACCHIECKIX METOJIOB KJIACTEPHOIO aHAJIN3a, B CO-
YeTaHUuu APYT C JIPYTOM.

Qopmaauzalysi, THTEPIPETAIS W KOJNIEeCTBEHHAs OIeHKa 3 deKTa yIpoIre-
HUs JIETEKTHPOBAHUS O0BEKTOB P O00bEIMHEHUN PACIIO3HABAEMOT0 n300pazke-
HUsI U N300parkeHusl C IpUMepaMu 0O0bEKTOB B €JIMHOE COBMECTHOE M300parKeHue.
ITocTranoBKa M peaju3alius MPOrPAMMHOIO IKCIEPUMEHTA HA MPUMEPAX Peasib-
HBIX U300parKeHuiA.

HCCJIG,HOB&HI/IG IIPOBOJUTCA B paMKaX MO/E/JIN KJlaCTepU3aluu l'II/IKCGJIeI‘/’I7 KOTO-

pasi, TOMUMO KOHIIEIITYAJbHBIX MOJIOXKEHUN M MOJIEPHU3UPOBAHHBIX METOJOB, 00b-
€JINHSIET CJIeIYIONne HapADOTKH.

1.

2.

Dopmasu3alyst IOHITHII CTPYKTY PUPOBAHHBIX M300parKeHnii, 00bEKTOB U CyIIep-
nukcesieil (3J1eMEeHTOB N300PaKeHHsl ), OTJIINIAEMBIX KOMIILIOTEPOM JPYT OT JIPYIa.
[TocranoBka n paszpaboTKa pEIleHus 33/Ia9i AIMTPOKCUMAINN HENePAPXUICCKON
IIOCJIEIOBATEIHHOCTH OIITUMAJIbHBIX ITPUOJIMZKEHHIT C TOMOIIBI0 OMHAPHOI nepap-
XUU TPUOJIMKEHUN, KOTOpasi, KAK ¥ ONTUMAaJIbHbIE [TPUOJIMXKEHUsI, OIMMCHIBAETCS
BBIMYKJION TIOCJIE0BATEBHOCTHIO OMMOOK AIMIPOKCUMAIIAA W COJEPYKUT OITH-
MaJjIbHOE MPUOJIMKEHNE B 3aJAHHOM YHCJIE IIBETOB.

Orpeiesierre u IpUMePbI BBIYUCJIEHUS HEPETYJISIPHON HEePApXUU CyIIEePIINKCeIei,
obecrreanBaroIIre 6€30INO0THOE MOy IeHUE Pl ONMTUMAILHBIX MTPUOINKEHUIH
[yTeM CJIUSTHUS CyTepInKCeed.

Brorauciienusi ¢ ucrnosb30BaHUEM CTPYKTYPBI JTAHHBIX aJredpamdecKoil MHOTO-
caoiinoii cetu (AMC), KoTopas 0becreunBaeT BbICOKOCKOPOCTHYIO KJIACTEPHU3a-
[UIO TIHKCeJiell m300pakeHusl B TePMUHAX JUHAMUIECKUX JiepeBbeB Ciefitopa-
Tapbsana u mukIMIecKnX rpados.
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Teoperndeckast 3 HAYNMOCTD UCCJIEIOBAHNS 3AK/IIOYAETCS B TOM, 9TO OHO IIOJIE3HO
He TOJBKO /It 00paboTKM n300parkKeHuil, HO U JIJIsT ODITEro KJIaCTEePHOTO aHAIn3a, B
KOTOPOM CHUCTEMBI METOJ[0OB MUHMUMHU3AIUU OIMMOKU allIPOKCUMAIMH UJIU, 9TO TO YKe
camoe, CTaHJaPTHOrO OTKJIOHEHUsI He OTPabOTAaHbl B COBEPIIIEHCTBE.

IIpakTudeckas: 3HAUUMOCTD UCCJIEIOBAHNS 3aKTI0IAETCS B TOM, 9TO OOOCHOBBIBA~
eTCs aKTyaJbHOCTb MOJIEPHU3AINN ITPOIPAMMHBIX PEATU3ANNNA KIACCHIECKIX METO-
JIOB MUHUMU3AIMHA B OOIIEIOCTYITHBIX TPOIPAMMHBIX CpPeICTBaX, Takux Kak MatLab.

CoBpeMeHHbBIE BBIYUCIUTEIbHBIE CPEJICTBA IO HAMATH U OBICTPOJIEHCTBUIO IIpe-
BOCXOJISIT PECYPChI €CTECTBEHHOTO 3PUTEJIHHOIO BOCIIPUSITHS, HO 110 3 (PEeKTUBHOCTH
3HAYUTETHHO YCTYIAKT KUBBIM Opranu3MaMm. J[Jist Toro, 9Tobbl mMpeooieTb OTCTa-
BaHUe, HeOOXOINMO HANTH aJIeKBATHBIE METOIBI OOPAOOTKH MUKCEIHHBIX MHOXKECTB,
KOTOPBIE OOBIMHO PAa3padaTHIBAIOTCS B IIPOIECCE PEIIEHIS KOHKPETHBIX IIPUKJIATHBIX
3ama4. [Ipu sTOM ycioBUIO HOJIyYeHUS a/IeKBATHBIX PE3YJILTaTOB COILYTCTBYET YCJIO-
BHE CKOPOCTHBIX Bbruucjenuii. [Ipu Teoperndeckux WMCC/IeIOBAHUSX MMEET CMBICIT
CHAYAJIa MOHATH, KAK aJeKBATHO MOJE/IMPOBATh €CTECTBEHHOE 3PUTE/IHHOE BOCIIPH-
ATHe, & 3aTeM, KaK 9TO JIeJIaTh OBICTPO.

Ecau urnopuposats TpedboBanme ObICTPOIEHCTBYS, TO /1T BLIYUCIEHAN B paMKax
KOHIIEIIINN JUHAMUYECKN CTPYKTYPHPOBAHHBIX ITUKCEIBHBIX MHOXKECTB JIOCTATOYHO
OJIHOTO METOJ[a YOp/a, peaIM30BAaHHOIO B €IMHCTBEHHOW IIpOrpaMMe, KOTOpasl Ha
BBIXOJIE TEHEPUPYET IOCIeI0BATEIbHOCTb N Mepapxuil MpuO/InKeHnil n300parkKeHnst
u3 N nukcesneii. Tak KaK MCXOIHBIE KOJIBI U UCIIOJHSAEMBIE MOIYJIU IPOIDAMM aBTOD
pasmerniaer B cBOOOTHOM JIOCTYIIE HA CBOMX BebG-crpaHuiax caiToB ResearchGate u
MachineLearning, To mpe/yraraeMyio KOHIIEIITAIO MOYKHO ITPOBEPUTH HA MTPAKTHUKE.

Ilo noBosy BbIUMCJIEHUIT B peajlbHOM BPEMEHHU CJIe/lyeT YKa3aTb, UTO, Ha CEero-
JHSAIIHAN [eHb, IeTaJbHO pa3pabOTaHbl JBa MEXaHU3Ma YCKOPEHHS KJIACTePH3aI[in
mo Yopiy 3a cuerT yKpYIHEeHHs HAYaAJbHBIX MHOXKECTB IUKCEJIell U 3a CYeT pasie-
JieHnsT n300paXkKeHnsi HA JacTh. B HacTosmee BpeMs pa3pabarTbhiBaeTCsd TPETHil Me-
XaHU3M YCKOPEHHS BBIYUCIEHUII C yYETOM CIEKTPAJIBHBIX CBOWUCTB HU300paKEHUS.
PesynbraTsl nccieoBanus mIaHUPyeTCs OMyOJIMKOBATH B OYEPEIHON CTaThe.

Pabora BbImonnena B pamMkax OrojkerHoir Tembl FFZF-2022-0006 “Teopernue-
CKHe W TEeXHOJIOTMYEeCKNEe OCHOBBI OIEPATUBHOI 00PabOTKU IMOTOKOB OOJIBININAX TeTe-
POTEHHBIX JAHHBIX B COMUOKNOEP(MUINIECCKAX CUCTEMAX .

[1] Kharinov M. An Object in an Image as a Dynamically Structured Pixel Set // Pattern
Recognition and Image Analysis, 32(3), Pleiades Publishing, Ltd., 2022. — p. 561-569.

[2] Nenashev V., Khanykov I., Kharinov M. A Model of Pixel and Superpixel Clustering
for Object Detection // Journal of Imaging, 8(10), MDPI, 2022. — 274.
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A Concept of Dynamically Structured Image and Objects in an
Image

Kharinov Mikhail' khar@iias.spb.su
1St. Petersburg, SPC RAS

In the paper, for adequate computer detection, the concept of an object as a
dynamically structured pixel set is formalized [1].
A pixel set is considered dynamically structured if:

1. Tt is represented by a sequence of approximations in 1, 2,...etc. colors.

2. It is described by a convex dependence F, of total squared errors of piecewise
constant image approximations on the number g of their colors.

3. Reversible merging of such sets is supported.

Attempts to adequately determine the object in the image are made within the
framework of the formulation and study of the optimization-approximation prob-
lem of simulating successive optimal image approximations corresponding to the
sequence of the smallest approzimation errors (total squared errors), which are ap-
proached by the majorant sequence of errors of the binary suboptimal approximation
hierarchy [1, 2]. Both sequences of approximation errors are convex, which limits
the difference between them from above. Since the sequence of optimal approxima-
tions is, generally speaking, non-hierarchical, it does not coincide with the binary
hierarchy of suboptimal approximations. Therefore, the target binary hierarchy is
constructed ambiguously and parameterized by a suitable control parameter.

Dynamically structured objects, consisting of nested ones, are represented by
binary hierarchy of image approximations.

The non-hierarchical sequence of optimal approximations, described by convex
E, sequence, represents the image.

By intersecting partitions of optimal image approximations in an expanding
range of colors, an irregular hierarchy of superpizels (indivisible image elements)
is generated, so that the limited series of optimal approximations can be accurately
reproduced by merging of given number of superpixels. The image partitions into su-
perpizels is chosen from a number of image approximations constituting an irregular
hierarchy, described by non-convex sequence F, of approximation errors £.

The software implementation of the concept of a dynamically structured object
is supported by three classical methods of cluster analysis, namely:

1. Ward’s pixel clustering.
2. Splitting/merging techniques.
3. K-means method.

by modernizing and jointly applying them.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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As a result, it is proposed to use strengthened versions as the listed methods,
namely:

1. Generalized Ward’s pixel clustering by image parts.
2. Split/(reversible merge) method (CI-Clustering Improvement method).
3. Dvoenko’s K-meanless method.

How does it works is illustrated by detecting objects identified by known instances
in an additional image merged with the image in question into a single whole.
The novelty of the study lies in the fact that the following is proposed.

1. Experimental confirmation of the efficiency of image approximation by an ap-
proximation hierarchies described by a convex sequences of approximation errors.
This is because the sequence of minimum errors of optimal image approximations
is convex, as assumed in the concept and, in our experience, turns out to be true
for real images.

2. Refining and modernizing the classical methods of cluster analysis in combination
with each other.

3. Formalization, interpretation and quantification of the effect of simplifying object
detection when combining a recognized image and an image with sample objects
into a single joint image.

4. Developing up and implementing a software experiment using examples of real
images.

The study is carried out within the framework of the pixel clustering model,
which, in addition to conceptual provisions and modernized methods, combines the
following developments.

1. Formalization of the concepts of structured images, objects and superpixels (im-
age elements) that are distinguished by a computer from each other.

2. Stating and developing the solution to the problem of approaching a non-
hierarchical sequence of optimal image approximations using a binary hierarchy
of approximations, which, like optimal approximations, are described by a convex
sequence of approximation errors and contain the optimal approximation with a
given number of colors.

3. Definition and examples of computing an irregular hierarchy of superpixels, pro-
viding error-free obtaining of a number of optimal approximations by merging
superpixels.

4. Computations using the Algebraic Multilayer Network (AMN) data structure,
which provides high-speed clustering of image pixels in terms of dynamic Sleator-
Tarjan trees and cyclic graphs.

The theoretical significance of the study lies in the fact that it is useful not only
for image processing, but also for general cluster analysis, in which method systems
for minimizing the approximation error or, which is the same most, the standard
deviation are not perfectly developed.



Image processing, computer vision 219

The practical significance of the study lies in the fact that it substantiates the rel-
evance of modernizing software implementations of classical minimization methods
in publicly available software tools such as MatLab.

Modern computing facilities in terms of memory and speed surpass the resources
of natural visual perception, but in terms of efficiency they are significantly inferior
to living organisms. In order to overcome the lag, it is necessary to find adequate
methods for processing pixel sets, which are usually developed in the process of
solving specific applied problems. In this case, the condition of obtaining adequate
results is accompanied by the condition of high-speed calculations. In theoretical
studies, it makes sense to first understand how to adequately simulate natural visual
perception, and then how to do this quickly.

If the speed requirement is ignored , then for calculations within the framework
of the concept of dynamically structured pixel sets, one Ward method is sufficient,
implemented in a single program that at output generates a sequence of N image
approximation hierarchies, where NN is the number of pixels in the image. Since the
source codes and executable modules of programs, the author places in free access
on its web pages of sites ResearchGate and MachineLearning, the proposed concept
can be tested in practice by those whom it may concern.

With regard to real-time calculations, it should be noted that, to date, two
mechanisms for accelerating Ward’s clustering due to enlargement of initial pixel
sets and by dividing the image into parts have been detaily developed . Currently,
a third mechanism is being developed to speed up calculations, taking into account
the spectral image properties. The results of the study are planned to be published
in the next article.

This research was funded within the framework of the budgetary theme FFZF-
2022-0006 “Theoretical and Technological Basis for Operational Processing of Big
Heterogeneous Data Streams in Sociocyberphysical Systems”.

[1] Kharinov M. An Object in an Image as a Dynamically Structured Pixel Set // Pattern
Recognition and Image Analysis, 32(3), Pleiades Publishing, Ltd., 2022. — p. 561-569.
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C.I1. Koposesa

W3y4uenne aHaTOMUYIECKIX OCOOEHHOCTEN XOPUOUJIEN SIBJISETCS OCHOBOIIOJIATAIO-
1efl PoJIbI0 BO MHOTHUX IIpoIieccax MYHKIIMOHUPOBAHNS U PA3BUTHUS IJIa3a U 3PEHUS.
Xopuon/iest — boraTasi COCyJaMu TKAHb OpraHu3Ma, 00eCIevInBaeT KUCJIOPOIOM U TIHU-
TaTeJIbHBIMU BEIECTBAMY [TUT'MEHTHBII TUTeJ NI U HAPY2KHBIE CJIOU CEeTYATKH, IO
JIepyKUBaeT BHYTPUIJIA3HOE IABJIEHUE U TeMIEPaTypy [VIA3HOTO s10JI0Ka, TPUHUMAET
yuactue B POKYCHPOBKE N300paKEHUs HA CETIATKE, MOITOMY edeKThl XOPUOUIEH
SIBJIAIOTCS [IPOBOIUPYIOIUM (PaKTOPOM psja 3aboseBanuil riaza [1]. Juarnocruka
XOPHOUJIEN TTPOBOJUTCSI € TIOMOIIBIO ONITHYIecKOi KoreperTHoi Tomorpadun (OKT).
JIJisi KOJIMYEeCTBEHHOU OIEHKU XOPUOWJeH ObLIN pa3pabOTaHbl Pa3jIdndHbIE KDPUTE-
PUU OIEHKU, BKJIFOYasi TOJIIUHY XOPUOUJIEN, O0beM XOPUOUEN U XOPUOUIAJIbHBIM
cocymucteiit uuagexe (CVI). Busyamuzanus xopuougen ¢ nomornpio OKT sasiger-
CsI CJIOYKHOM 3a/1a49eil M3-32 MACKAPYIOero 3hdeKTa OTHOCUTEIHHO HEIPO3PATHOIO
[IUTMEHTHOI'O SIIUTEJINs CETIYATKHU, TPAIUIINOHHO BU3yaJIN3UPOBAHHDIE U300PaKEHI S
OKT 3ammero cermenTa cojiepKarT T€HU, KOTOPHIE BJIMSAIOT Ha BU3YaJU3AIIAI0 TJIyHO-
KHUX CTPYKTYD, B TOM 4HUCJIe XOpHouen [2]. DTo 3aTpyiHsIeT KaueCTBEHHYIO OLEHKY
mapaMeTpoB Xopuounjen. 3agadeil paboThl sABJISETCsT Pa3pabOTKa TEXHOJOTUU BbIIe-
JileHus1 00JIaCTH XOpHouen U ee Kojmdecrsennoro anaimnsa Ha OKT uzobparkenusix
JUTS BBISIBJIEHUS SHIOKPUHHON 0D TAIHMOIIATHN.

B nammnoit pabore mpejjaraeTcs TEXHOJOTUs BbIJIEJIEHNs] 30HBI UHTEPECA U II0JI-
cYeTa XOPUOUIAJBHOIO COCYMCTOrO WHIEKCA, OCHOBHBIME ITAIIAMHU KOTOPOIl SIBJIsI-
forcst: 1) TeHeBasg KoMmIleHcalus, 2) OuHapu3anus CHUMKa, 3) duibrparys ounapu-
30BAHHOrO M300pazkeHus, 4) MoJCYeT XOPUOUJAILHOIO UHIIEKCA.

KommaecTBennbIiit anaan3 cocyuCTON 000JIOYUKN 3aTPYIHEH M3-3a TeHeit, oTOpa-
CBIBAEMBbIX IIEPEIHUMH CTPYKTYPAMU, TAKIMHI KaK COCy/bl ceTdyaTku. 1losromy Kom-
[IEHCAlIsl TEeHEH BayKHA JIJIsl YCIIENTHOrO U HaieskHoro Kojmdyecrsennoro OKT — ana-
Jin3a, OCODEHHO COCYJIUCTOH ODOJIOUKM U JPYTUX CYyOPEeTHHAJBbHBIX CTPYKTYD IIHAT-
MenTHOro stmresns [2,3]. Komuencaius reneil BHIIOIHIACH ¢ UCIOJIB30BAHUEM AJl-
roputma 2Kupapa. Kaxkmoe B — ckarmposanue mpeobpasdyercss B 0671aCTh HeoOpabo-
TAHHON MHTEHCHUBHOCTH, & MHTEHCHBHOCTb KaKJIOTO IIHKCEJs YMHOXKAETCS Ha yHU-
KaJIbHBIN KOI(PDUITMEHT KOMIIEHCAINH, [T0JIyYeHHbIIl Ha OCHOBE OCOOEHHOCTEN TI0JTy-
genns curtajga OKT. Dror MeTos Takke MOBBIMAET KOHTPACTHOCTh N300paKeHMs
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KPOBEHOCHBIX cocyuoB [4]. Hemocpeacrsenno TeneBast KOMIeHcanus U300pazKeHUsI
olpeJiesisaiach CIeIyIONUM ypaBHeHUEM:

s(2)

21 s(u)du = ars(z) = HDs(z),
z

rie HD — oneparop, nepeBojgaiuii 3aaHublii curaast $(z) B ero CKOMIICHCHUPOBAH-

Hyo dopmy, a — KoahduimenT 3aryxanusi. YCUIeHNe KOHTPACTA BBIOJHSIOCH 10

TEHEBOI KOMITEHCAITIN N300parkeHusI, KOTOPOEe OMUCHIBACTCS CJIEIYIONeH (hopMyIoii:

niy - 1)
T T wan

rjie | — MHTEeHCHBHOCTD MUKCeJell, N — MOKA3aTeNb CTEIeHN.

st BBIeIeHNsT 00JACTH IIPOCBETa COCY/IO0B UCIIOJb30BaJIaCh OMHApHAsT 00pa-
60orKa. IlepBbIM IIArOM BBIIOJIHSIJIOCH AJIAIITHBHOE BHIPDABHUBAHME I'MCTOIPAMM Ha
YPOBHE OTIEbHBIX B-CKaHOB JiUIsi yBeIMYEHNST KOHTPACTA COCY/IOB COCYIUCTON 060-
sgouku. Jlamee ocymrecTBisiach OnHapusamnus n3obpaxkenus. 13-3a pasnoctu pac-
TIpeJIeJIeHNST SIPKOCTEH MEXKJIy OT/IeIbHBIMI CHUMKAMU IIPUMEHEHNE TJI00ATBHOTO 10~
pora npobaemMaTnvaHO. B ¢Bs3U ¢ 9TUM 1151 OMHAPU3AINH UCIIOJIB30BAJICS METO/T, a1a1l-
TUBHOI 1oporopoii 06paborku Hubsrska. M306parkenne ob6pabaTbiBa€TCsl C IIOMOIIBIO
okHa. JIj1s KarXK0ro MoJIoyKeHNs OKHA CAUTAETCS CBOW IIOPOT B COOTBETCTBUU € (hOP-
MYJIOIi:

treshold = mean + k - s,

TJIe mean — cpejinee 3HaYeHNe STPKOCTH MUKCesell B OKHe, S — CTAHIAPTHOE OTKJIO-
HEHUe 3HAYEHUIl sIpKOCTH B OKHe, a k — KoaduImenT st oTaeeHns 00beKTa OT
dona. CoOTBETCTBEHHO aJIrOPUTM OMHAPHU3AIUU WMeeT 2 IMapaMerpa: pa3Mep OKHA
u koaddunment k. B xome ucciemoBanmit Haysydinee cpejiHee 3HAUECHUE JJIsT MaK-
CHMAJIbHOM PAa3/IeJIMMOCTH KJIACCOB [1ajl0 OKHO pa3mMepoM 41 mukcesab U mapamerp
k=0.03.

st n36aBeHns OT NMIyMOB Ha OMHAPU30BAHHOM M300PAKEHUH HCIIOJIH30BAJIICH
MeTozipl Mopdosornueckoit o6paborku uzobpazkenuii [5]. IIpoBoxniock BCKpbITHE
(mocsieioBaTe/IbHOE IIPUMEHEHUE OIE€PAIUil S9PO3UK U JIUJIATAINN) U300PAKEHUS C
CTPYKTYPHBIM 3JIEMEHTOM BHJA JJUINIIC PA3MEPOM HXD.

XopHOnIAIbHBIN COCYIUCTHIN UHIEKC OIPEIeIsIeHTCsd KaK OTHOIIEHUE IIJIOIA /N
IIPOCBETA COCYJIOB K ODIIEl IO/ COCYTUCTOTO CJI0sI. PacueThl IpOBOIUINUCH JIJIsT
nzobpaxkenuit OKT ¢ marosiorueit u 6e3 nmarosioruu. HIEKC pacCInTHIBAJICS Ha, OTPa-
HugenHoi obsactu o 1000 HM BIE€BO U BIIPABO OT (DOBEBBI. 3HAUEHUS CAUTAJIUCH I[JIst
BCero HaOOpa MAHHBIX IS KA2XKJI0T0 KJIACCa, OIPEIEI0Ch CpeIHee 3HAYCHIE NHIEK-
ca JJjIs KJacca U CTaHJapTHOoe oTkjoneHue. VlccireioBanns moKa3asin, 9TO CpejHee
3HAYEHUE WHJIEKCa JIJIsl Kjacca HOpMbl paBHo 0,52, a jyist marosioruu 0,56, mpu CKO
0,02.
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B xome paboTnl ObLIa peIIOKEeHa TEXHOIOT U BbIIEICHUSI 00JIACTH XOPUONIEN U
OTpeJIeSIeHNsT XOPUOUJATHLHOTO COCYIMCTOTO UHIEKCA Ha N300PAKEHNUAX ONTUIECKON
KOT€PEHTHOI TOMOrpahun [l BbIABICHUAS SHIOKPUHHON 0P TAILMOIATHH. XOPUOK-
Jiesi SIBJISIETCSI OJHON M3 HamboJjiee BACKYJ/ISIPU3UPOBAHHBIX CTPYKTYP YeIOBEYECKOTO
TeJla ¥ Urpaer He3aMEeHMMYIO poJib B nmranuu doropenentopos [6]. Takum obpa-
30M, Pa3BUTHE U MCCJEIOBAHNE HOBBIX METOMOB XOPHUOWIEN UTPAET BaXKHYIO POJIb B
muartgoctuke DOII, 310 gacT BO3MOXKHOCTD yBEJIUYUTH BEPOATHOCTH BBLISBJIEHUSI Y
naruenTos npusHakoB JOII Ha Gosiee paHHUX CTAIUSX.
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The study of the anatomical features of the choroid is a fundamental role in
many processes of functioning and development of the eye and vision. The choroid
is a vascular tissue of the body that provides oxygen and nutrients to the pigment
epithelium and the outer layers of the retina, maintains intraocular pressure and tem-
perature of the eyeball, takes part in focusing the image on the retina, so choroidal
defects are a provoking factor in a number of eye diseases [1]. Diagnosis of the
choroid is performed using optical coherence tomography (OCT). Various scoring
criteria have been developed to quantify the choroid, including choroidal thickness,
choroidal volume, and choroidal vascular index (CVI). Visualization of the choroid
with OCT is challenging due to the masking effect of the relatively opaque retinal
pigment epithelium, traditionally rendered posterior segment OCT images contain
shadows that affect visualization of deep structures, including the choroid [2]. This
makes it difficult to qualitatively assess the parameters of the choroid. The objective
of the work is to develop a technology for the selection of the choroidal region and
its quantitative analysis on OCT images to detect endocrine ophthalmopathy.

This paper proposes a technology for selecting the area of interest and calculation
the croidal vascular index, the main stages of which are: 1) shadow compensation, 2)
image binarization, 3) binarized image filtering, 4) calculation of the croidal index.

Quantitative analysis of the choroid is difficult due to shadows cast by anterior
structures such as retinal vessels. Therefore, shadow compensation is important for
successful and reliable quantitative OCT analysis, especially of the choroid and other
subretinal structures of the pigment epithelium [2,3]. Shadow compensation was
performed using the Girard algorithm. Each B-scan is converted to a raw intensity
region, and the intensity of each pixel is multiplied by a unique compensation factor
derived from the acquisition characteristics of the OCT signal. This method also
improves the image contrast of blood vessels [4]. Directly shadow compensation of
the image was determined by the following equation:

s(z)

m = ars(z) = HDs(z),

where HD is an operator that transforms a given signal s(z) into its compensated
form, and a is the attenuation coefficient. Contrast enhancement was performed

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



224 O6paboTka U aHAJIN3 U300PaAKEHU, KOMIIIOTEPHOE 3PEHHe

before image shadow compensation, which is described by the following formula:

n I"(2)
HDI"(2) = 2 [ 1 (u)du’

where I is the pixel intensity, n is the exponent.

Binary processing was used to isolate the area of the vessel lumen. The first step
was to perform adaptive histogram equalization at the level of individual B-scans
to increase the contrast of choroidal vessels. Next, the image was binarized. Due to
the difference in the distribution of brightness between individual images, the use
of a global threshold is problematic. In this regard, Niblack’s adaptive thresholding
method was used for binarization. The image is processed using a window. For each
window position, its own threshold is calculated in accordance with the formula:

treshold = mean + k - s,

where mean is the average value of the brightness of the pixels in the window, s
is the standard deviation of the brightness values in the window, and k is the coeffi-
cient for separating the object from the background. Accordingly, the binarization
algorithm has 2 parameters: the window size and the coefficient k. In the course of
research, the best average value for the maximum separability of classes was given
by a window of 41 pixels and a parameter of k=0.03.

To get rid of noise in the binarized image, methods of morphological image
processing were used [5]. An opening was performed (consecutive application of
erosion and dilation operations) of an image with a structural element of the form
of an ellipse sized 5x5.

The choroidal vascular index is defined as the ratio of the area of the vessel lumen
to the total area of the vascular layer. Calculations were made for OCT images with
and without pathology. The index was calculated on a limited area of 1000 nm to
the left and right of the fovea. The values were calculated for the entire data set for
each class, the average value of the index for the class and the standard deviation
were determined. Studies have shown that the average value of the index for the
normal class is 0.52, and for pathology 0.56, with an SD of 0.02.

In the course of the work, a technology was proposed for isolating the area of the
choroid and determining the choroidal vascular index on images of optical coherence
tomography to detect endocrine ophthalmopathy. The choroid is one of the most
vascularized structures of the human body and plays an indispensable role in the
nutrition of photoreceptors [6]. Thus, the development and research of new methods
of the choroid plays an important role in the diagnosis of EOP, which will make it
possible to increase the likelihood of detecting signs of EOP in patients at earlier
stages.

[1] Kudasheva G. R. Structural and functional features of the choroid in normal and patho-
logical conditions of the visual system, optimal research methods // Modern technolo-

gies in ophthalmology, Moscow: Ophthalmology, 2020. — p. 333-339.
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2Hosocubupek, HoBocHGHPCKMii TOCYIapCTBEHHBIH YHIBEPCHTET

B macrositiiee BpeMsi akTyaJIbHOI 3a/1adeil siByisieTcst pa3paboTKa aBTOMATH3UPO-
BAHHBIX CHCTEM KOMIIHIOTEDHON JIMATHOCTHKY PAa3IUIHbIX 3aboseBannit. Komibio-
tepHast Tomorpadust (KT) rosoBHOro Mosra, BBIIIOJHEHHAS B IIEPBBIE YaChl MOCIIE
BO3HUKHOBEHMSI OCTPOrO MIIEMUYECKOT0 WJIM T€MOPPArHIECKOI0 UHCYJIBTA, OKA3bIBa~
eT 3HAYUTEJIbHOE BJIMSHUE Ha BHIOOD TAKTUKU JICUEHUsI TAIMEHTA, a 110 CPABHEHUIO
¢ apyrumu Merogamu, beckoraTpactHas KT He mMmeer 3HAYMTENBHBIX TIPOTUBOMIOKA-
3aHUMN.

Murepuperanusa KT nzobpakenuit conpsizkeHa ¢ ONpeJIeJIEHHBIMI TPYIHOCTAMU,
TaK KaK paHHWE M3MEHEHUsl MO3Ta BBIIVISJIAT KaK YIACTKH HECKOJIbKO M3MEHEHHO
ILUIOTHOCTH, KOTOPBIE YeJIOBEUECKUl IJ1a3 B CUJIY Pa3JIMYHBIX (PAKTOPOB HE BCETA
MOXKeT OTJMYUTH OT HOPMAaJbHBIX TKaHeil. Kpome Toro, Ha m300parkeHUsX 9acTo
BUZHBI apTedakThbl (BbI3BAHHBIE JIBUZKEHUAME IIAIIMEHTa UJIM CKAHEPOM), KOTODBIE
MOTYT BBINVISIETh KaK MHCYJIbTHBIE opaxKkenus. [loaromy pazpaboTka aBTOMATH3M-
POBAHHBIX IIPOIELYP JIOKAJIU3AIUN U OIeHKN O0beMa IOPaXKEeHHBIX TKaHeil Ha oc-
noBe KT mzobpakeHuit, B TOM 9uCJIe PONEAYP HA OCHOBE CBEPTOYHBIX HEHPOHHBIX
cereii (CHC), aBiisiercs akTyasbHOI 3ama4eii. Psij npoBeeHHbIX nccseaoBanuii (e,
nanpumep, |1, 2, 3]) nokazas, yro merozapl Ha ocaoBe CHC conocraBumbl ¢ pajuo-
JIOTAMU B C TOYKHU 3PEHUsI TYBCTBUTEJHHOCTH, CIEIUMDUIHOCTH U JIPYTUX METPHUK
KaJecTBa. DTO IMO3BOJISIET UCIIOJB30BaTh Pe3yJibTaThl, moJyueHHble Ha ocHope CHC
B Ka4eCTBE BCIIOMOIATe/IbHOIO HHCTPYMEHTA B KJIUHUYIECKON MPaKTHKE.

Habop JaHHBIX, UCTOIB30BAHHBIN JJI UCCJIEIOBAHUS, COJEPIKUT OGECKOHTPACT-
uble KT canMiu rosioBrOro Mosra 80 MAIMEHTOB ¢ JUATHO30M OCTPBI UIIEMAIECKUN
nHcynbT. Jannbe nomydensl u3 Mexgynapognoro Tomorpaduaeckoro mearpa CO
PAH. Bce o0beMHBIE n300pazkeHusI IMEIOT OJMHAKOBOe pasperienne 512 x 512 Ho
pasHoe KoJsim4uecTBO cpe3oB oT 306 o 505 B 3aBHCHMOCTH OT marmueHTa. st Kaxk-
JIOr0 06'BEMHOT0 M300PaKeHUsT TOJIyIeHa COOTBETCTBYIOIIAs PYyYHAS CErMEHTAIlHs,
BBITIOJTHEHHAST JIBYMsI 9KCIIEPTAMU-PEHTIEHOJIOTaMH.

Crangaprroit apxurektypoit CHC miist 3aa9uu cermeHTaImy TpeXMEPHBIX MeJIH-
nuHCKUX n3oopakennit sipsiercss 3D U-Net. B nannoit pabore sTa 6a30Bas Moaeab
ObLIa MOAUMDUIIMPOBAHA, JIJIs TIOJIYYEHUs] JIYUIIUX PE3YJIbTATOB IIPEICKA3AHMSI.

TlepBas Mmogudukanms 3ak/aodaercs B gobasieHnn attention gate 6s1okos. lan-
HBII MEeXaHW3M MOJABJISIET HEHYKHbIE 0OJACTH BO BXOIHOM M300PayKEHUH, MTOMOrast
aJropuT™My (POKYCHPOBATHCSI HA BAaXKHBIX 30HAX, UTO MOBBIIMAET IYBCTBUTEIHHOCTD
MOJIEJTH ¥ YJIy4IIaeT ee TOYHOCTh. [Ipu moJiy9eHnn OKOHYATEIBHOTO IIPEICKA3AHIS
TaK»Ke YUIUTBHIBAJICS BBIXOJ KaXKJIOro OJIOKa JIEKOJIEPa, UCXOJs U3 IIPEIIIOJI0KEHNS,

Mesxgynapogaasa kougepennus UOHU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.



Image processing, computer vision 227

9TO 9TO MOKET YJIYUIIATH 9yBCTBUTEIHHOCTD Mojieu. [yt 9Toro kapra Ipu3Hakos,
oJIydeHHast n3 OJIOKOB JIEKO/epa, YBEJIMUYMBAETCS 0 PasMepa MCXOIHOI'O M300pa-
JKEHUsI, T0Ce 4ero K HeMy mnpumensiercs 3D-ceprka 1x1x1 ¢ OJHUM BBIXOJIHBIM
KaHaJIOM. JTa MACKa [IPUHUMAET HEIIOCPEJICTBEHHOE Yy9aCTHE B UTOMOBOM IIPOTHO3E
C HEKOTOPBIM BECOM, KOTODBIA yBEJIUINBAECTCA K KOHILY JeKojep-dactu ceru. KoH-
KPEeTHbIE 3HAYCHNS BECOB OBLITN BBIOPAHBI SKCIIEPUMEHTAJIBHO.

Y1066 MOMYIUTHL UTOTOBOE IIPE/ICKA3aHNe, BCE BEPOITHOCTH ObLIM OMHApPU30Ba-
HBI ¢ ToporoBbiM 3HavueHueM 0,5. MeTpukaMu KadecTBa MPEJIOKEHHOIO aJITOPUTMa,
6bL BEIOpanb! Koaddurment Dice, HyscrBuresbHOCTh U CrienududHOCTh. Pe3yiib-
TaThl, TIOKA3aHHbIE B Tabsure 1, MpeacTaBiasdioTCd KaK CpeliHee 3HadeHue + CTaH-
JapTHOE OTKJIOHEHHE, IOJIyJIeHHbIe Ha BAJIMIAIIMOHHON BHIOOPKE IPHU IEPEKPECTHOM
IIPOBEPKE Ha H JACTSX.

Dice UyscrBuTebHOCTHCIEINUIHOCTD
0.702 £ 0.161)  0.760 £ 0.201 0.996 £ 0.006

Tabsma 1. 3HadeHus 1eJeBbIX METPUK HA BaJIMIAIMOHHON BBIOOPKE IIPU IIEPEKPECTHOMN
MIpOBEpKe

Ha Puc. 1 mMoXXHO BHIETH HEKOTOPBIE PE3yJIbTATHI pabOTHI AJrOPUTMA HA Ba-
JINJIAIMOHHOM BhIOOpPKe. [IpeicTaBiieHbl cpe3bl B aKCUAJIBHOMN IIJIOCKOCTU MCXOHOTO
n300pakeHusi MO3ra; MacKd, KOTOPbIe ObLINA MIPEJOCTABIEHBI IKCIIEPTAMMU; [IPEICKa-
3aHHbIe OUHAPU30BAHHBIE MACKU.

3D - image slice Ground truth Predicted mask

Puc. 1. [Ipumep pe3ybTaToB pabOTHI AJITOPUTMA
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Deep neural network for the diagnosis of acute stroke based on
the analysis of non-contrast CT brain images
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2Novosibirsk, Novosibirsk State University

Currently, an urgent task is the development of automated systems for computer
diagnostics of various diseases. Computed tomography (CT) of the brain, performed
in the first hours after the onset of an acute ischemic or hemorrhagic stroke, has a
significant impact on the choice of patient treatment tactics, and compared to other
methods, non-contrast CT has no significant contraindications.

Interpretation of CT images is associated with certain difficulties, since early
brain changes look like areas of slightly reduced density, which the human eye, due
to various factors, cannot always distinguish from the normal tissues. In addition,
images often show artefacts (caused by patient movements or by the scanner) that
may look like stroke lesions. Therefore, the development of automated procedures
for localization and estimation of affected tissue based on CT images, including
procedures based on convolutional neural networks (CNN), is an urgent task. A
number of studies (see, for example, [1, 2, 3]) have shown that SNA-based methods
are comparable to those of radiologists in terms of sensitivity, specificity, and other
quality metrics. This makes it possible to use the results obtained on the basis of
the CNN as an auxiliary tool in clinical practice.

The data set used for the study contains non-contrast CT images of the brains of
80 patients diagnosed with acute ischemic stroke. The data were obtained from the
International Tomography Center SB RAS. All 3D images have the same resolution
of 512x512, but a different number of slices from 306 to 505 depending on the patient.
For each volumetric image, a corresponding manual segmentation was obtained,
performed by two expert radiologists.

The standard CNN architecture for 3D medical image segmentation is 3D U-Net.
In this paper, this basic model has been modified to obtain better prediction results.

The first modification is to add attention gate blocks. This mechanism suppresses
unwanted areas in the input image, helping the algorithm to focus on important
areas, which increases the sensitivity of the model and improves its accuracy. When
obtaining the final prediction, the output of each decoder block was also taken into
account, on the assumption that this could improve the sensitivity of the model. To
do this, the feature map obtained from the decoder blocks is increased to the size of
the original image, after which a 1x1x1 3D convolution with one output channel is
applied to it. This mask is directly involved in the final prediction with some weight,
which increases towards the end of the decoder part of the network. The specific
values of the weights were chosen experimentally.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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To get the final prediction, all probabilities were binarized with a threshold value
of 0.5. The quality metrics of the proposed algorithm were the Dice coefficient,
Sensitivity and Specificity. The results shown in Table 1 are presented as the mean
=+ standard deviation obtained from the validation set in a five-fold cross-validation.

Dice

Sensitivity | Specificity

0.702 £ 0.161

0.760 £ 0.2010.996 + 0.006

Table 1. Values of quality metrics on the validation sample during cross-validation

In Fig. 1 one can see some of the results of the algorithm on the validation set.
There are presented slices in the axial plane of the brain image; masks provided by

experts; predicted binarized masks

3D - image slice

Ground truth Predicted mask

Fig. 1. An example of the results of the algorithm
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IIpstMble KOMMYIECTBEHHBIE TAPAMETPHI (GHONATINKY, GHOWHINKATOPHI ), OTparKa-
IOIIE COCTOsIHUE OKPY2KAIOIIEl cpejibl B PErMoHe, IeHHBI B 3aJla4aX 9KOJIoTuu. 1a-
KUMH JATINKAMA—MapKePaMi MOTYT ObITh JIUCThs JePeBbeB, HAIpuMmep, Jiuibl. Co-
BPEMEHHBIE TEXHOJIOTUU OBICTPOrO0 CKAHMPOBAHUS U 0OpabOTKU OOJIBIIIOIO MACCHBA
[TOJIy 9€HHBIX M300PaKeHUil JIUCTHEB B COYETAHUU C AJTOPUTMAMU BBIYUCJICHUS I1a-
paMeTpoB (GOPMBI JIMCTHEB OTKPBHIBAIOT MEPCIIEKTUBY Pa3pabOTKU MPOCTHIX OMOWH-
JAUKATOPOB, OCHOBaHHBIX Ha I'EOMETPUYICCKUX ITapaMeTpaX JINCTHEB.

Jlj1si TIpoBejIeHUsI MCCJIeIOBaHUsT OBLIA COOPaHBI JINCThsI JIUIBI B JIBYX TOpPOJax
Mockogckoit obsractu: B Ilymuao u Cepiyxose B utosie 2021 r. /lepeBbst npunaie-
KaT ogHOMY Omosiormdeckomy Buiy Tilia cordata, Ho pacTyT B pa3HBIX O 9KOJO-
PUYIECKOMY COCTOSTHUIO TOYKAX, OTOOPAHHBIX 10 MHTEHCUBHOCTHU JIOKAJIHLHOI'O ABTOMO-
6mIbHOTO TpaduKa. By/1eM yCJIOBHO HA3BIBATH 9TU PAMOHBI «IUCTHIMU» U «I'PA3HBI-
Mu». OTHOCUTEJIBHO I'PSI3HBIE TOYKH PACIIOJIOXKEHb! Ha paccrosganu 5—10 M or mepe-
KPEeCTKa aBTOJIOPOr ¢ HamboJiee MHTEHCUBHBIM JiBrKeHreM B [lyrmuao u Cepyxose,
a OTHOCHUTEJIBHO YHCThIe TOYKHU HAXOsITCS Ha paccrosgauu He Meree 500 M 0T Takmx
MECT.

PaccMoTpuM aJirOpuT™M BBIMHCIEHHST ITPOCTEHINNX TPU3HAKOB (DOPMBI JIUCTa —
wIoma u u nepuMerpa (jyuHbl rpanunesl). [locie cermeHTanum JjucTa Ha n300pa-
JKEHUU HeOOXOIMMO YIAJUTH €ro YepeHOK, MHade OINEHWBAEMbIE IMapaMeTphbl OyIyT
3amryMiteHbl. [ yiagenns 9epeHKa CTPOUTCS CKEJIET JINCTa — CBS3HBIN TeOMEeTPHU-
geckuii rpad, 00pa30BaHHBIN IEHTPAMU BCEX MAKCHMAJIbHBIX BIMCAHHBIX B GUrypy
OKpy2KHOCTelt. B KaxKJi0if ToUukKe ckejieta onpesesieHa pajuajibHast (DYHKIUS, PaB-
Hasl PaJInyCy BIMCAHHOI OKPY?KHOCTH C IEHTPOM B 3T0# Touke [1]. B ckesere smcra
BBIJIEJISIFOTCS T€ TOYKM, B KOTOPBIX paJirajibHast (DYHKIS He TPEBOCXOIUT IIOPOTOBO-
r'o 3HAYEHUS, [T0IOOPAHHOIO IKCIEPTOM. JTH TOUYKU 0OPa3yIOT HECBS3HBIN HOArpad
ckesieTHOTO rpada. Boimessercs HanboIbIIast o 9UCJIy BEPIIUH CBA3HAsT KOMIIOHEH-
Ta nojrpada, YepeHKy OyJeT 0TBeYaTh UMEHHO 3Ta KOMITOHEHTA.

CoBpemennbie OHOINOTEKH MIPEJIATAIOT PEIeHUsI, BBITUCIISIONINE ILIOTAJIb U TIe-
pUMETP Ha OCHOBE ITOJICYETa IPAHMYHBIX IIUKCEJIell B PACTPOBOM H300pakeHuu. 1a-
KO TIOJIXOJT MIPUBOIUT K OIMMOKAM B BBIYUCEHUN ILIOMAIN W IEPUMETPA, BMECTO
9TOT0 MPEJJIAraeTCs BBIYUCISITD 3TU MapaMETPhl HA OCHOBE IIOCTPOEHUS AIIPOKCH-
MUPYIOIIETO MHOTOYTOJIbHUKA. [[JIsT 9TOr0 CTPOUTCS MHOTOYTOJBHUK MUHUMAIHLHOTO
[epuMeTpa, pas3/IesIsoniuil 9épHble U OeJible TuKceau. Jjist HallJIeHHOTO MUHUMAJIb-

Mesxqynapogaasa kougepennus UOHU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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HOI'O Pa3/IeJIsIONero MHOTOYTOJbHUKA JJINHA IPAHUIBI (IepUMeTD) U ILIOMIAAb Bbl-
YHUCIISTIOTCSL TIO U3BeCTHBIM hopMysaM [1].

OlneHKY IO/ M U [TEPUMETPA JIUCThEB IIOJIyYalOTCsl C IIOMOIIBIO OIMUCAHHBIX
AJITOPUTMOB JIJIsT BCEX JIUCTHEB B JIBYX ropojax. OTobpasuM JIUCTbs TOYKAMU B JBY-
MEpPHOM I[IPU3HAKOBOM IpocTpancTBe (cM. npumep Jyis [lymuno wa Puc. 1). Touku
pa30uBaiOTCs Ha KJIACTEPHI B 3aBUCUMOCTH OT YKOJIOTUIECKOro cocTosnns. HecmoTpst
Ha HEKOTOPOE IIepecedeHne KJIacTepOB, CYyIIECTBYeT CBA3b MEXKJy PacIpeleseHuIMI
MIPU3HAKOB U YUCTOTOH paifiona. YucTtoMy paitoHy oTBevYaeT KaacTep ¢ O60JIbIeit Tuc-
repcueil, cpejiHell IOIMAIb0 1 OOJIBIINM CPeIHIM IepuMeTpoM. Bo Bcex ciydasix
COXPaHsIeTCs 3aBUCUMOCTD: IIEHTD MACC (TOYKA, KOOPIUHATHI KOTOPOH PABHBI BHIOO-
POYHOMY CPEJHEMY COOTBETCTBYIONIUX HPHU3HAKOB) YUCTOrO PANOHA JIEXKUT IIPaBee
¥ BBIIIE IIEHTPA MAaCC I'PA3HOTO pailoHa.
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Puc. 1. Busyanuzanus pacupe/iesieHuii Tpu3HAKOB (DOPMbI B 3aBUCUMOCTH OT YMCTOTHI paii-
oHna B Ilymuno. Ha quarpamme paccesinust (cieBa) Touka orBedaer ogHoMy jucry. CuHue
TOYKHU COOTBETCTBYIOT YUCTHIM PafiOHAM, OPAHKEBBIE — IPI3HBIM.

[Tomgbepem omHOMEDHBIN TOKA3ATENb, arPErUPYIONIH IIOMAb U IEPUMETD, KO-
TOPBIA TIPU 3TOM OYJIET Pa3/esaTh BHIOOPKHU M3 PA3HBIX IO IKOJOTMIECKOMY COCTO-
AHui0 paitonoB. [Is ommcaHus yJIaJIEHHOCTH IEHTPA MACC OT Hadasa KOOPIUHAT
OO YT TpocTeiinue (DyHKIMN, HAIPUMED, CpejiHee apuMeTHIeCKOe UIH HOPMa
TOYKH B JBYMEPHOM IIPU3HAKOBOM IpOCTpaHCTBe. MOKHO MOKa3aTh, UTO CpeIHUe
HOPMBI B JBYX BBIOOPKAX JJI YHCTOrO U I'PA3HOTO PailOHAa IIOCJIEe arperamnud CTATU-
CTUYECKHU 3HAYUMO DAa3JIMYUMBI.

O1ieHnM, HACKOJIBKO «CHJIBHBI» [TPU3HAKHY ILJIOIIAN U IEPUMETPA C TOYKHU 3PEHUSI
KJIACCUYECKOI0 MAaIlMHHOrO 00ydenusi. I[0CKOJIbKY 00beM JIAHHBIX SIBJISIETCS JIOCTa-
TOYHO MAJIBIM, CYIIECTBYET PUCK IIEPEO0YIeHNsI, TOITOMY TIOCTPOUM IIPOCTOM JINHET-
HBI KTACCHMPUKATOD — JIOTUCTUIECKYIO PErPECcCuio. BymeM 1o mIoma u u mepuMeTpy
OJIHOTO JICTA IIPEJICKA3BbIBATH IKOJIOIMYECKOe COCTOsHUE paiioHa (KJacc), rie pac-
TET JIEPEBO STOTO JUCTA. J[Jisi KOPPEKTHOIrO OIeHUBAHUS JIUCThs B O0yYIEHUH U TECTE
JIOJIZKHBI OBITH C Pa3HbIX JiepeBbeB. [lapy Mpu3HAKOB ILIOMA U U IEPUMETPA MOXKHO
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CYUTATD JIOCTATOYHO CUIBHOMU, KiaaccudukaTop Jaet Ha vroit mape 0.938 ROC AUC.
OrmMernM, YTO OJHOMEPHAST arPeraliust Yepe3 CpejiHee 1 HOPMY COXPAHSET TOTEeHITHAT
K KavecTBeHHOM Kiaccudukanun (0.928 u 0.916 coOTBETCTBEHHO).

TTomMmumo KIaccupuKAIME IKOJOTHIECKOTO COCTOSTHUS 110 OJHOMY JIUCTY, TPel-
JIaraeTcs CTPOUTh KJIACCH(UKATOP IO BBIOOPKE JIMCTHEB, COOPAHHBIX B OIHOM paii-
one. Takoil OX0/T TO3BOJISIET YITYUITATH KauecTBO Kiraccudukaruu. OcobeHHOCTHIO
IIOJIXOJ[A SABJISETCH BO3MOXKHOCTD OIEHUTHL HEOOXOMMMBIi Pa3Mep BHIOOPKHU JIMCTHEB
IIpH 3aIaHHON BeposiTHOCTH ormubKu. Hampumep, eciu 3a/1aTh BEPOATHOCTD OIMHOKN
nmke 0.05, ro B CepiryxoBe Oyier goctaTodHo cobparh ¢ jepeBa 40 jucTheB, a B
IIymwmao 20 nucThes.

Tloaxom ¢ oneHuBaHmEM COCTOSHUS OKPY2KAIOMIEN CPeIbl 10 Ipu3HaKaMm (op-
MBI JIUICTBEB BBIIVISIUT EPCIEKTHBHBIM, €r0 MOXKHO IPUMEHSTH 0€3 IPUBJICYSHIS
9KCIIEPTOB B 00/1aCTH OMOJIOTUN U SKOJOTUM, OH HE TPEOYyeT PecypCOEeMKUX U CJIOXK-
HBIX PACYETOB, & CaMO€ TVIABHOE — JIJIsI ero MPUMEHEHUs JJOCTATOYHO JIUIIH COOPATh
HECKOJIBKO JINCTbEB, OTCKAHUPOBATH M TPUMEHHUTH AJITOPUTM.

Pabora mognepxana rparrom PODU No. 20-01-00664.
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Shape feature extraction for environmental health classification
using leaf images

Senin Alexander'x aaasenin@gmail.com
Mestetskiy Leonid' mestlm@mail .ru
Tiras Kharlampiy® tiras@iteb.ru

'Moscow, Moscow State University
2Pushchino, Institute of Theoretical and Experimental Biophysics RAS

Simple quantitative parameters (biomarkers, bioindicators) that can reflect environ-
mental state (health) in region are priceless for solving ecology problems. Linden
leaves are an example of such markers. Modern technologies of fast scanning and
processing of a large number of images give us the opportunity to develop simple
biosensors based on the geometry of leaves.

Tilia cordata biological species was used. The trees were taken at different
ecological points based on traffic intensity. These points are respectively called
clean and dirty. Relatively dirty points are located at a distance of 5-10 m from the
intersection of highways with the most intense traffic in Pushchino and Serpukhov,
while relatively clean points are located at a distance of at least 500 m from such
places.

Consider an algorithm for calculating the simplest signs of the leaf shape — the
area and perimeter (the length of the border). The leaf stalk should be pruned after
image segmentation. For pruning leaf skeleton is extracted [1]. After filtering of the
skeleton nodes, the largest connected component is considered to be the leaf stalk.

Modern libraries can estimate area and perimeter via pixel calculation, but this
approach leads to a decrease in quality. Instead, a polygon of the minimum perimeter
is constructed separating the black and white pixels. After that the length of the
border (perimeter) and the area are calculated [?].

Area and perimeter are estimated for all leafs in both cities. Leafs are considered
as points in 2-dimensional feature space. Points are divided into clusters depending
on the ecological state. These 2 features can be aggregated into 1-dimensional feature
using mean or norm. It can be shown, that the average norms are statistically
significantly different for clean and dirty places.

The strength of calculated features are estimated from the point of view of clas-
sical machine learning. Since the amount of available data is small the simple linear
classifier (logistic regression) is chosen to predict ecological state of a place using
only one leaf. The leaves in the training and test set should be taken from different
trees. The trained classifier reaches 0.938 ROC AUC.

The quality of classification can be improved using approach of classification
using a whole sample. This approach allows to estimate sample size with fixed error
probability.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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An approach to the creation of bioindicators using image processing methods is
promising, it can be used without experts in biology and ecology, it does not require
complex and resource intensive calculations.

This research is funded by RFBR, grant 20-01-00664.
Mestetskiy L. M. Continuous morphology of binary images // Moscow: Fizmatlit, 2009.
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MocTpoeHne TpéxmepHo moaenn obbekTa Ha OCHOBE KapTbl
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O 1HOI 13 aKTyaJIbHBIX 3384 SIBJISIETCS TOCTPOEHNE TPEXMEPHON MOJIE/IH 3/IaHU
(dparmenToB )Kui0ii 3acTpoiiKK) Ha OCcHOBe (hoTorpaduil, CHATHIX € PA3HBIX PaKyp-
coB. Jljs1 pertenust 3TOi 3aa4M CyIIECTBYIOT XOPOIIO IIPOPAbOTAHHBIE TEXHOJIOIMH
U OPOrpaMMHBIE IIPOJYKTBI, OCHOBAHHbIE HA MCIIOJb30BAHUU KJIOYEBBIX TOUEK [1].
OzHako KadecTBO (TOYHOCTH) MOJIYYEHHOH MOJEN KPUTUYECKU 3aBUCHT OT Kave-
CTBa U pa3peIleHus] UCXO/IHbIX CHUMKOB. IIpu 3TOM IO/IyueHre CHUMKOB BBICOKOI'O
pasperrenust Jjist O0JIBIION TePPUTOPUN — TPYIOEMKUN U JOPOTOCTOSAIIIHIA TPOIECC.
D10 00ycaaBIMBaeT MOTPEOHOCTh B PaszpabOTKe METOJOB, MO3BOJISIIOIINX CTPOUTH
KaveCTBEHHbIE MO/ Ha OCHOBE CHUMKOB OTHOCHTEIBHO HU3KOI'O Pa3penieHus.

MoO>KHO BBLJIEJIUTD JIBa HAIIPABJIEHUSI B DEIIEHUH TON 33/1a4U C UCIIOIb30BaAHIEM
HEHPOCeTEBOro MOAXOJIA: «YIIyUIIeHHey HMCXOIHBIX CHUMKOB (METOJBI «CBEpPXpa3pe-
[IEHAsT» U yCTPAHEHUsl [IOMeX) M HEIIOCPEJICTBEHHOE BOCCTAHOBJIEHUE «KAPTHI» Pac-
CTOSIHUII OT KaMephbl JI0 TOUYEK O0bEKTA.

B pamkax 1epBoro HalpaBjieHHs MOXKHO HCIIOJIb30BATH U3BECTHBIE (IOTOBBIE), B
TOM 9HCJIe Ipeo0yIeHHbIe, ADXUTEKTYPBI HefipoceTeit. OHAKO MO00HBIE PEIIEHNS,
XOTb U IOBBIMIAIOT BU3yaJbHOE (CYObeKTHBHOE) KadecTBO U300paKeHUsl, HO TAKXKe
BHOCSIT MCKaXKEHUSsI, MOCKOJBKY (DAKTHIECKH <«JIOPUCOBBIBAIOT KAPTUHKY». 1o sTOiM
[IPUYHHE KAYeCTBO TPEXMEPHOI MOJIEH, TIOCTPOEHHO HAa OCHOBE CHUMKOB, 00pabo-
TAHHBIX IOJ0OHBIM METO/IOM, OKa3bIBAETCS BBIIIE, Y€M y HCXOJIHOM, HO MCKAXKEHUS
0CTAIOTCS.

Bropoe nalpasiienue 1peJosaraeT UCI0/Ib30BaHNe HEHPOHHBIX ceTell JjIst OlleH-
KU PacCTOsIHUII OT KAMEPHI JI0 TOUEK CIIEHBI, COOTBETCTBYIOIIIM ITNKCETISIM N300pazKe-
Husl. B rocsie iHee BpeMst NCIIOJIb30BaHIe OJTHOCBEPTOYHBIX APXUTEKTYD [2], & Takxke
Moziesieit Tuna transformer [3], 06y4eHHBIX Ha GOJIBIIOM O0'bEME JIAHHBIX, BHAUNTEI b
HO YBEJIMYMJIO KAYECTBO IPEJICKA3aHNs KapT IIyOnH 1o ofHol doTorpadun.

OzHako IpU OIEHKE PACCTOSHUI 10 M300paKeHUI0 HEN30EXKHO IOy IaeTCs 3Ha-
YUTEeJIbHAs HOIPeIHOCTh. [loaToMy eciim cTpouTh MOjIe/Ib HENOCPEJICTBEHHO 110 I10-
JIy9€HHOI KapTe PacCTOSIHUM, TO BOSHUKAIOT 3HAUNTEIbHBIE HCKaXKeHUsl (CM. puc. 1),
B YACTHOCTH, CTEHBI 3/JaHUII MOT'YT ITOJIYIAThCH «U30IHYTHIMU», KPOME TOT'0, MEJIKHIE
JIETAJIN MOT'YT TE€PSThHC.

B niannoit pabote 1pejiraraercs CyIecTBEHHOE yCOBEPIIEHCTBOBAHUE OIINCAHHOIO
I10/IX0/14, OCHOBaHHOE Ha MCIIOJIb30BaHUM AllPUOPHOM MHQOPMAINH, & UMEHHO TOrO,
qro acapl (CTEHbI) 3aHU TPENMYIIECTBEHHO IIOCKHE.

Me>xgynapoaaas koHgepernnus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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(a) Ucxonuplit cauMoK (Hu3koro paspe-(b) Moesb Ha OCHOBE KIIIOUEBBIX TOUEK
IIEHYs)

(c) Mozenb Ha OCHOBE KapThl abCOJTIOT- (d) IIpensorkeHHbIN METOL,
HBIX PaCCTOSTHUN

Puc. 1. CpaBHeHI/Ie METO/J0B IIOCTPOEHUA MOJEJIN

Wnes npemmaraeMoro MeTojia COCTOUT B TOM, YTOOBI OIIEHUBATHL PACCTOSIHUS OT
TOYEK OOBbEKTa He J0 KaMepbl, a JO HEKOTOPO# IJIOCKOCTH, AllpOKCHMUPYIOMIEH
yacTb 06beKTa (HalpuMmep, creny). VIHbIMU CI0BaMH, BMECTO KapThl abCOJIOTHBIX
PACCTOSTHUI UCIIOIB3YETCsl KAPTa OTHOCUTEIHHBIX PACCTOSTHUI.

Cxema MeTo/1a.

— Ha ocHoOBe MCXOIHBIX CHUMKOB (HU3KOI'O Pa3pelieHust) CTpouTcst rpybast MOJIEIIb
KJIACCUIECKUM METOJIOM Ha OCHOBE KJIIOUEBBIX TOYEK.

— V3JIbl TOJIyYEHHON MOJIEIU KJIACTEPU3YIOTCS Ha TPYIIIBLI TOYEK, JIEXKAIUX IIPU-
GamsuresibHO B ozHo mwockoctu (Meroq RANSAC [4]). Hazosém minockoctw,
AINIPOKCUMUPYIOIINE HaflJeHHbIE KJIACTEPHI, OIIOPHLIMU ILJIOCKOCTSIMHU.

— C noMoIpio HelipoceTH CTPOUTCs (OLEHUBAETCS) KapTa PACCTOSHUI JI0 OIIOPHBIX
IIJIOCKOCTEM.

— Tlo kapre paccTostHuit CTPOUTCs (PPATMEHT MOJIEIN B OKPECTHOCTHU JAHHOMN I1JI0C-
KOCTH.

— ®parMeHTbl 00bEUHSIIOTCA B ODIILYI0 MOIED.
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st oby4denusi HEIPOCETN UCIIOJIH30BAINCH KAPTHI PACCTOSHII, Oy YCHHbIE HA
OCHOBE MOJIEJIH, IIOCTPOEHHO 110 CHUMKAM BBICOKOTO pasperieHus. [Ipu sTom 00beéM
obyuaromeii BrIGOpKY 6b11 0ueHb HepesmK (200 dbparmenTos dacaios).

[Ipn TakoM 006bEME BBIOOPKH 11€1€CO00PA3HO UCIIOJIB30BAThH CETh IIPOCTOM apXu-
rexTypbl. Mogesu tuna UNet [5] nmpogeMOHCTpUpPOBaAIN BIEUATISAIONUE PE3YIIbTATEL
B 00JIaCTH CerMeHTaInn n300parkennii. Boiia BeiOpana apxurekTypa ¢ 4-Ms1 pooling-
6iokamu u 1280 kanasiamu B 3Mmbesunre. Vcnosb3oBanue OJI0KOB U3 apXUTEKTYPhI
EfficientNet [6] B 9HKOIEpPE CETH MO3BOIMIO yBEIUIUTH TOYHOCTH ONEHKH PACCTOSI-
HU.

Ha puc. 1 npusemensr: hparMeHT HCXOIHOTO CHUMKA HU3KOTO Pa3peIieHnst; ppar-
MEHT MOJIEJ/IH, IOCTPOEHHOM 0 KJIIOYEBBIM TOYKAM; MOJIEJb, IIOCTPOEHHAS [I0 KApTe
abCOIOTHBIX PACCTOAHUI; MOZIENb (IpejyiaraeMast), IIOCTPOEHHAs 110 KapTe OTHOCH-
TEJIbHBIX PACCTOsTHUI (OT OIIOPHOM MIIOCKOCTH ).

MoKHO czesaTh BBIBOJI, UTO HPEJIOKEHHBIH HOX0/] MO3BOJISIET CYIIECTBEHHO
YILyUINATD KavdeCTBO MOJENN JJjisi 00BEKTOB, (OpMa KOTOPBIX XOPOIIO AITPOKCHMHE-
pyercs mirockocTsiMu. K TakuM 00bEKTaM OTHOCUTCS TOMABJIAIONIEE OOJIBIITMHCTBO
3/IaHMI, YTO OOYCIABIUBAET JOCTATOYHO IMUPOKYIO 00JIACTD IPUMEHIMOCTH METO/IA.
[1] Schonberger J. Lutz, Frahm Jan-Michael Structure-from-Motion Revisited //

Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas: IEEE,

2016. pp. 4104-4113,

[2] Ranftl René et al. Towards Robust Monocular Depth Estimation: Mixing Datasets for

Zero-shot Cross-dataset Transfer // arXiv, 2019.

[3] Ranftl René et al. Vision Transformers for Dense Prediction // arXiv, 2021.

[4] Martin A. Fischler, Robert C. Bolles Random Sample Consensus: A Paradigm for Model
Fitting with Applications to Image Analysis and Automated Cartography // Comm.
Of the ACM, June (vol. 24), 1981. — C. 381-395.

[5] Ronneberger Olaf et al. U-Net: Convolutional Networks for Biomedical Image
Segmentation // arXiv, 2015.

[6] Tan Mingzing, Le Quoc V. EfficientNet: Rethinking Model Scaling for Convolutional
Neural Networks // arXiv, 2019.
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Reconstruction of a 3D model based on a map of distances to
reference planes
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One of the urgent tasks is to build a three-dimensional model of buildings (frag-
ments of residential buildings) based on photographs taken from different angles.
To solve this problem, there are well-developed technologies and software products
based on the use of key points [1]. However, the quality (accuracy) of the resulting
model critically depends on the quality and resolution of the original images. At
the same time, obtaining high-resolution images for a large area is a time-consuming
and expensive process. This leads to the need to develop methods that allow you to
build high-quality models based on relatively low-resolution images.

Two directions can be distinguished in solving this problem using a neural
network approach: “improvement” of the original images (methods of “super-
resolution” and interference elimination) and direct restoration of “map” distances
from the camera to the points of the object.

As part of the first direction, you can use well-known (ready-made), including
pre-trained, neural network architectures. However, such solutions, although they
increase the visual (subjective) image quality, they also introduce distortions, since
they actually ”finish the picture”. For this reason, the quality of a three-dimensional
model built on the basis of images processed by a similar method turns out to be
higher than that of the original one, but distortions remain.

The second direction involves the use of neural networks to estimate the distances
from the camera to the points of the scene corresponding to the pixels of the image.
Recently, the use of full-convolutional architectures [2], as well as transformer mod-
els [3] trained on a large amount of data, has significantly increased the quality of
predicting depth-maps from a single photo.

However, when estimating distances from an image, a significant error is in-
evitably obtained. Therefore, if you build a model directly from the obtained dis-
tance map, then significant distortions occur (see Fig. 1), in particular, the walls of
buildings can be “curved”, in addition, small details can be lost.

This paper proposes a significant improvement of the described approach based
on the use of a priori information, namely that the facades (walls) of buildings are
predominantly flat.

The idea of the proposed method is to estimate the distances from the points of
the object not to the camera, but to some plane approximating a part of the object
(for example, a wall). In other words, a relative distance map is used instead of an
absolute distance map.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



Image processing, computer vision 241

v""

(a) Source photo (low resolution) (b) A model based on key points

(c) A model based on an absolute dis- (d) The proposed method
tance map

Fig. 1. Comparison of 3D-models construction methods

The scheme of the method.

— Based on the initial images (low resolution), a rough model is built using the
classical method based on key points.

— The nodes of the resulting model are clustered into groups of points lying ap-
proximately in the same plane (the RANSAC method [4]). Let’s call the planes
approximating the found clusters reference planes.

— With the help of a neural network, a map of distances to the reference planes is
built (evaluated).

— Based on the distance map, a fragment of the model is built in the vicinity of
this plane.

— Fragments are combined into a common model.

Distance maps obtained on the basis of a model based on high-resolution images
were used to train the neural network. At the same time, the volume of the training
sample was very small (200 fragments of facades).

With such a sample size, it is advisable to use a simple architecture network.
Models like UNet [5] have demonstrated impressive results in the field of image
segmentation. An architecture with 4 pooling blocks and 1280 channels in embedding
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was chosen. The use of blocks from the EfficientNet [6] architecture in the network
encoder allowed to increase the accuracy of distance estimation.

Figure 1 shows: a fragment of the original low-resolution image; a fragment of
a model constructed from key points; a model constructed from a map of absolute
distances; a model (proposed) constructed from a map of relative distances (from
the reference plane).

It can be concluded that the proposed approach makes it possible to significantly
improve the quality of the model for objects whose shape is well approximated by
planes. The vast majority of buildings belong to such objects, which determines a
fairly wide area of applicability of the method.

[1] Schénberger J. Lutz, Frahm Jan-Michael Structure-from-Motion Revisited // Confer-

ence on Computer Vision and Pattern Recognition (CVPR), Las Vegas: IEEE, 2016.
[2] Ranftl René et al. Towards Robust Monocular Depth Estimation: Mixing Datasets for

Zero-shot Cross-dataset Transfer // arXiv, 2019.

Ranftl René et al. Vision Transformers for Dense Prediction // arXiv, 2021.

Martin A. Fischler, Robert C. Bolles Random Sample Consensus: A Paradigm for
Model Fitting with Applications to Image Analysis and Automated Cartography //
Comm. Of the ACM, June (vol. 24), 1981. — p. 381-395.

[5] Ronneberger Olaf et al. U-Net: Convolutional Networks for Biomedical Image Segmen-
tation // arXiv, 2015.

[6] Tan Mingzing, Le Quoc V. EfficientNet: Rethinking Model Scaling for Convolutional
Neural Networks // arXiv, 2019.
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>Mocksa, ®UIL 1Y PAH

ITpu pemennn 3a/1a9 HAXOXKICHUS TOYHOTO MOJIOKEHHs (DOKYCaA BPAIIATEIHHOMN
KBA3U-CAMMETPHHU, OCHOBAHHOM Ha Mepe 2Kakkapa Jijig OMHAPHBIX PACTPOBBIX U300~
PaskeHuii, IPEJIIOIATaeTCs, 9TO MPOBEPKa HalIeHHbIX 3(b(DEKTUBHBIX PEIICHUNA MO-
2KeT OBITH TPOBEIEHA C HCIOIb30BAHIEM OA30BOM 9KCTEHCUBHON IIPOELY Pa TIOJTHOTO
nepe6opa 1o BceM yriam. IIpu sTom crpourcs rpaduk (npodmis) mepsr 2Kakka-
pa B 3asucuvoctu ot yrua J(¢) [1]. Anamus takux npodmuseil B pasHbIX TOYKAX
U300paKeHusl TIO3BOJISIET CYAUTDH 00 TI0JI0KEHUH (DOKYCaA BPAIIATEIHHON CUMMETPUN
u eé nopsiika. OTMeTuM, 9T0 TaKXKe TaKOi NPOodUIb MOXKET ObITH UCIIOIH30BAH KAK
CaAMOJIOCTATOIHBIA JeCKpUNTOpP (POPMbI, MHBAPUAHTHBIA K MacmTaly W MOBOPOTY
M300PaAKEHUSI.

B pabore mokaszamo, 4TO MOJHBIN 11epebop MO TUATA30HY MOCTPOECHUS TPOMUIIs
MOKET OBbITh YCKOPEH.

Bo-11epBbix, 00parum BHUMaHUE Ha TOT GakT, 9To Mepa 2Kakkapa BLIUUCIISIeTCs
MEXK/Iy UCXOJHOM (DUTypoil U ee OBEPHYTON HA yroJI ¢ KOmueil, YTO O3HAYAET UTO
BTOpas GuUrypa moBEepHyTa HA YroJ —( OTHOCUTEIbHO mepsoit. T.e. mepa 2Kakkapa
JUIsL YIJIOB B (0 U 27T — o GyJIeT COBIAJIATh, UTO O3HAYAET, UTO JOCTATOYHO PACCUU-
THIBATH MEPY TOJIbKO JUIst YIJI0B ¢ € [0, 7).

[anee, mycrs ¢ € [5, 7], Tax Kax J(7m — ) = J(7 4 @), Boraucienne J (@) MOxKHO

3aMEHUTH BbIUuCcIeHneM J (27 — ), ¢ yaeToM Toro, 4To Marpuria noopora R (27 —¢)
pasna R(7) * R(m — ¢), npuuem 7™ — ¢ € [0, T]. Takum o6pasom, Juanason yrios,
HEOOXOJMMBIX JIJTsl BBIYHC/ICHIs TOBOPOTA, MOKHO cy3uTh 10 [0, T].
Haxomern, ecmu ¢ € [F, 5], sorancnenue J(p) 3amensercs spraucienueM .J(—
—¢) = J(0 — §) ¢ marpuneit nosopora R(0 — §) = R(—7) *R(f), rme 6 € [0, 7]. B
pes3yJbrare OCHOBHOI IIOBOPOT B JII0OOM CJIydae IPOU3BOIUTCI C YIJIOM U3 JUAIIA30HA
0.7].

Ot1/1e/15HO OTMETHM, YTO HOBOPOTHI HA YIJIbI, KPATHBIE T, CBOJAATCA K IIepeyTIops-
JIOUEHUIO TTUKCeNTell m300parkeHnsl U TPEOYIOT 3HAUUTETHLHO MEHBIINX TPYI03aTPAT
10 CPABHEHMIO ¢ IIOBOPOTOM HA IIPOU3BOJIBLHBIA yroji. Takzke npuMeM BO BHUMAHHE,
YTO MMOBOPOTHI HA OJUH KM TOT YK€ YIOJI BOKPYT PA3HBIX TOYEK OTIMYAIOTCS JIUIIIh
CMeIeHneM pe3yIbTaTOB APYT OTHOCUTENBHO JAPYTa, YTO CBOJUTCA K 0Ope3Ke U300-
paskeHuii, MoSTOMY BBIOOD KOHKPETHOM TOYKHU IMMOBOPOTA HE HOCHT MPUHIIUITHAIHHOTO
XapakTepa.

Me>xgynapoaaas koHgeperanus MOHW-14. Poccusi, r. MockBa, 6—9 mexkabpst 2022 r.
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Tak Kax JIUIIb B KaXKJI0M quBépTOM cirydae Tpebyercs TPyI03aTPATHBIA OBOPOT
Ha HOBBI{l yTOJI, He KDATHBII & , TPEJIJIOXKEHHBIH MTPUEM O3BOJIAET COKPATUTD BPEMs
Berancsienns: dbyakmun J(p) Ha orpeske [0, 7] mOYTH B YeThIpe pa3a M0 CPABHEHUIO
C DKCTEHCUBHON IPOIle Iy poii TIOJIHOTO TIepebopa Mo BCeM yTJIaM.

O6parum BHUMaHUE Ha TOT (PAKT, 9T0 Mepa 2KakkKapa /iuist n300paKeHuit, mory-
YEHHBIX MMOBOPOTAMM BOKDPYT OJIHON M TOM YK€ TOYKM HA YIJIBI U 3aBUCHT JIAIIb OT
BEJIMYUHBI |2 — 1|, TAK KaK mapa Takux (GUCYD MOJIYIAeTCs U3 UCXOIHON U MOBEP-
HYTO Ha |2 — 1| JONOIHUTENBHBIM TIOBOPOTOM HA Min (@1, p2), HE N3MEHSIOIIM
II0ma M. B cuiry 9TOro J0CTaToYHO IPOM3BECTH MOBOPOTHI HA YIJIbI, KDATHBIE G,
TOJIBKO JIJISI UCXOTHOTO M300ParKeHnst U JIajiee BOCIIONb30BAThCS CIIEIYIOMEH CXeMO
Beraucyennst J(p):

1. Ins ¢ € [0, 7] Beraucisercsa Mepa MexKiy H300parkKeHHeM, HOBEPHYTEIM Ha @, U
HCXOJHBIM.
T T P us
2. Hna ¢ € [T, 5] Boluucigerca Mepa MexLy I/I306pa}KeHI/IeM, HOBEPHYTHIM Ha 5 —
— ¢ € [0, §], n n306pazkenueM, OBEPHYTHIM Ha, 5.

3. ﬂJIH p e [’T 3”] BBIYHCJIACTC MePa MEXKIY 1/1306pa)KeHI/IeM IIOBEPHYTHIM Ha ( —

N |

s
-5 €lo, %JT 1 u300pazkKeHueM, TIOBEPHYTHIM Ha — 7.
4. ZLJIH @ € [, 7] BBIYHC/IACTCH Mepa MeXK1y U300pazkeHueM, IOBEPHYTHIM Ha, T —
— ¢ € [0, 7], n m30bpazkeHneM, IOBEPHYTHIM Ha, 7.

Bo Bcex ciyvasx abcosiorHasl BeJIMUUHA PA3HOCTU JIJIsI CPABHUBAEMBIX YIVIOB
[IPUHAJIEKUT HYKHOMY JIHATIA30HY.

B noksane npuBoauTCA OKOHYATEIBHBIN AJTOPUTM C MATEMATHIECKIMU BBIKJIA]I-
KaMHM, & TaKKe IPUBOIUTCA CPaBHEHUE IIOJIXOJOB K YCKOPEHHIO pacuera Ipodus,
OJINH U3 KOTOPBIX IOJIAraeTCsl HA TOYHOE 3HAYMEHHE yIJia IOBOPOTa, a JPYroi — Ha
abCOTIOTHYIO PA3HOCTh MEXKJIy JIBYMsl YIJIAMHU.

IIpoBemenbl sKCIIEPUMEHTAIBHBIE UCCIEI0BAHUS 110 CPDABHEHUIO SKCTEHCUBHON Ha~
30BOI1 IPOIEAYPHI MOJHOTO Iepebopa M IPEJIOKEHHBIX B PaboTe aJIbTePHATUBHBIX
Bepcuil Ha M300paKEHNAX PA3IUIHOTO MaciiTaba. Peann3arins BbITIOTHEHA Ha, SI3bIKE
nporpammupoBanust C+-+ ¢ ucnosb3opanneM oubaunoreku OpenCV. Pesyabrars! 3a-
ME€POB BPEMEHN IIO/ITBEP/INIIN IIPEIIOTIOKEHIE O TIOUTH YeThIPEXKPATHOM YCKOPEHUN.
st m3obpazkenunii pasmepa mopsiaka 800x600 mukceseil motHbI pacdeT mpoduiist
HE IIPEBBIIAET TPEX COTHIX CEKYHIbI.

WccnemoBanue BBITIOTHEHO TIPY TO/I/IEpKKe TpanTa Poccnitckoro HayTHOTO POH1a,
No. 22-21-00575, https://rscf.ru/project/22-21-00575/

[1] Seredin O., Liakhov D., Kushnir O., Lomov N. Jaccard Index-Based Detection of Order

2 Rotational Quasi-Symmetry Focus for Binary Images. Pattern Recognition and Image
Analysis, 2022. — No. 32(3), p. 672-681.
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Application of computationally efficient alternatives to image
rotation in the problem of searching for rotational symmetry on
binary shapes
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When solving the problems of finding the exact location of the focus of rotational
quasi-symmetry based on the Jaccard measure for binary figures, it is assumed that
the verification of the effective solutions can be carried out using the basic extensive
procedure of a complete search at all angles. In this case, a graph (a profile) of
the Jaccard measure is plotted depending on the angle J(p) [1]. The analysis of
such profiles at different points of the image identifies the position and order of
the rotational symmetry focus. Note that such a profile can also be used as a self-
sufficient shape descriptor that is invariant to the scale and rotation of the image.

The paper shows that a complete search over the range of profile construction
can be accelerated.

First, let’s pay attention to the fact that the Jaccard measure is calculated be-
tween the original figure and its copy rotated by an angle ¢, which means that the
second figure is rotated by an angle —¢ relative to the first. That is, the Jaccard
measure for angles ¢ and 27 — ¢ is the same which means that it is enough to
calculate the measure only for the angles of ¢ € [0, 7].

Next, let the angle ¢ € [T, 7], since J(m — ) = J(7 4+ ¢), calculation of .J(¢) can
be replaced by calculating J(2m — ¢), taking into account that the rotation matrix
R (27 — ¢) is equal to R(m) * R(m — ) and m — ¢ € [0, §]. Thus, the range of angles
required to calculate the rotation can be narrowed to [0, 7.

Finally, let the angle ¢ € [, 7], calculation of .J(¢) can be replaced by calculating
J(—¢) = J(0 — §) with the rotation matrix R(§ — 5) = R(—%) * R(#), where
6 € [0, %]. As a result, the main rotation is in any case made with an angle in the
range [0, 7.

We note separately, that turns at angles that are multiples of 5 are reduced to
reordering the pixels of the image and require significantly less labor compared to
turning at an arbitrary angle. We also take into account that rotations at the same
angle around different points differ only in the displacement of the results relative to
each other, which comes down to cropping images, so the choice of a specific rotation
point is not of a fundamental nature.

Since only in every fourth case a labor-intensive rotation to a new angle is re-
quired, not a multiple of 7, the proposed technique reduces the calculation time
of the function J(¢) on the interval [0, 7] is almost four times as compared to the
extensive procedure of a complete search through all corners.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



246 O6paboTka U aHAJIN3 U300PaAKEHU, KOMIIIOTEPHOE 3PEHHe

Let’s pay attention to the fact that the Jaccard measure for images obtained by
rotations around the same point by angles depends only on the magnitude |ps — 1],
since a pair of such figures is obtained from the original and rotated by the angle
|2 — 1] additional rotation by the angle min(¢1,p2), which does not change the
area. Because of this, it is enough to make turns at angles that are multiples of
gonly for the original image and then use the following scheme for calculating the
function J(p):

1. For the angle ¢ € [0, 7] the measure is between the image rotated by ¢, and the
original image.

2. For the angle ¢ € [,7] the measure is between the image rotated by
— ¢ € [0, §], and the image rotated by 7.

3. For the angle ¢ € [Z,3X] the measure is between the image rotated by ¢ —
— % €0, %], and the image rotated by —7.

4. For the angle ¢ € [?jf,ﬂ] the measure is between the image rotated by = —
— ¢ € [0, 7], and the image rotated by 7.

ol

In all cases, the absolute value of the difference for the compared angles belongs
to the desired range.

The presentation provides the final algorithm with mathematical calculations,
as well as a comparison of approaches to accelerating the calculation of the profile,
one of which relies on the exact value of the angle of rotation, and the other on the
absolute difference between the two angles.

Experimental studies have been conducted comparing the extensive basic proce-
dure of full search and the alternative versions proposed in the work on images of
different scales. The implementation is made in the C4++ programming language
using the OpenCV library. The results of time measurements confirmed the assump-
tion of almost fourfold acceleration. For images of the size of 800x600 pixels, the
full profile calculation does not exceed 0,03 of a second.

This study was supported by the Russian Science Foundation, Grant No. 22-21-
00575, https://rscf.ru/project/22-21-00575/

[1] Seredin O., Liakhov D., Kushnir O., Lomov N. Jaccard Index-Based Detection of Order

2 Rotational Quasi-Symmetry Focus for Binary Images. Pattern Recognition and Image
Analysis, 2022. — No. 32(3), p.672-681.
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!Tyna, Tyabckumit TOCYJAPCTBEHHBINH YHIBEPCATET

Metopl yiajieHust TyMaHa aKTUBHO PA3BUBAIOTCS, HO UX CPABHUTEJbHAS OIIEHKA
3aTPYy/IHEHA HEJIOCTATKOM JaHHBIX. CII0XKHOCTD MOy YeHUsT JJAHHBIX U1 pa3paboTKu
U WCCJIEJIOBAHUSI METOJIOB yJIaJIeHUsl TyMaHa 3aKJIF0YaeTCs B TOM, YTO TAKHe JIaHHbIE
[IPEJICTABJISIIOT U3 cebsl apy UIEHTUYHBIX N300pakKeHuil, ¢ pa3HUIeil JIUIIb B TOM,
9TO TyMaH OTCYTCTBYET Ha OIHOM U IIPUCYTCTBYET Ha IPYyroM. B peajbHOCTH CII0KHO
CO3JIATh YCJIOBUS, KOTOPbIE TIO3BOJIMIN OBl TIOJIyYUTh TAKYIO Mapy n300parKeHuil, HO
OTHOCHUTEJIHHO TIPOCTO €€ MOYKHO TOJIyYHTh, €CJU MCKYCCTBEHHO HAJIOKUTH TYMAH
Ha mcxojHoe n3obpazkenne 6e3 Tymana. [lomasisiomnee 60IBITMHCTBO JAHHBIX JIJIsT
3aJ1a9¥ yJajeHns TyMaHa ¢ n300parkKeHuil oIy YeHO IMEHHO TaKuM 00pasoM.

WckyccTBEHHO CreHeprpOBaHHBIE JTaHHBIE AKTUBHO HUCIIOJIB3YIOTCS [IJIsl PEIIeHUsT
381491 yJAJeHUsT TYMaHa Ha W300paykeHUu ¢ IPUMEHEHNE METO/I0B MAIIMHHOTO 00Yy-
qenus. Tem He MeHee, OHH MAaJIO TIOAXOJAT JJIsi OIEHKH METOJOB YIAJCHUsT TyMaHa,
ITOCKOJIbKY, KaK IIPAaBUJIO, UMEIOTCS 3aMETHbBIE NCKAYKEHUST TPH HAJIOXKEHUN TyMAaHa,
CBsI3aHHbBIE C HETOYHOCTBIO IIOJIYUEHHON KapThl IIyOuHbl. KpoMe Toro, dusnyeckast
MOJIeJIb PACIPOCTPAHEHUs] TYMaHa B IIOJIHOW Mepe He PACKPBIBAET CJIOXKHOCTB IIPO-
UCXOJAINIUX TPOIECCOB.

IMony4urs HAGOPBI JAHHBIX, B KOTOPbIX 06a n300parkenus (¢ TymanoM,/6e3 Tyma-
HA) ABJISUINCH Obl pealibHbIME (hoTorpadusMu, 3HAYUTEJIbHO caoxkaee. Hamu 66110
HaliJIeHO HECKOJIBKO HEGOJIBIINX HAGOPOB Takoro poaa [1, 2, 3, 4, 5, 6, 7]. Ilonoxenue
yCyryOJIsieTcst emg u TeM, YTO JJjIs [IOCTPOEHUs] YHUBEPCAJIBbHBIX METOIOB Y/IaJIeHUsI
TYyMaHa, CIIOCOOHBIX pabOTaTh B JIFOOBIX YCIOBUSX O€3 PYYHOI MepeHacTPONKY mapa-
METPOB, UX OIEHKY HEOOXOINMO MPOBOJUTH KaK B CBETJIOE, TAK U B TEMHOE BPEMS
cytok. Cpeji yKa3aHHBIX, JIAIIH OJWH HAOOP JAHHBIX BKJIIOYAET U300pPAKEHUsI, KO-
TOpbIe MMUTHPYIOT TEMHOE BpeMs CYyTOK (IIOJIyYeHBI IIPH HU3KOM OCBEIEHHU U C
HAJINIMeM UCKYCCTBEHHOIO MCTOYHMKA CBETA).

B npomwioit pabore [8], mHamu 6bu1 nogrorosien Haop NIGHT-HAZE, koropbtit
JIeJIAJT Al B CTOPOHY pellieHus JaHHoil npobsembl. Ho mpu ananuse namu 66110 06-
HAPYKEHO, 9TO TOYHOCTH ycTpaneHust TyMana o merpukam PSNR u SSIM Bospacra-
eT BMeCTe C yBeJIMIeHNEeM CTElleHU CIVIa’KUBaHWsT KapThl paccenmBanus. [lasbHeiinee
MCCJIe0BaHUE IIPUBEJIO K TAKOMY BBIBOJLY: U3-32 MAJION IJIyOUHBI CIIEHBI CJIOXKHO I10-
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CTPOUTH KOPPEKTHYIO KAPTY PACCEUBAHUS, T.K. CJUIIKOM MAJIO KOJUIECTBO UACTHIL
MeXKJIy KaMepoii m o0beKTaMi Ha MEePBOM M JaJbHEM ILiaHax. [losToMmy 3HaveHmst
KapThl PACCENBAHUsI U3MEHSIJINCh HE3HAUNTEILHO.

B rekyieit pabore Mbl yBesmumim TiyOUHY CIIEH, & TaK¥Ke YHCI0 0ObEKTOB Ha
aux. Kpome T0ro, OBLIO pACIIIPEHO KOJUIECTBO cTereHeil Tymana. Tak e, Kak U B
npeabIayIeit paboTe, OBLIO MOATOTOBJIEHO 2 CIIEHBI: HA MEPBOI OTCYTCTBYIOT TOYEY-
HbIe UCTOYHUKY CBETA, HAa BTOPOIi — IPUCYTCTBYIOT. KOJIMIECTBO U CJIOKHOCTD 00HEK-
TOB IPUMEPHO OJMHAKOBBI B 000X cileHax. [yybmHa ciieH BO3pocjia IpuMepHo B 2 pa-
3a, 00'bEKTHI PACIIOJIOXKIJINCH Ha IIPOTS2KeHUH Beeil Tirybunbl. Kak u B OpuruHaabHOM
pabore, B KaJipe pa3MecTu/In ycrpoiicra mjis Kaaubposku (mumens SpyderLensCal,
tabsuna mra kammbposku nBetoB SpyderCheckr, Datacolor SpyderCube myist ompe-
nestenust HajaHca ceporo, recrosas tabiuna 1o 1ISO 12233).

st Kaxkioit cueHsl 6bUI0 clesiaHo 1o 32 Kajapa (M3MeHsINCh 4 CTeleHU OCBe-
[IEHHOCTH U 8 CTeneHeil HaChIeHHOCTH TyMaHoM ). OCBEIEHHOCT PEryIMPOBAJIACH
KOJIMYEeCTBOM BKJIFOUEHHBIX JIAMIT OCBemleHus. MuHUMAaIbHAST OCBEIEHHOCTD TO/I0N-
pajach TakuM 00pa3oM, ITOOBI IIPU HEU3MEHHBIX HAcTpolikax doroamnmnapara (ISO,
nuadparma, BbIIEPXKKA), OObEKThI Ha CIIEHEe OCTABAJIUCH BUIUMBL.

Tywman cozmaBadicst ¢ HTOMOINBIO TeHepaTopa TyMana Involight FM900. ITocse pas-
MelleHnsI OObEeKTOB Ha CIleHe U IOJAIOTOBKHM CheMOYHON alaparTyphbl, /1e/ajgoch 4
CHUMKAa C PA3HOU CTEIEHBIO OCBeleHHoCTH. JIaHHBIe CHUMAJINCh CO BCell MMeEOIeii-
Csl AlapaTyphbl.

TTocne cvremru ground truth m3obpazkenuit, Ha TPOTsIKEHUH 15 MUHYT HArHETAJ-
Csl JIBIM U OBLIT BKJIIOUEH BEHTHUJIATOP JIJIst O0Jiee PABHOMEDHOIO €ro PACIIPE IeIeHISI.
[Tocsie 3TOrO0 BEHTHJISITOP U JILIMOTEHEPATOD BBIKJIIOYAJINCH U JeJIajIach Iay3a B Te-
gennu 30 ceKyHJI, YTOOBI YACTUIIBI JIbIMA 3aMe InIn epeMerterne. [1o npomectBun
may3bl, JIeJIaIach Cepusi CHUMKOB C PAa3HOI CTeleHbio ocBereHHocTr. Ha To, 9T00b!
cllesIaTh CHUMKH HA BCEX YCTPOMCTBAX, yXOamio npuMepHo 10 cekyH/I.

TTocste Toro, Kak CHUMKH OBLITH MOJIy9IeHBI, 9TOOBI MTOJIYIUTDH CJIEIYIONLYIO CTY-
[IeHb HACBHIIEHHOCTH TYMAaHOM, JIeJaJach Imay3a 3 MUHYTHI HA PACCEMBAHUE JIbIMA.
ITo mporrecTBUM yKa3aHHOIO BPEMEHH, JIEJAJIACh CIEIYIONias cepust U3 4 CHUMKOB.
Bcero 6b110 11poBejieHO 6 AHAJIOIMYHBIX [IUKJIOB OXKUJIAHUS PACCEMBAHUS TYMAaHA W
[IOJIy9€HUsI CHUMKOB. B cymMme, st OIHOI CIIeHBI OBLIO TOJIyIeHO 8 CTereHeil Ba-
pbupoBanus TymanoM (1 6e3 Tymana, 7 ¢ IPUCYTCTBUEM TyMaHa DA3JIMIHON MHTEH-
CHUBHOCTH).

Kora ObL1n 110oJIyd4eHbl CHUMKH JIJIsi BCEX KOMOMHAITMIT OCBEIEHHOCTH U HaChI-
IEHHOCTH TYMAHOM JIJIsl OJTHOM CIIEHBI, OCTABIIHUICS IHIM PACCEUBAJICH, U (DOPMUPO-
BaJIach cjemymomas cruena. Korma HoBast ciieHa Oblia chOpMUPOBAaHA, CHUMKH TIOJTY-
Ja/IM AHAJIOTUIHBIM 00Pa30M.

Kaxkaprit Kagap cHEMAJICS Ha CIeayIoniee 000OpyI0BAHEE:

e doto 6buH caemansl Ha Kamepy Canon 2000d B aByx dopmaTax: raw u jpg B
paspemmennn 6000x4000 u riybunoit npeta 24 bit;

e kapTa IIyOuHbI ¢ ucnosb3oBanneM Intel RealSence d435i;
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® TEIUIoBasi KapTa ¢ HCIoJib3oBanueM teriosu3opa Flir C2.

Ha nmoryuenrom nabope, a Tax e mmape JIpyruxX CAHTETUIEeCKUX U peaTbHbIX Habo-
POB, IIPOBEJIEHBI SIKCIIEPUMEHTHI € UCIIOJIb30BAHUEM COBDEMEHHBIX METO/IOB yIaJIeHUS
TyMaHa. Pe3ysbTaThl IOKa3bIBAIOT, YTO HA CHHTE3UPOBAHHBIX HA0OPaX JAHHBIX MET-
puku PSNR u SSIM 3nauunTes bHO BBIIIE, 9eM HA peasibHbIX Habopax, npuaem SSIM
It BceX MeTonoB npesbimaeT (.8, B TO BpeMst KaK Ha PEATHHBIX HADOPax 3HATEHUST
9TOIl MeTpUKU B OOJIBIIMHCTBE CIy4daeB Jexkar B auamnazone 0.6-0.7. Beposaruo, sTo
BO3HUKAET M3-33 TOT'O, YTO MOJIEJb aTMOC(EPHOIO PacCenBaHUsl, KOTOPas MCIOJIb-
30BaJjIaCh [IPU IE€HEPAINU TYMaHa Ha COOTBETCTBYIOIIMX M300PaKEHUSIX, COJEPIKUT
Te JKe JIOMYINEHUs], Ha KOTOPBIX MOCTPOEHBI METOJIBI yAaJeHUs TyMaHa. lakum 00-
pa30M, MOYXKHO CEJIATH BBIBOJ, YTO HAOOPDI JAHHBIX C PEATbHBIMUA N300DaKEHUSIMEI
IIOKa3bIBAIOT O0jlee 0ObeKTUBHBIE 3HAYEHNS] METPHUK.

Pabora seimonnena npu noggepkke PODU, rpanter No. 20-07-00441, 20-07-
00055.
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Haze removal techniques are rapidly evolving, but their comparative evaluation
is difficult due to the lack of datasets. The difficulty in obtaining datasets for the
development and research of haze removal methods is that the data is a pair of
identical images, with the only difference being that haze is absent on one and
present on the other. In reality, it is difficult to create conditions that would make
it possible to obtain such a pair of images, but it can be obtained relatively easily if
haze is artificially superimposed on the original haze-free image. The vast majority
of datasets for the haze removal task was obtained in this way.

Artificially generated datasets are actively used in haze removal methods, built
with the help of machine learning. However, they are not very suitable as dehazing
benchmarks since there are usually noticeable distortions in the generated haze due
to the inaccuracy of the original depth map. Moreover, the physical model of haze
propagation does not fully reveal the complexity of the ongoing processes.

Obtaining datasets where both ground truth and hazy images are real pho-
tographs is much more difficult. We have found a few small datasets of this kind
[1, 2, 3, 4, 5, 6, 7]. The situation even more aggravated by the fact that developing
of universal haze removal methods (that can work in any conditions without man-
ual reconfiguration), its’ evaluation must be carried out both in day and nighttime.
Among noticed, just one dataset includes images that simulate a nighttime (images,
obtained in low light conditions and with the presence of an artificial light source).

In the previous work [8], we presented the NIGHT-HAZE dataset, which took a
step towards solving this problem. But during it’s analysis, we found that the haze
removal accuracy by PSNR and SSIM metrics increases together with the increase
smoothing of the scatter map. Further research led to the following conclusion:
due to the small depth of the scene, it is difficult to build a correct scatter map,
because the number of particles between the camera and objects in the foreground
and background is too small. Therefore, the values of the scatter map changed little.

In this work, we have increased the depth of the scenes, as well as the number
of objects on them. In addition, the number of haze levels has been expanded. Just
like in the previous work, 2 scenes were prepared: on the first one there are no point
light sources, on the second one they are present. The number and complexity of
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objects are about the same in both scenes. The depth of the scenes has increased
by about 2 times, the objects are located throughout the entire depth. As in the
original work, calibration devices were placed in the frame (SpyderLensCal target,
SpyderCheckr color calibration table, Datacolor SpyderCube for gray balance, ISO
12233 test chart).

For each scene, 32 frames were captured (with variation of 4 degrees of illumina-
tion and 8 degrees of haze intensity). Illumination was regulated by the number of
included lighting lamps. The minimum illumination was tuned in such a way that
the objects on the scene remained visible without changing the same camera settings
(ISO, aperture, shutter speed).

The haze was generated using haze machine Involight FM900. After placing the
objects on the stage and preparing the shooting equipment, 4 shots were taken with
varying illumination degrees. Shots was taken from all available equipment one by
one (it took about 10 seconds in sum for one cycle).

After shooting ground truth images, haze was generating in for 15 minutes and
the fan was turned on to distribute it more evenly. After that, the fan and hazer
were turned off and waiting for 30 seconds was made for the haze particles slowed
down. After the delay, a series of shots were taken with varying illumination levels.

After the images were taken, to get the next level of haze intensity, a 3 minutes
waiting was performed for the haze dissipating. After that, the next series of 4
shots was taken. Further, 6 more similar cycles were carried out. In total, 8 degrees
of haze variation were obtained for one scene (1 haze-free (ground truth) a 7 hazy
images with varying intensity).

When images were taken for all combinations of illumination and haze intensity
for one scene, the remaining haze dissipated and the next scene was formed. When
a new scene was formed, pictures were taken in a similar manner.

Each frame was taken with the following equipment:

e the photos were taken on a Canon 2000d camera in two formats: raw and jpg
in 6000x4000 resolution and 24 bit color depth;

e depth map using intel RealSense d435i;

e heat map using thermal imager Flir C2.

Experimental research of the several state-of-the-art single image dehazing meth-
ods was performed on the presented, and also the several other synthetic and real
datasets. The results show that PSNR and SSIM metrics on the synthesized datasets
are significantly higher than on real datasets. Moreover, SSIM for all methods ex-
ceeds 0.8 on the synthetic datasets, while on the real datasets values of this metric
in most cases lie in the range of 0.6-0.7. This is likely due to the fact that the
atmospheric scattering model that was used to generate haze on the corresponding
images, is based on the same assumptions, as the used haze removal methods. Thus,
we can conclude that datasets, consisting with real images, show more objective
metric values.

This research is founded by RFBR, grants No. 20-07-00441, 20-07-00055.
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MeTtoa wabnoHHOro BCTpansaHust UMPOBbLIX BOASAHbLIX 3HAKOB B
n300pa>keHnsi C NCNOJIL30BaHMEM KOMIMJIEKCa HelpPOHHbIX ceTeil

Esciomun Oaez Oaezosun' oevsyutin@hse.ru
Iorcanawua Kpucmuna Maazasosrna'x kdzhanashia®hse.ru

"Mocksa, HIIY «Bbiciuast KO8 SKOHOMUKH >

ITudporoit Bogsuol 3Hak (IIB3) — sro mHbOpManus 0 KOHTelHepe WM €ro
BJIAJIEJIbIIE, pa3MeIleHHas B Nu(POBOM OObEeKTe JJjisi OXPAHbI ABTOPCKUX IIPAB HJIH
IPOBEPKU TTO/JIMHHOCTU. BBIZEISIOT TPU OCHOBHBIX TIOKA3aTEIs, XaPAKTEPU3YIOIIX
addekTuBHOCTL MeTON0B BcTpamBanusi 1IB3: BMecTmMOCTH, HE3aMETHOCTH U PO-
6acTHOCTh. BMecTHMOCTH TIOKa3bIBaET MAKCUMAJIBHBIN 00beM [IB3, KoTophiit MOXKHO
pasMecTuTb B 06bekTe. HesaMeTHOCTD olIpejielisieT CI0KHOCTh 0bHapyKeHusi [1B3,
BCTPOEHHOTO B OOBEKT, JIJIsI BHEITHEro HabJomaress. PobacTHOCTH MOKa3bIBAET, Ka-
KHe araky (MCKasKalolue BO3IeiCTBIA) 00bEKT MOXKET IIPETEPIIETh U BCe eIle ObITh
npuroauabiM utst u3Biedenns 1[B3. JlocTmkenne BBICOKUX 3HAYEHUI BCEX TPEX IO-
Kazareseil MpobJIeMaTHIHO, TaK KaK IOBBIIIEHHE OJIHOTO U3 MOKa3aTejeil BeJeT K
YMEHBIIIEHUIO JIBYX JPYTUX.

[TabiorHOE BCTpamBaHME sIBJIIETCsI OJHUM U3 MeTOJ0B BcTpamBanus 1[B3 B
n300pazkeHnst, 00eCIeunBaOMNM BBICOKY0 pobacTHOcTh [1]. CyTh MeTona 1abiI0H-
HOTO BCTpamBaHus cocTouT B ToM, 4To 1IB3, mnpeacraBieHHblil m3HAYAIBHO B BUIE
JIBOUYHOM TOCJIEI0BATEILHOCTH, IPe00Pa3yercs: B n300pakeHue-1adI0H, COCTOSIIIEe
U3 JBOWYHBIX MATPHUI-IMADIOHOB, COOTBETCTBYIOIINX HYJIEBOMY U €IMHUIHOMY OUTY,
U 9TO M300parkeHne-1abJIOH COBMEIIAETCsT ¢ KOHTeHHEPOM 110 (hopMyJIe:

;2 = IR7
I& = IG7 (1)
Iy = Ip + a - Template — watermark,

rae Ir,Iq,Ip — aro ucxomusie RGB kanannt uzobpakenus, Iy, I/, I — sto RGB
KaHaJbI mocjie BerpauBanusa 1IB3, o — 310 KO3 UIUMEHT CUIBI BCTpaWBAHUS, a
Template —watermark — 3To n3obpakenue-mabsion. Jist n3Bmedennss BCTPOEHHOTO
[IB3 neobxomuMo pas3dbUTh KOHTeitHep Ha OJIOKH, pasMep KOTOPBIX COOTBETCTBYET
pa3Mepy 1abJoHa, ¥ OlPEIeJNTh 3HAYeHNEe BCTPOCHHOI'0 OUTA JIJIs KaXK/I0ro OJIOKA.
15t 3TOr0 BO3MOYXKHO UCIOJIB30BATH HEPDOHHBIE CETH.

OcHoBHOIT TTPOGJIEMOIT MMAOJIOHHOTO BCTPAMBAHUSI SIBJISIETCSl BBIOOD MIAHJIOHOB,
TTO3BOJISIIONINX JOCTUYb HAMIYIIero Oajganca He3aMeTHOCTH u pobacTHocTh. B man-
HOIT paboTe MBI IPE/JIAraeM HUCIOJIb30BATH HEHPOHHBIE CETH HE TOJIBKO JIJIsi U3BJIE-
genust [IB3, HO u a1 rereparun mab/IOHOB HaA STAlle BCTPAUBAHUSI.

[Ipemraraemast MojIeIb TEHEPUPYET MIAOJIOHBI, UCIIOB3YET UX JJIsl BCTPAMBAHUS
1IB3 u yunrcs mpaBmibHO KiaccudUIMPOBATh OJIOKKA KOHTEHHEPA [JIsT N3BJICICHUS
Berpoennoro [1B3. st aToro co3maiorcst JiBe HEHPOHHBIE CETH: TeHEPATOP, MEeJIb KO-
TOPOT'O COCTOUT B IreHepalnu HanboJiee He3aMeTHBIX ITAabI0OHOB, U KJIACCU(MUKATOD,
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IeJIb KOTOPOro — HMPABWJIBHO KJaccuduumpoBaTh GJIOKM KOHTEHHEDA, CONEPIKAIIIe
Hy/IeBble U eauHu4Hble 6uTl IIB3, BCTpOEHHBIE ¢ UCIOJIB30BAHUEM CTEHEPUPOBAH-
HbIX mabsaoHoB. Cern 0byvarorcst BMecre. JIjist HOBBINIEHNs POGACTHOCTH ITa0JIOHOB B
nporecc o6yueHns nepel KaaccudpuuupyIomeil ceTbio Jo0aB/AeTcs 610K IMUTALINN
caydaiiHbIX aTak (cM. puc. 1).

Berpasanue

Ecn Bur == 1
- Biok* = Brok + 1la6mon | Cryuaiisbie
Hnaye araku 7 Knaccuguxarop

Brok* = Bok + [1la6non 0

Teneparus e, = KavecTso
P
WAGIOHOS 5 I1Tagnon | >

e = 0.5 ciia waGiona
0.5 KauecTno KIaccHuKa

Puc. 1. Cxema paboThl KOMILIEKCA HEHPOHHBIX CETEH JJIsT OPTaHU3AIINN Ia0JIOHHOTO BCTPa-
uBanusa [[B3

Cerb reHepaTopa HUYEro He MOJIy9IaeT Ha BXOJ, & HA BBIXOJE BBIIAET JIBa MabJIo-
Ha, COOTBETCTBYIONMX HYJO u enuuuie. OOydaeMbIMU mapamMeTpaMu JIAHHONW ceTh
SIBJISTFOTCS JIBE MAaTPHUIIBI CABUTOB OJMHAKOBOI'O pasMepa, KOTOPhIE 3aTeM M HCITOJIhb-
3yI0TCs Kak MabJioHbl. 1lebio 00yvueHust SBIsieTcss MUHIMU3AIUST PA3HUAIIBI MEXK LY
61okaMu m300parkenuit 6e3 1abIOHOB U ¢ HUME Score(Gen M MaKCHUMU3AIUSA Ka-
gectBa Kiaaccuduranun scoreClas. Tlomnas nenas reneparopa: totalScore = 0,5 -
- scoreGen + 0,5 - (1 — scoreClas). Ilocie oby4ennst ceTb reHepanuu abIOHOB HE
HYy>KH& — JOCTATOYHO U3BJIeYb U3 Hee 1mab/ioHbl. CeTh KacCupUKAIMKY IPUHIMAET
Ha BXOJ 0JIOK M300parKeHnsi—KOHTEHEpa U BBIIAET Ha BBIXOJE M3BJIEUYEHHBIN OUT,
ee TeJIbIO ABJISeTCs MAKCUMU3AIus KadecTBa Kiaaccuduranun. st o0ydeHus Moie-
JI UCHoJib3yeTcs MeTo, ontuMusanuun Adam co ckopoctbio obydenust 0,002 ma 30
snoxax u 60 000 TpPeHUPOBOYHBIMU OJIOKAMU.

CpaBHeHre pobaCTHOCTH MIAOJIOHOB, IIOJIyYEHHBIX C IIOMOIIBIO JAaHHOM Heipoce-
reoit Mogiesn (nasnee — HC-mabiIoHbl), 1 HEKOTOPBIX CO3J@HHBIX BPYUHYIO MIA0JI0-
HOB [2] 1Ipu OIUHAKOBOM YPOBHE HE3aMETHOCTH NpuBeeHo B Tabuie 1. Hymepanus
mabJioHoB B3gTa u3 [2|. B rabiuie pobacTHOCTD OLEHUBAECTCS C IIOMOIIBIO METPUKY
BER: " ) »

BER(VV, W/) —-1— Zi:l W(:l) =W (Z)

: 2)

rae W — sro serpausaembiit IIB3, W’ — uspieuvennsrit I1IB3, a n — pqmmna 11B3.
IITa6s10HBI, TOJMYyYEHHBIE C UCIIOJIH30BAHUEM IIPEJJIOYKEHHON MOJIEIN, OJIHO3HAY-
HO IIPEBOCXOJIAT CO3JaHHBIE BPY4YHYIO mabsonbl VI, mpeBocxomsit mabsionsr I u 111
110 GOIBIMMHCTBY aTak u cpaBHUMBI ¢ madiaonamu 11 u V. HC-mabsonsr obsragaior
namryqmeii ycroiianoctbio K JPEG2000-cxkaTnio u moKa3bIBAIOT BTOPOl PE3yJIbTAT
o ycroitauBoctu K JPEG-cxkaruo. Busyansuo nosmydennsie HC-1mabronsr HamomMu-
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Tabsua 1. Cpasaenne pobacTHOCTH 1Oy deHHBIX HC-1ab/I0HOB ¢ TPEIJIOXKEHHBIMEU Pa-
Hee Ha OJIHOM yPOBHE HE3aMETHOCTH

’ATaKa ‘I ‘H ‘HI ‘IV W WI ‘HC—H.I&@J‘IOHBI‘
]HeT \0,78 \O \0 \0 \0,55 \1,09 \O ‘
ITym Taycca 10,392,97 0,86 4,77 |15,71(15,470,7

(02 =0,01)

3menenne peskoctu (0,86 0,08 0 0 0,79 0,86 0,08
Dusbrp Laycca (o = 1)0,86 0,08 30,850 3,75 2,19 (0,23
OuipTp Bunepa 2,34 0,08 |46,714,61 [11,883,21 [1,25
IIoBopot Ha 2¢7¢ ¢
oOpe3aHueM u 0,7 0 0 0 0,94 1,41 [0
BO3BpAIEHIEM
'YBesu4deHue B
4 paza ¢ 0,7 0 0 0 0,63 (0,86 |0
BO3BPAIIEHIEM
Y MeHbIIIeHEE B
2 pa3za ¢ 0,62 0,79 33,670,24 p,4 2,66 (1,25
BO3BpAIEHIEM
JPEG (QF = 90) 6,32 22,97139,53127,3581,5715,55(14,84
JPEG (QF = 100) 0,46 (2,19 [19,14{0,63 7,1 3,56 [2,26
JPEG2000 3,9 3,05 [16,56p,4 8,13 4,22 (1,48
(CR=12)

HAIOT IIyM, 9TO TAaKIKe SBJISETCS ONPEeNeIEHHBIM HMPENMYIIEeCTBOM, MOCKOJIBKY 3TO

3aTPYIHSIET CTATUCTUIECKNN aHAIN3 N300pasKeHNH-KOHTEeHEPOB.

Takum obpazom, ToTydIeHHbIE MAOJTOHBI 006JIaIAI0T JTOCTATOYHO BHICOKUMHU TTOKa~
zaressaMu 3@OEKTUBHOCTA U HE YCTYIAOT IabJ/IOHaM, CO3JaHHBIM Bpy4HYO. JIjst
JocTrKeHus 0ojiee BBICOKUX MOKa3aTeseil BO3MOXKHO PaCCMOTPETh Pa3IndHbIe MO-
audUKaIAA CeTH reHeparmn. Hampumep, s MOBBIMIEHUS YCTONYINBOCTH K YMEHbD-
MTEHUIO MOXKHO TTOITPOHOBATH TeHEPUPOBATH MTA0JIOH MEHbITE pa3Mepa OJJOKOB U Mac-
MTabUPOBATh €ro Imepesl BcTpanBanneM. Tak»Ke B OYIyIIUX UCCTAETOBAHUSX TJIAHU-
pyeTcs YCI0KHUTD 1e/Ib ONTUMHU3AINN MeHEPUPYIONIeil ceTn Tak, 4ToObI B Hel ObLIH
Y4TEeHbI CBOICTBA BU3yaJIbHON CUCTEMBI Y€JIOBEKA.

Pabora nmonmep:xana rparrom PH® No. 21-71-10113.

[1] Fang H. Chen D. Huang Q. Zhang J. Ma Z. Zhang W. Yu N. Deep template-based
watermarking // IEEE Transactions on Circuits and Systems for Video Technology,
IEEE 2020. — C. 1436-1451.

[2] Aorcanawua K. M. Escromun O. O. Low complexity template-based watermarking with

neural networks and various embedding templates // Computers and Electrical
Engineering, Elsevier, 2022. — C. 108194.
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Template-based image watermarking method with a complex of
neural networks

Evsutin Oleg* oevsyutin®@hse.ru
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"Moscow, HSE University

A digital watermark is some information about the container or its owner placed
in the object for copyright protection or authentication. There are three main indica-
tors that define a watermarking method: capacity, imperceptibility, and robustness.
Capacity shows the watermark of which size can be placed in the object. Imper-
ceptibility demonstrates how hard it is to detect the watermark in the container.
Robustness shows which attacks (modifications) a watermarked object can with-
stand without losing the ability to detect or extract the watermark. Achieving high
results in all three indicators is problematic, as the enhancement of one of them
usually leads to the degradation of the other two.

Template-based watermarking is one of the watermarking methods with good
robustness [?]. Template-based watermarking’s main idea is to transform the binary
watermark into a template-watermark that consists of two matrix-templates corre-
sponding to one and zero bits. Then, the template-watermark is combined with the
container in accordance with:

I;{ = IR7
I, = Ig, (1)
Iy, = Ip + « - Template — watermark,

IRr,Ig,Ip are RGB channels of container image, I}, I, I; are RGB channels of
watermarked image, « is the embedding strength coefficient. In template-based
methods, extraction is performed through division of watermarked image into blocks
of template’s size and determination of which bit was embedded into them. This
can be done with neural networks.

When using template-based watermarking, the question arises of how to choose
templates to achieve the best imperceptibility-robustness balance. In this work, it
is proposed to use neural networks not only during watermark extraction but also
to generate matrix-templates.

The proposed model generates templates, uses them to embed the watermark,
and learns to correctly classify container blocks to extract the embedded watermark.
To do this, two neural networks are created: a generator, the purpose of which is to
generate the most imperceptible templates, and a classifier, the purpose of which is
to correctly classify container blocks containing zero and one bits of the watermark
embedded using the generated templates. The networks are trained together. To
increase the robustness of the templates, a block for simulating random attacks is
added to the learning process in front of the classifying network (see fig. 1).

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Embedding Extraction

If Bit==1

Block* = Block + Template 1 - Random
Else " attacks | | Classification

Block* = Block + Template 0

Template Template 0 Goal = classification
generation ;Tcmplalc 1 > accuracy

Goal = 0.5 template strength
0.5 classification accuracy

i

'

Fig. 1. The proposed complex of neural networks for watermarking

The generator network receives nothing as input and outputs two templates
corresponding to zero and one bits. The learning parameters of this network are
two bias matrices of the same size which are then used as templates. The goal
of learning is to minimize the difference between image blocks without and with
templates scoreGen and to maximize the quality of the scoreClass classification.
The full goal of the generator is totalScore = 0.5 - scoreGen + 0.5 - (1 — scoreClas).
After training, the template generation network is not needed — it is enough to
extract templates from it. The classification network takes as input a container
image block and outputs the extracted bit, its goal is to maximize the quality of
the classification. The model is trained using the Adam optimization method with
a learning rate of 0.002 over 30 epochs and 60,000 training blocks.

The comparison of the robustness of templates obtained using this neural net-
work model (hereinafter referred to as NN-templates) and some manually created
[2] templates with the same level of imperceptibility is given in the table 1. Tem-
plate’s names are taken from [2]. In the table, robustness is evaluated using the
BER metric: n N

BER(VV, W/) —1_ Zi:l W(;) =W (Z)

: (2)

where W is embedded watermark, W' is extracted watermark and n is length of the
watermark.

The templates obtained using the proposed model clearly outperform manually
created templates VI, outperform templates I and III in most attacks and are com-
parable to templates IT and V. NN-templates have the best resistance to JPEG2000
compression and show the second best result in stability to JPEG compression. Vi-
sually obtained NN-templates resemble noise, which is also a definite advantage since
it makes it difficult to statistically analyze container images.

Thus, the resulting templates have sufficiently high performance and are not
inferior to manually created templates. To achieve higher performance, it is possible
to consider various modifications to the generation network. For example, to increase
robustness to shrinkage, it ts possible to try to generate a template smaller than the
block size and scale it before embedding. Also, in future studies, it is planned
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Table 1. Comparison of novel NN-templates with previous ones with one imperceptibility
level

[Attack [ @ QI [V [V [VI NN-templates
No 0780 o o p.55[1.09 \
Gaussian noise 10.392.97 |0.86 4.77 [15.71]15.470.7

(02 =0.01)

Sharpening 0.86 0.08 |0 0 0.79 10.86 {0.08
Gaussian filter (o = 1)[0.86 [0.08 [30.850  [3.75 [2.19 [0.23

'Wiener filter 2.34 10.08 46.714.61 [11.883.21 [1.25
Rotation 2¢7¢ with

cropping 0.7 0 0 0 0.94 [1.41 0

and restoration

Scaling

x4 with 0.7 0 0 0 0.63 {0.86 |0

restoration

Scaling

x0.5 with 0.62 10.79 133.670.24 [5.4 [2.66 [1.25
restoration

JPEG (QF = 90) 6.32 [22.9739.5327.35[31.57|15.55/14.84

JPEG (QF = 100) 0.46 2.19 19.140.63 [7.1 [3.56 [2.26
JPEG2000 3.9 [3.05 16.56H.4 [8.13 .22 [1.48

(CR =12)

to complicate the optimization goal of the generator network so that it takes into

account the properties of the human visual system.
This research is funded by RNF, grant 21-71-10113.
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[Ipemraraercst HOBBIN aJTOPUTM OIPEIEIEHUS XaPAKTEPUCTUK XOJICTOB ITPOU3Be-
JieHuil KUBOMUCH 110 n300parkeHusM. HoBU3HA aJIrOpUTMa 3aKJII09AETC B UCTIOJh-
30BaHUN Tap N300parKeHuil, 3apUKCUPOBAHHBIX B HAIIPABJICHHOM CBETE, M KOMOWHU-
poBannu 06pa30B M300PaKeHUit B IaCTOTHOM 06JIaCTH.

O tHuM 13 c110c000B JITATUPOBKY ITPOU3BEJICHUN YKUBOIIUCH SIBJISIETCS OIIPE/IeTICHIEe
[IPOU3BOJIUTENS. U JATUPOBKA IIPOM3BOJICTBA MATE€PUAJIa OCHOBBI, B YACTHOCTH, XOJI-
cra. K OCHOBHBIM XapaKTEpUCTHKAM XOJICTOB, KOTOPBIE UCIIOJIB3YIOTCA B aTPUOY NN
KApPTUH, OTHOCSITCS TJIOTHOCTH TKAHU TI0 HAIPABJICHUSAM OCHOBBI U yTKA, JHAMETPHI
HUTEl OCHOBBI W YTKa, & TaKXKe 3€PHUCTOCTb XOJcTa. JIJIsT BBIYMCJIEHUS] ITHX Xa-
PaKTEPUCTUK HEOOXOIUMO IOJICUYUTATH KOJIMIECTBO HUTEH 0 ABYM HAIIPABJIEHUSIM U
KOJIMYECTBO IIepervierennii Ha eauauity miomna u. OObIMHO JIJIsT OIPE/IEIeHUs [IJIOT-
HOCTH TKAHU KCIEPTHI BHITOIHAIOT MOJCYET KOJIMIECTBA HUTEH BPYIHYIO. DTa OIe-
paIUst JJOCTATOYHO TPYJAOEMKA M COMPOBOKIAETCS ONMMUOKAMHI, OCODEHHO €CJIM HUTH
JmocTaToaHo ToHKME. B padore [1] mpemyorkena MaTeMaTndeckast MOJIEIb EPETLIETE-
HUI HUTEH U pa3paboTaH IOJIyaBTOMATUYIECKUIT aJrOPpUTM OIpeesieHHs IIJIOTHOCTH
HUTEN HA PEHTIeHOBCKUX CHUMKAX XOJICTa Ha OCHOBe aHasm3a nkoB ypre-obpasa.
AnropnTM TOKa3aJl TOYHOCTh B IPEJesIax OJHON HUTH Ha canTuMmerp Ha 95% n3006-
paxkernwii. Eciin B KadecTBe IPyHTa [PU CO3JAHUNA KAPTUHBI MCIOJIb30BAIUCH CBUH-
1OBbIe Oejiniia, TO PEHTTEeHOBCKNE CHUMKHU He JAI0T TpebyeMoit mHMOpMAInn JIJIs
anajm3a. B 3ToOM ciydyae HEOOXOMMO HCIIOJb30BATh M300ParKeHUsI, MOy IeHHbIE B
JIPYTUX CIIEKTPAJIbHBIX JUANIa30HaX. VI3BeCTeH psijl aJIrOPUTMOB TIOJCYeTa HUTEH JIJIst
KOHTDOJISI KAueCcTBa TEKCTUJIBHOIO IpoM3BoJCcTBa [2], [3], KOTOpBIE OCHOBaHBI Ha
dbuabTparmn n300pakeHnii TKAHU B 9aCTOTHOM 00IACTH U IIOPOTOBO OMHAPU3AIIIH.
Ombka ornpejie/ieHus JIOTHOCTH TKAHU HE MPEBOCXOJUIA JecaTh TporeHToB. -
HAKO ITPUMEHEHHNE ITUX AJTOPUTMOB, IIPETHAZHAYEHHBIX JIJIsl AHAJIN3a N300pakeHni,
[TOJIyYE€HHBIX B IIPOXOJISIIIIEM CBETE, HEBO3MOXKHO JIJIsl OIPEJIEJIEHUS XaPaKTePUCTHK
TKAHBIX OCHOB KapPTUH M3-3a HAJIUYIUS HEIIPO3PATHOIO KPACOTHOIO CJIO.

B paGore [4] 6bL1 npesioKeH aJropuTM mojicyera HUTeil Ha n300paKeHUsIX X0JI-
CTOB, TIOJIy9EHHBIX B HAIIPABJIEHHOM OCBellieHnn. HampasieHHOe OCBeIeHre moraep-
KHBAJIO TPAHUIIBI HUTEH, ITO TO3BOJISIIIO OMPEIEJIUTD TapaMeTPhl XOJICTA, C OIIUOKOH,
HE IIpeBbIIIIaIOIILeﬁ O/IHY HUTH Ha CaAaHTUMETD. TaKaS{ BeJIMYNHAQ OHII/I6KI/I COOTBETCTBY-
er m3secTHEIM ajropurmaMm [1], [2], [3]. Oxuako npu anamuse m3obparKkeHuii oc-

Me>xgynapoaaas koHgepeanus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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HOB KapTul 1ocjie pecrappanuu (Hanpumep, “Iloprper kuskupr M.A. Boskonckoii”
@.C. PokoroBa) TOYHOCTH aJrOPUTMA CHU3UJIACH M3-3& CYIIECTBEHHOI'O MCKAXKEHUs
GBKTYpPBI X0JICTa, 1IOCIe 0OPAbOTKHU PEeCTABPAIMOHHBIMU MaTepuajaMu. 1aK Kak B
KOJLJTEKITUSIX MY3€€B PACTET KOJMIECTBO OTPECTABPUPOBAHHBIX KAPTHUH, BOZHUKAET
HEOOXOIMMOCTD Pa3PabOTKH aJrOPUTMOB, CIIOCOOHBIX 00ECIIEYNTD IPUEMIIEMYIO TOU-
HOCTb OIIPEJIeJICHHs] XaPaKTEPUCTUK XOJICTa TaKuX KapTud. B pabore [4] mwiorHOCTD
XOJICTA, BBIYUCJSIIACH [0 HECKOJBKUM (bparMeHTaM OJIHOTO M TOrO Ke M300pazke-
Husi. B mpejicrasiisiemoit pabore Jjist 60J1€e CUIBHOTO MMOYePKUBAHNST HUTEN XOJICTa
B OIIPeJIeJIEHHOM HAIIPABJIEHUN W ITOBBIIIEHWs TOYHOCTH IOJICYeTa HUTEl, mpejia-
raeTcs UCIO0JIb30BATh KOMOMHAIUIO IBYX M300PaXKeHUi XOJICTOB, 3a(UKCHPOBAHHBIX
IIPU OCBEIIEHNN C TPOTUBOIOJIOKHBIX Hanpasjenwuii. [Ipemiaraercs kKoMOMHUPOBATD
n300parKeHusT B YACTOTHON OOJIACTU U OMPENIEISITh KOJUIECTBO HUTEH IO THKAM I10-
JIy9eHHOTO KOMOMHUpOBaHHOTO Pyphe-crieKTpa.

Aanzopumm nodcuema numedi. IlpemraraeMplil aJropuT™M BKJIIOYAET MPOIEIY P
11pe100paboTKU N300pazkeHnii X0JICTa, OIePaIi JIMCKPETHOTO IIpeobpa3oBanus Py-
pbe 00pabOTAHHBIX M300parKeHni, KOMOMHIPOBAHUS MOJIyIeHHBIX 00pa30B, omepa-
MY TTOCTOOPAOOTKU U TPOIEIYPY aHAIN3a MUKOB KOMOMHUPOBAHHOTO CIIEKTPA.

IIporemypa mpemobpabOTKN BKJIIOYAET OIEPAINN I[BETOBOM PEIyKITNN, MACIITA-
OMpOBaHUsI, IayCCOBON (UIbTPAIMH, KBAJIA3AINUK I'MCTOIPAMMBI, KOMIIEHCAIUN
HepaBHOMepHOiT oceerennocTu. KombuanpoBanne Pypbe-00pa30B BBIMOJIHIETCS 10
MIPaBUILY:

Fe (u,v) = G{g [Il ((L’,yﬂ ’3[12 (‘T7y)]}a

rae Fe. (u,v) - kombunuposauusblii cuexkrp; G {} - upasuio; I (z,y) u Iz (x,y) - u306-
paXKeHusl XOJICTa II0CJIe TIPeIBaAPUTENbHOI 00pabOTKH; T,y - IPOCTPAHCTBEHHBIE KO-
op/HATHI; § [| - omepaTop JaucKperHOro npeobpasosanust Pypre; u, v - KOOPUHATHI
B 4acTOTHO obsactu. Jls mocyera KommaecTBa HUTEH Ha M300PaKEHUN BBITIOJTHSI-
1orcs caeyiomue onepanuu. (1) Tuckpernoe npeobpasosanue Pajona, npumense-
MO€ K M300parkeHni0 KOMOMHUPOBAHHOTO CIEKTPA:

H-1
R(v) = Z F.(u,v),
u=0

rae H - BepTuKaJbHBI pasMmep n300pazkeHHsi KOMOMHHPOBAHHOIO CIleKTpa. (2)
Oupe/iesieHre IPOCTPAHCTBEHHBIX YACTOT U1 M U2, COOTBETCTBYIONIUX IHKaM (QyHK-
muun R (v) BHe mHTepBana 40 or Havasa koopxuHar. (3) Ilomck mpocrpaHcTBEH-
HBIX 94CTOT U] M Uz, COOTBETCTBYIOIIMX MAKCUMYMAaM KOMOMHUDOBAHHOIO CIIEKTDA
F, (u,v) Ha 9acToTax v; u vy. (4) Beraucienne konmvecTsa HUTEH Ha KOMOUHUDYE-
MBIX M300parKeHUsIX [0 3HAYEHUSIM U1 U Usg, V] U Us.

Borucaumenvrod sxcnepumenm. C meiablo BEIGOpa MapaMeTpoB ajJrOPUTMa U
[paBUiIa KOMOMHUPOBAHNS, & TaKKe MOATBepKIAeHNs 3GOEKTUBHOCTH MPEJJIOXKEH-
HOT'O AJIIOPUTMa IPOBEAEH BBIYUCIMTENBHBI IKCHEPUMEHT. B KadecTBe BXOIHBIX
JIAHHBIX [IPEJIOZKEHHOIO AJArOPUTMa MCIOJIb30BAMNCH Hapbl dhororpaduii XoicTos,
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CHSITBIX [P HAIPABJIEHHOM OCBEIEHUH C TPOTUBOIIOJIOXKHBIX Hampasyennii. CbeMKa

MIPOU3BO/INJIACH C PACCTOSHUS TPUOTUIUTENHHO 21 — 25 CM NIPH TTOJIOXKEHUHN OCBETH-

TeJIbHOrO 1pubopa, 0beclieunBaloNMM IajieHne cBera B auarnasone yrioB 10 — 30

PaJIyCcOB OTHOCUTEJIBHO IIJIOCKOCTH KapTUHBL. CBET HAIPABJISLIICS [TOCJIEI0BATETHHO

CHU3Y, CBEPXY, CJIeBa U crpasa. M300parkeHnst XOJICTOB KapTUH (DUKCUPOBAJIUCH (-

posoit dorokamepoit NIKON D7100, ycranossienHoit Ha mrratuse. s Koppekiym

VUCKAKEHUIl U BBITOJHEHUS M3MEPEeHU!l Ha XOJICT HAKJIA/IbIBAJIACH KAJIMOPOBOYHAS

ceTKa ¢ marom 2,5 mM. Ha n3o0parkeHusIx BbIICISINCH (PPArMEeHThI Pa3MEPOM IIPH-

6sm3urensHo 2500 X 1900 muKceseit, 9To0 COOTBETCTBYET 00JIACTH XOJICTa 7,5 X 6 cM.

IIpu kombuaIpOBanHun Pyphe-00pa30B N300paKEHMIT B IKCIIEPUMEHTE ITPUMEHSIIOCH

[IPaBUJIO MAKCHUMyMa W IPABUJIO cpemHero 3muadenus. llopcder kommdecrBa HuTEH

BBIIIOJIHSAJICS. KaK 10 OJMHOYHOMY M300pazkeHuio (6e3 KOMOMHUDPOBAHUSI) TaK W II0

ape uzobpazkenuii. [losydens! ciemgyomue pe3ysbrarbl. CpejHss omubKa 1oIcye-

Ta, KOJIMYEeCTBA HUTEH 110 OJHOMY U300parkeHuto cocrasuiia 0,3 HUTH HA CAHTUMETD.

Cpemasist omubKa moJIcyeTa KOJUIECTBa HUTEH 10 mape n300paKeHuil yKa3aHHOrO

BBIIIIE pa3Mepa P UCIOJIb30BAHUH [TPABIIA KOMOMHIPOBAHUS 110 CPETHEMY 3HATE-

uuio cocramwia 0, 14 autu Ha cantumerp. [Ipu sToM omwubka onpeseseHns TOJIIH-

Hbl HUTH He npesblimasa 0,0136 MM npu u3MepeHnn 10 OIMHOYHOMY U300PaKeHHIO 1

0,007 MM 1Ipu U3MEpEHUN 10 TTape u3odbpazkenunii. B ciydae kombunuposanus Oypbe-

CIIEKTPOB TI0 MPAaBUJIy MAKCHUMYyMa OINIMOKNA M3MEPEHUU YMEHBIIWINCh TPUMEPHO B

moTopa pasa. KoHTpoJIb TPABUIBHOCTH TOJCYETA KOJIMIECTBA HUTEH BBIMOJIHSIICS

BPYYHYIO.

Buieodvi. Takum 06pa3oM, IIpejI02KEeHHbI aJIrOPUTM Ha OCHOBE KOMOMHUPOBAHUSI
n300paKeHN TTO3BOJISIET OINPE/IENIATh XaPAKTEPUCTUKN XOJICTOB KAPTUH C UCKAYKEeH-
HO#t bakTypoii. TouHOCTE N3MEPEeHMiT TPEBOCXOIUT TOYHOCTH IPUMEHSIBITUXCS PAHEE
aaropuTMoB. [IpejioKeHHbIi aJTOPUTM MO3BOJSIET YIPOCTUTD U YCKOPUTH ITPOIIECC
[TO/I'OTOBKU M300parKeHUIl [IJIsi aHAJIN3a, HOCKOJIBbKY JIJIsi U3MEPEHUil B OJHOM Ha-
paBjieHUN HUTeN (OCHOBBI HJIM YTKA) MCCJELYeTCsl TOJBKO OfuH (hparMeHT BMeCTOo
TpexX WM YETHIPEX B aJIFOPUTME, OIIUCAHHOM B padore [4].
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An algorithm for counting the threads of painting canvases based
on combining the Fourier transforms of images obtained in raking
light
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"Moscow, FRC CSC RAS
2Moscow, State Historical Museum
3Moscow, Glazunov Academy

In this work, a new algorithm for calculating the characteristics of canvases of
paintings from images is proposed. The novelty of the algorithm lies in using of pairs
of images captured in raking light and combining image patterns in the frequency
domain.

One of the methods for dating fine-art paintings is to identify the manufacturer
and date the production of the canvas. The main characteristics of canvases that
are used in the attribution of paintings are the density of the fabric in the directions
of the warp and weft, the diameters of the warp and weft threads, as well as the
graininess of the canvas. To compute the density of the fabric, it is necessary to count
the number of threads in the sample. Traditionally, threads counting was carried out
manually. This operation is quite laborious and is accompanied by errors, especially
if the threads are thin enough. In work [1], a mathematical model of weave patterns
was proposed, and a semi-automatic algorithm was developed for measuring the
canvas density of paintings from X-ray images. The algorithm is based on filtering
in the Fourier domain and analyzing the Fourier spectrum peaks. In [1] the authors
reported that the best of several spectrum-based algorithms achieved an accuracy
within one thread/cm in 95% of canvas density measurements. If lead white paint
has been used for creating the painting, then X-rays may not provide the required
information for analysis. In this case, it is necessary to use im-ages taken in other
spectral ranges. To control the density of the fabric in textile production, a number
of algorithms based on image filtering in the frequency domain and thresholding
have been developed [2], [3]. The error of threads counting in fabric samples of
plain structure did not exceed 10%. Despite the fact that the considered methods
developed for analyzing images of fabrics obtained in a transmitted light provide
acceptable results, they cannot be applied to analyze painting canvases, because the
paint layer of paintings is opaque.

In work [4], an algorithm for counting threads on canvas images obtained in
raking light was proposed. Raking light emphasized the boundaries of the threads,
which made it possible to count canvas threads with an error not exceeding one
thread per centimeter. This error value corresponds to known algorithms [1], [2],
[3]. However, when analyzing canvas images of paintings after restoration (for ex-
ample, “Portrait of Princess M.A. Volkonskaya” by F.S. Rokotov), the accuracy of

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



Image processing, computer vision 263

the algorithm decreased due to a significant distortion of the texture of the canvas
after processing with restoration materials. As the number of restored paintings
grows in museum collections, it becomes necessary to develop algorithms that can
provide acceptable accuracy in computing the characteristics of the canvas of such
paintings. In work [4], the density of the canvas was computed from several samples
of the same image. In the present work, in order to emphasize more strongly the
threads of the canvas in a certain direction and improve the accuracy of counting the
threads, we propose to use a combination of two images of canvases fixed under illu-
mination from opposite directions. We propose to combine images in the frequency
domain and evaluate the number of threads from the peaks of the combined Fourier
spectrum.

Thread counting algorithm. The proposed algorithm includes procedures for pre-
processing canvas images, operations for discrete Fourier transform of processed im-
ages, combining the obtained patterns, post-processing operations, and a procedure
for analyzing combined spectrum peaks.

The preprocessing procedure includes operations of color reduction, scaling,
Gaussian filtering, histogram equalization, uneven illumination compensation. The
combination of Fourier images is performed according to the rule:

F. (U,’U) = G{S [Il (x’y)] ’3[12 (x,y)]},

where Fp (u,v) is the combined spectrum; G {} is the rule; I (x,y) and I (z,y) are
pre-processed canvas images; x,y are spatial coordinates; § [| is the discrete Fourier
transform operator; u,v are coordinates in the frequency domain.

To count the number of threads in an image, the following operations are per-
formed. (1) Discrete Radon transform applied to the combined spectrum image:

H-1
R(v) = Z F. (u,v),
u=0

where H is the vertical size of the combined spectrum image. (2) Evaluating the
spatial frequencies v1 and vo corresponding to the peaks of the function R (v) outside
the interval +§ from the origin. (3) Evaluating the spatial frequencies u; and wus
corresponding to the maxima of the combined spectrum F (u,v) at the frequencies
vy and ve. (4) Computing the number of threads in the canvas images from the
values of u; and ug, v; and vs.

Computational experiment. In order to select the parameters of the algorithm
and the combination rule, as well as to confirm the effectiveness of the proposed
algorithm, a computational experiment was carried out. As an input to the pro-
posed algorithm, we used pairs of photographs of canvases taken under directional
illumination from opposite directions. The shooting was carried out from a distance
of approximately 21 — 25 ¢m with the position of the lighting device illuminating
the surface of the painting canvas at an angle of 10 — 30 degrees. The light was



264 O6paboTka U aHAJIN3 U300PaAKEHU, KOMIIIOTEPHOE 3PEHHe

directed sequentially from below, above, left and right. Images of painting canvas

were recorded with a NIKON D7100 digital camera mounted on a tripod. To cor-

rect distortions and perform measurements, a calibration grid with a step of 2.5 mm

was superimposed on the canvas. Fragments of approximately 2500 x 1900 pixels in

size were selected on the images, which corresponds to a canvas area of 7.5 X 6 cm.

When combining the Fourier patterns of images in the experiment, the maximum

rule and the mean value rule were applied. Thread counting was performed both in

single images (without combining) and in pairs of images. The following results are

obtained. The average thread count error for a single image is approximately 0.3

threads per centimeter. The average error in counting the number of threads for a

pair of images of the mentioned above size when using the average value combination

rule is equal to 0.14 threads per centimeter. In this case, the error in measuring the
thread thickness did not exceed 0.0136 mm when measured from a single image and

0.007 mm when measured from a pair of images. In the case of combining the Fourier

spectra according to the maximum value rule, the measurement errors decreased by

about one and a half times. The control of the correctness of counting the number
of threads was carried out manually.

Conclusions. The proposed algorithm based on combining images measures the
characteristics of painting canvases with a distorted texture. The accuracy of mea-
surements exceeds the accuracy of previously used algorithms. The proposed al-
gorithm simplifies and speeds up the preparation of images for analysis, since for
measurements in one direction of the threads (warp or weft), only one sample is
examined instead of three or four in the algorithm described in the paper [4].

[1] Johnson D. H., Johnson C., Klein A. G., Sethares W. A., Lee H., Hendriks E. A
thread counting algorithm for art forensics // 2009 IEEE 13th Digital Signal Processing
Workshop and 5th IEEE Signal Processing Education Workshop, 2009. — p. 679-684.

[2] Pan R., Gao W., Li Z., Gou J., Zhang J., Zhu D. Measuring thread densities of woven
fabric using the fourier transform // Fibres & Textiles in Eastern Europe, 2015.

[3] Aldemir E., Ozdemir H., Sar1 Z. An improved gray line profile method to inspect the
warp—weft density of fabrics // The Journal of The Textile Institute, 110(1), 2019. —
p. 1-12.

[4] Murashov D.M., Berezin A.V., Ivanova E.Yu. Algorithms Based on Maximization of
the Mutual Information for Measuring Parameters of Canvas Texture from Images //
Lecture Notes in Computer Science, 12665. 2021. — p. 77-89.
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AHanu3s undpoBbix M300pa>keHnii CoOMHEYHbIX NATEH HA OCHOBE
HenpepbIBHOW Mopdoaornyeckon moaenm

Mecmeuxuti JTeonud Mouceesun' Mestlm@mail.ru
Bepbep Kupuaa Andpeesun' Berberkirill@mail.ru
'Mocksa, MI'Y, xadexpa MMII

CoJtHevHbIE ATHA — 9TO OTHOCUTEIHHO TéMHBIE oOsactu Ha CoOJIHIE, XOPOIIO Ha-
OJtrojlaeMble ¢ 3eMJI B pasyindHbix obcepBaropusix. KosmmdaectBo, bopma u pacro-
JIO’)KEHUE COJTHEYHBIX IISIT€H HUCIOJIB3YEeTCs ISl PACUYETOB IMOKa3aTeseil COTHETHOM
MarauTHOM akTuBHOCTH. OIIEHKA IIapaMETPOB IISITEH BBIIOJIHAETCS HAa OCHOBE aHa-
Jin3a MUPOBBIX N300parKEeHU COJTHEYHOTO JUCKa, BBICOKOTO pasperienusi. [Ipu aTom
TPAIUIINOHHO HCIIOIB3YIOTCS JUKPETHBIE MOIEN U METOIbI 00pabOTKU m300pazke-
HOU [STEH, OCHOBAHHBIE HA MPOCMOTPE, CETMEHTAIINU U IIO/CYeTe MUKCeseil n300-
paxkenwusi. JIucKpeTHble MOJIEN TATEH CJIOXKHO MCIIOJIb30BATH JIIsT aHAM3a (OPMBI
IsAT€H, BBIYUCJICHUA KOJUYECTBEHHbIX IIPU3HAKOB, B 9aCTHOCTH, IIJIOI[Q/U U II€pU-
Merpa. HeobXomMo yInuThIBaTh, 9TO (paKTUIECKIE PA3Mephl 3JIEMEHTOB COJIHEYHOM
ITOBEPXHOCTHU, COOTBETCTBYIOIIUX ITUKCEJIsIM, CYIIECTBEHHO 3aBUCAT OT IIOJIOXKEHUS
nuKceseil Ha COoJHEYHOM jucke. llpm dopmupoBaHuu rpymni msaTeH OOBIYHO IISAT-
HA PACCMATPUBAIOTCS KAK TOYEUHbIE OOBEKTHI, UX I'PYIIHPOBAHUE OCYIIECTBIISIET-
CsI IO PACCTOSTHUIO MEXK/Ty 9TUMHU TOYKaMU. [IpH TakKoM HOJX0JIe MOTYT TIOJIY9aThCs
HEKOPPEKTHbBIE PE3YJIBTATHI B TEX CJIYYasiX, KOIJa ISITHA UMET OOJIbIINe pa3Meph
U HEIPABWILHYIO (DOPMY.

[Ipemraraemerit mogxon K anaaun3y (GOPMBI U PACIIOJIOXKEHUsS] COJIHEUHBIX IIs-
TEH OCHOBBIBAETCs HA [IOCTPOCHUU HEPEPBIBHOI Mopdosorundeckoit Mogesu [1] mis
n300paskeHnsi COTHEYIHOTO ancka. HemnpepbiBHas MOpP@OIOTHIECKass MOJAESTb IIPel-
craBjisieT coboii MHOTOCBSI3HYIO MHOIOYTOJIbHYIO (DUIYpPYy U €€ MeauasibHOe Ipejl-
CTaBJIEHNE, BKJIOYAIONIEE CPEAMHHYIO OCh (MHOXKECTBO TOYEK-IEHTPOB BIUCAHHBIX
OKPY2KHOCTEl) U paIuajbHyio PYHKIMIO, PABHYIO PAJUNYCy BIUCAHHONW OKPYKHOCTH
B TOYKAaX CpeIuHHOI ocu. MHOrOyrosibHast (GUrypa MCIoab3yeTcs M AlllPOKCAMa-
MU ¥ aHaJIu3a (OPMBI COJTHEUHBIX IISITEH, & CPEINHHAS OCh — JJIsT (DOPMUPOBAHUS
CPYIII IISATEH.

MHuoroyroibHas (pUTrypa CTPOUTCsT IIyTEM AIMIPOKCUMAIUN OMHAPHOIO M300pa-
JKEHUsI COJTHEYHOI'O JUCKA TaK HA3BIBAEMBIME PA3JIEJISIONUMA MHOTOYTOJbHUKAMUI
MUHUMAJIBHOTO TIepUMeTpa. B pe3ysbTare TakKoil ANMPOKCHMAIUN BCE COJIHEIHBIE
[ISITHA OIICHIBAIOTCS HETIEPECEKAIOIIMMICST ITPOCTHIME MHOTOYTOJIbHUKaMu. Koopiu-
HATBI BEPINUH MHOTOYTOJBHUKOB Jajiee TIePEeCUUTHIBAIOTCS M3 CHCTEMbI KOODIUHAT
n300paykeHusi B CUCTEMY KOODJIUHAT COJIHETHON 1OJIyc(ephl.

CxkeJjter purypsl npejicraBisier coboil IIOCKuil reOMeTpruIecKuii rpad Ha COJTHEU-
HOM mucke. Kaxkoe maTHO JIeXKUT BHYTPHU OTIEIBHOM rpanu 3Toro rpada, a pébpa
COCTOSIT U3 TOYEK IEHTPOB IIYCTBIX OKPYKHOCTEl, KACAIONUXCST MHOTOYTOJbHUKOB,
OTIMCHIBAIONIIX I'PAHUIBI TsgTeH. OKPYKHOCTH, UMEIOIIAEe PAJINYyC MEHBIIE 33 IaHHO-
ro IOPOrOBOIO 3HAYEHMs, KACAIOIIMECs IBYX Pa3HBIX MHOTOYTIOJBHUKOB - Pa3HBIX

Me>kgynapoanas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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[I5IT€H, HA3BIBAIOTCA OIMOPHBIME. VIMEHHO OIOpHAs OKPYKHOCTH OIIPEIEIAeT PACCTO-
sAHIE MeXJy Tapoil naTeH. 1lo 3TUM momapHBIM PACCTOSAHUAM MEXKIY COCEIHUMHU
[ATHAME Jlajiee NPOU3BOAUTCs Tpynnuposanue usited (Puc. 1).

Puc. 1. 'pynnupoBanue Ha OCHOBE BHEINHEH CKejeTe3anuu nsareH (ciaesa). MunnmaabHbie
OKPY>KHOCTH, Kacaloll[iecsi Pa3/IMYHbIX KJIACTEPOB (clpaBa).

DKCIIEPUMEHTBI MTOKA3AJINA, 9TO TaKas MOJIEIb (DOPMUPOBAHUS IISTEH MTO3BOJISIET
boJiee aJIEKBATHO OMMCATH COCEICTBO ISTEH [0 CPABHEHUIO C CYIIECTBYIOMIAME Me-
TONAMU TPYNIUPOBaHUsl [2| B CIydae, KOTJa UX PasMepbl CHJIBHO OTJINTAIOTCS OT
TOYEUHBIX 00beKTOB. MoieimpoBaHue MsITeH ¢ TIOMOIIBIO ATIIPOKCUMUPYIOIIIX MHO-
rOYTOJIBHIUKOB ITO3BOJIsIET 0OJIee TOHKO IIPOAHAJIU3UPOBATH (POPMY IISTEH, B YaCT-
HOCTH, BBIJIEJIUTH T€ U3 HUX, KOTOPbIE MMEIOT 0C000 CiokHYyI0 dopmy. B kadectse
rmapamMeTpa i OIMEHKH CJIOKHOCTHA (POPMBI MCCJIeI0BaICT KO3 duiment k = %,
rie P - nmepumerp msiTHa, S - €ro ILIOMATb.

Puc. 2. Crenens BoiTsnyTOoCcTH NATHA 3.76.
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10T K03 DUIMEHT, YCJIOBHO HA3BAHHBIN KO(DMUIINEHTOM BBITSIHYTOCTH, JIETKO
BBIYUCJIAETCS JIJIsI AlllIPOKCUMUPYIOIIEr0o MHOTOYTOJIBHUKA TISITHA C YI6TOM KOPPEK-
(MU BEPINUH [IPU [ePecuére B CUCTEMY KOODJMHAT cojtHeuHol nosycdepst (Puc. 2).

B uccnenoBannu Ha OCHOBE aHAJM3a CJIOXKHOCTH (DOPMbBI COJTHEUHBIX IISITEH BBI-
JBUHYTA TUIIOTE3a O CBI3M ITOIO MOKA3ATENs ¢ moKa3areasiMu akTuBHocTH COJTHITA.

[Ipenaraercst cOMOCTABIATH KayKIoMy nu3obpaxkeruto COJTHIA HAUOOBIHI 13
Bcex Koa(ddurmenTon k Beex maTeH Ha 3TOM m3obpazkennu. [IpeaBapurenbHbie SKC-
[IEPUMEHTBI, OCHOBaHHbIE Ha CPABHEHUU OOIIENPUHATHIX WHJIEKCOB U3MEPEHMS COJI-
HEYHOU aKTUBHOCTH C IIPEJJIOXKEHHBIM B paboTe, IOKA3a/Il, YTO UMEETCs] 3HAUNTE b
Hasl KOPPEJIANsT MEXK/Ty COTHETHON AKTUBHOCTBIO 1 MOPQOJIOrueil maTeH: dem 00J1b-
1€ COJTHEYHAs aKTUBHOCTD, TeM DOJiee HePABUIbHBIME OYIyT (DOPMBI ISATEH U TEM
OoBIIUME OYIyT UX KOIMDPUITNEHTHI CTEIEeHN BLITAHYTOCTH.

F 3Ha4eHMA NHAGKCOB aKTUBHOCTM. Bce

— pettsindex SN
—— The Wolf number

— Total spotarea

— Elongation degree Index

Pettisindex SN

The Wolf number

Total spot area ! ! X --0.25

Elongation degree Index

o
oo

: T
Homep usobpaxeHus

Puc. 3. HopmanusupoBaHHble 3HAYEHUS UHIEKCOB COJIHEYHON akTUBHOCTH (cieBa). Mar-
puria Koppessnuu Ilupcona (cupasa).

B dunanbHO#l yacTu pabOTHI MPECTABIEHO CPABHEHUE OIMMCAHHOIO BBIIIE IIPH-
3Haka akTuBHOCTH COJIHIIA C y2Ke CYIIECTBYIOIUMU KJIACCH(DUKAIUSIMU COJTHETHOMN
AKTUBHOCTH, & TaKXKe I0JCcYeT cooTBeTcTBYIomux Koppensnuit (Puc. 3). Marpuna
koppessituu [Tupcona cTpouTest MeKy HOPMAJTU30BAHHBIMU 3HAUEHUSIMU UHIIEKCOB
COJIHETHOI AKTHBHOCTHU U TIPEJJIOKEHHOTO B pabOTe WHJIEKCA, OCHOBAHHOTO HA KO-
¢ duImeHTe Crelenn BITSIHYTOCTH IsiTeH. B paboTe mpOC/Ie?KuBaeTCss KOPPEJISIIIHST
MEXK/Iy JIaHHBIMU BeJIMYMHAMU. BoJiee MaciiTabHble SKCIEPUMEHTHI ITPE/IITOIAraeTCs
[IPOBECTHU B JAJBHEHIINX UCCIETOBAHUSIX.

Pabora mogmep:xana rpaarom PODU No. 20-01-00664.

[1] Mecmeuyxut JI. O HenpepbiBaas mopdosorust GMHAPHBIX U300payKeHuit: GUrypsl, cke-
JieThl, UPKyJIsapbl., Mocksa: @VISMATJINT, 2009.

[2] Trung T. A Hybrid System for Learning Sunspot Recognition and Classification, Cheju,
Korea: IEEE, 2006.
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Analysis of sunspots on digital images based on a continuous
morphological model

Mestetskiy Leonid" Mestlm@mail .ru
Berber Kirill'x Berberkirill@mail.ru
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Sunspots are relatively dark areas on the Sun that are easily visible from Earth
at various observatories. The number, shape and location of sunspots are used to
calculate solar magnetic activity. The estimation of sunspot parameters is based
on the analysis of high-resolution digital images of the solar disk. In this case,
discrete models and methods for processing images of spots are traditionally used,
based on viewing, segmentation, and counting image pixels. Discrete spot models
are difficult to use for analyzing the shape of spots, calculating quantitative features,
in particular, area and perimeter. It should be taken into account that the actual
size of the solar surface elements corresponding to pixels depend significantly on
the position of the pixels on the solar disk. When forming groups spots are usually
considered as point objects, their grouping is carried out according to the distance
between these points. With this approach, incorrect results can be obtained in cases
where the spots are large and irregular in shape.

The proposed approach to the analysis of the shape and location of sunspots is
based on the construction of a continuous morphological model [1] for the image of
the solar disk. A continuous morphological model is a multiply connected polygonal
figure and its medial representation, including the median axis (a set of points-
centers of inscribed circles) and a radial function equal to the radius of the inscribed
circle at the points of the median axis. The polygonal figure is used to approximate
and analyze the shape of sunspots, and median axis is used to form sunspot groups
(Fig. 1).

The polygonal figure is constructed by approximating the binary image of the
solar disk with the so-called separating polygons of the minimum perimeter. As
a result of such an approximation, all sunspots are described by non-intersecting
simple polygons. The polygon vertex coordinates are recalculated from the image
coordinate system to the solar hemisphere coordinate system.

The skeleton of the figure planar geometric graph on the solar disk. Each spot
lies inside a separate face of this graph, and the edges consist of the points of the
centers of empty circles tangent to the polygons that describe the boundaries of
the spots. Circles with a radius less than a given threshold value, touching two
different polygons - different spots, are called reference. It is the reference circle
that determines the distance between a pair of spots. According to these pairwise
distances between adjacent spots, the spots are further grouped.

Experiments have shown that such a model of spot formation makes it possible
to more adequately describe the neighborhood of spots, in comparison with the

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Fig. 1. Grouping based on the external skeletonization of spots (left). Minimal circles
tangent to different clusters (right).

existing [2] grouping methods, in the case when their sizes are very different from
point objects.

Modeling spots using approximating polygons makes it possible to analyze the
shape of spots more finely, in particular, to identify those that have a particularly
complex shape. The coefficient k = %, where P is the perimeter of the spot, S
is its area, was studied as a parameter for estimating the complexity of the shape.
This coefficient, conventionally called the elongation coeflicient, is easily calculated
for the approximating sunspot polygon, taking into account the correction of the
vertices when recalculated into the coordinate system of the hemisphere sun (Fig.
2).

Fig. 2. The elongation coefficient 3.76.

In the study, based on the analysis of shape of sunspots, a hypothesis was put
forward about the relationship of this indicator with indicators of solar activity.
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It is proposed to assign to each image of the Sun the largest of all coefficients k of
all spots in this image. Preliminary experiments based on a comparison of generally
accepted indices for measuring solar activity with those proposed in the work showed
that there is a significant correlation between solar activity and sunspot morphology:
the greater the solar activity, the more irregular the sunspot shapes and the greater
their elongation.

3HaYeHNA UHAEKCOB aKTUBHOCTH. Bce

Pettisindex SN

The Wolf number

Total spot area

Elongation degree Index

3 B
Homep n3obpaxerus

Fig. 3. Normalized values of solar activity indices (left). Pearson’s correlation matrix
(right).

In the final part of the work, the sign of solar activity described above is compared
with the already existing classifications of solar activity, as well as the calculation
of the corresponding correlations (Fig. 3). The Pearson correlation matrix is con-
structed between the normalized values of the solar activity indices and the index
proposed in the paper, based on the sunspot elongation coefficient. The paper traces
the correlation between these values. Larger scale experiments are expected to be
carried out in future studies.

This research is funded by RFBR, grant No. 20-01-00664.

[1] Mestetskiy L. Continuous morphology of binary images: figures, skeletons, circulars.,
Moscow: FIZMATLIT, 2009.

[2] Trung T. A Hybrid System for Learning Sunspot Recognition and Classification, Cheju,
Korea: IEEE, 2006.
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OLl,eHKa paBHOMEPHOCTN MOMEHTOB OTCHETOB BO BpeMEHHDbIX
psapax

Xucmamyaaur Baadumup Bumanavesun'x vladimirkhismatullin@gmail.com
Maiicypadse Apuun Heepuesur' maysuradze@cs.msu.ru

'Mocksa, MT'Y umenn M. B. JTomonocosa

CoBpeMeHHOe TTPOU3BOACTBEHHOE 000PYIOBAHNE, HAIIPUMED Ha ITPOMBIIIIEHHBIX
MPEIIPUSITUIX, COMEPKUAT COTHU PA3JIUIHBIX JIATINKOB, TOCTOSTHHO KOHTPOJIADYTO-
IMAX TPOU3BOACTBEHHBIN mportecc. VrdopMmarius ¢ 7aTInKoB cobupaercss u obpaba-
THIBAETCs Ha IPOrpaMMEUpyeMbIX jiorndeckux Kourposuiepax (IIJIK), yupasisiomux
[IPOIIECCOM IIPOU3BOACTBA. Tak Kak cucreMbl coopa manubix, Hanpumep SCADA, pa-
6oraror ¢ [IJIK, a He ¢ maTunkaMu HAIPSMYTO, TO 3HAYEHUS C JTATUYNKA TOCTYIAIOT B
cUCTEMYy He Yepe3 paBHbIE ITPOMEXKYTKU BpeMeHd. [109ToMy IIpu MHOTOKDATHOM 3a-
IpOCe JIAHHBIX MOYKHO TOBOPHUTE O TOJIYyY€HUH BPEMEHHOTO Psijia ¢ HePABHOMEPHBIMU
MOMEHTAMH OTCYETOB.

Cy1iecTByeT HECKOJIBKO CIocoboB mnosiydarsh gaHnubie ¢ IIJIK, ogHako ckopocTh
U Ka4eCTBO IMEPeJlavn JAHHBIX KaXKJ0r0 U3 HUX CUJIBHO 3aBUCUT OT 3arPy2KEHHOCTH
U TPOIYCKHO# CHOCOOHOCTH JIOKAJBHON CeTH, a TaKyKe HAUPY3KH Ha OIMPAINBae-
Moe ycTpoitcTBo. IMeHHO mosTOMY Mocje 3aIycKa JII0OOro pereHnst HyKHO UMETh
BO3MOXKHOCTH OIEHUTH KadecTBO cHopa maHubix. OJHUM U3 OCHOBHBIX ITOKa3aTesei
KavyecTBa cOOpa BPEMEHHBIX PSIJIOB SIBJISIETCS PABHOMEPHOCTH MOMEHTOB BPEMEHU T1e-
pelladn JaHHBIX.

Beenem o6osnauennst. [Tycrs {(t;, X (¢;))}';— aHanusupyemblii BpeMeHHOM DsiI.
Hanee zuavenus X (t;) He IPEJCTABIISIOT MHTEPECA, AHAIU3UPYIOTCA TOJHKO MO-
MEHTBI BpeMEHHM Npuxoja JaHHbIX ;. Ilycte {A; = t;11 — ti}?;ll—mmeI 3a-
JIEPXKEK MEXKJIy MPUXOJIOM TOCJeayiomux 6jokoB mHbopManun. Psii HazbiBaeTcs
PaBHOMEDPHBIM, €CJIM MOMEHTHI t; 00pPa3yoT apudMeTHIeCKyIO IIPOIPECCUI0, MHBIMU
caoBamu, eciau Bee A; paBHbl. JIaHHOE YC/IOBHE BO MHOI'UX IIPUJIOKEHUSX CJIUIII-
KOM CHJIBHOE, TIO9TOMY Ha MPAKTUKE IMPOBEPSIETCST CTATUCTUIECKAS] PABHOMEPHOCTD:
tl, tQ, ceey tn—la tn ~ U(a, b)

HeymobcTBo cocTonT B TOM, 9TO TPAJUIIMOHHBIE CTATUCTUICCKAE KPUTEPUU PAB-
HOMEPHOCTH IIJIOXO UHTepPIpeTupyeMbl. 1Ipu aHa/Mm3e paBHOMEPHOCTH IIPUXO0J1a, JIaH-
HBIX BBIJEJISeTCs B OCHOBHBIX THUIIA HAPYIIEHUN: 3aJepXKKK B IIPpUX0Je WHMOpMa-
U, BhIpaXKaeMble BhIOpocaMu cpejin A\; U KaueCTBEHHbIE U3MEHEHUsT CKOPOCTHU TIPH-
xo71a THMOPMAIINHT, BhIpaXKaeMble U3MeHeHneM pactpeesenus: A;. B pabore mpe-
JlaraeTcst HOBBIH CcIocob OTEHKN PpaBHOMEPHOCTH, 0bJIagaromeit 6orbimeit nadopma-
TUBHOCTBIO JIJIsI TIOJIb30BATEIeI.

[Ipemraraembiii METOM, OCHOBAH Ha M3BECTHBIX IOJIXOJaX K pa3OHMeHUI0 psija Ha
«OIIHOPOJIHBIE» CErMEHTHI. B dacTHOCTH, IpejiaraeMoe perieHrne UCIob3yeT U0
noncka Touek m3meHenusi (change point detection) [1], koTopast cocTout B cireryio-
mem. Ilycts Habopy nnmekcoB 1 = ig < i1 < iy < -+ < iy < i1 = N+ 1 comocras-
JsieTcst pa3OUeHne BpEMEHHOIO psijia Ha m + 1 cerMeHT x5, ., = {t;]j € [ip—1, ik —

Me>xgynapoaaas koHgepeanus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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—1]}. Torpa dyukuuona kadecTBa pazbueHus psjia Ha OJHOPOHbIE CEIMEHTHI UMe-
eT CJIeIyIomuil oomuit BUI:

m—+1

Q(ilv 7Zm) = Z C(xik—liik) + R(m)v

k=1

rje R(m)— wieH, peryJupymommil CJI0KHOCTb MOJEINn (KOJIMIECTBO UHJIEKCOB), a
HEOTPHUIATE bHBI (YHKIIMOHAI KadecTBa pasbuemnust cermenta C(x;.;) BoIOHpaeTCcs
UCXOJST U3 COJlepKaHus 3aadu. JlJist aHamn3a paBHOMEPHOCTH B KadecTBe (OyHKITH-
OHaJIa MBI BBIOpAJIU CpeJHEKBaAPATUIHOE OTKJIOHEHNE Ha CETMEHTE.

Pesynbrarom Munnmuzanuu GyHKIuoHaNa (i1, ..., 1) 0 BCEBO3MOXKHBIM HA0O-
pPaM WHJIEKCOB SIBJISETCS HADOP TOYEK M3MEHEHUS PsiJia

(Mm* 47,45, ey i) = argmin  Q(i1, ..., im)-
m,(i1,82...,0m )
1<i1<ig...<im<n
B kauecTBe Mepbl pABHOMEPHOCTH IIPEJJIAraeTCs B3ATh UUCJIO, ABJISIOMEECT OTHO-
HICHAEM KadeCTBa Pa3OUEeHUs ¢ yIeTOM TOYeK U3MEHEHU K 3HAYeHUIO (DYHKINOHAJIA
B IIEJIOM
1 m*+1

0< 57— Clxir 4+) | <L
C(xlm) ; ( k—1 k)

IIpenmytecTBO JAHHOW MEpBI 3aKJII0YAETCS B WCIOJH30BAHUE UHMOPMAIAN O
CHCTEeMATUIEeCKNX U3MEHEHMSAX, & UMEHHO TOYKAX IMEPEXOJa W yUeTe CBA3U MEXKY
COCETHUMU 3HAYEHUSIMU Psjia JIHH 3aJiepKek. [[puBeéM MpoCcTyio UILTIOCTPAITUIO.
Hormyctum, uro HekoTopoe Bpemst uHdopmarust ¢ IIJIK npuxomauia ¢ ogHOM 3a1epxK-
KO, a mocJte c0os JIJINHA, 3aJeP>KKIA N3MEHUIACh. B 3TOM cjIydae psiji MOYXKHO Pa30OuTh
HA JIBA PABHOMEPHBIX CerMeHTa, T. €. Aj = Ag = ... = A; # Ajy1 = Ajyo = ... =
= A, _1. s 1aHHOrO HEPABHOMEPHOI'O PsiZa BBEIEHHAsI Mepa paBHOMEpHOCTH Oy-
JieT OJTM3Ka K HYJII0, B TO BpeMsI Kak p-value mpuHa JIe2KHOCTH t1, ..., t,, PABHOMEPHO-
MY PacCIpeJCJICHUI0 MOXKET JOCTUTATh CIUHUIIBI U 3aBUCUT OT 3HAYCHUSI OTHOIIECHUS

DKCIIEpUMEHTAIbHOE WCCJIEOBAHNE OBLIO MPOM3BEICHO HA PEabHBIX JAHHBIX,
[TOJIy 9€HHBIX C IPOMBIIILIEHHOTO ITPOU3BOICTBA HATNTKOB. 1Ipeamaraemprit MeTo, mmo-
Ka3aJI JIyqiliee Ka9eCTBO B TEDMUHAX UHTEPIPETUPYEMOCTH pesyibraTta. C omgHol cTo-
POHBI, IIOCJIEe IIPABUJIBHOIO HOJ00pa (OYHKIMOHAJA PErYISPU3AINU, aJITOPUTM CIIO-
cobeH ydecTb Bce cucreMarnydeckue Boiopockl. C pyroii, Ha cerMeHTax psijia, CoJep-
KAIMUX COOU, BBIPAYKAIOIINECs] N3MEHEHHEM CKOPOCTH BpeMeHn cOopa JIaHHBIX, Mepa
OKa3bIBaeTCd OM3Ka K HyJ10. EIMHCTBEHHBIM HEIOCTATKOM OTHOCHUTEIBHO 0A30BBIX
METOJIOB SIBJIFE€TCS HEOOXOAMMOCTD IT000Pa TUIIEPIAPAMETPOB PEryJIAPUIAIIIH.

Pa6ora eimonnena npu nogaep:xke HOI MI'Y «Mo3r, KOrTHUTUBHBIE CUCTEMBI,
ncKyccTBeHHbIN nnTeanexkTy, HUP MI'Y 5.1.21, rpanta POPU No. 20-01-00664.
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[1] R. Killick, P. Fearnhead, and 1. A. Eckley Optimal detection of changepoints with a
linear computational cost // Journal of the American Statistical Association, vol. 107,
no. 500, pp. 1590-1598, 2012.
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Sampling Uniformity Evaluation of Moments in Time Series

Khismatullin Viadimir'« vladimirkhismatullin@gmail.com
Maysuradze Archil' maysuradze@cs.msu.ru

'Moscow, Lomonosov Moscow State University

Modern production equipment, such as the one used in production lines, contains
hundreds of different sensors controlling the manufacturing process. The information
from these sensors is collected and processed with the use of programmable logic
controllers (PLCs), which are also responsible for the control of the manufacturing
process. Since data acquisition systems, such as SCADA, interact directly with
PLCs, sensors measurements may enter the system with different delays between
timestamps. Thus, repeated process of collecting data from these devices results in
a time series with irregular sampling time.

There are several ways of collecting data from PLC, each of which has different
speed and quality of transmission. Both characteristics are heavily dependent on the
network congestion and capacity as well as the capacity of the device itself. That is
why in order to compare implemented algorithms, it is necessary to have the ability
to evaluate the quality of resulting time series. The uniformity of sampling time is
one of the main indicators of quality of data collection process.

In order to proceed, we first need to clarify some definitions. Assume
{(t;, X (t;))}1—, is the analyzed time series. Values X (t;) are not considered in
this work. The only analyzed object is the series of data arrival timestamps ¢;.
The sequence {A; = t;11 — ti}?z_ll denotes the series of delays between consecutive
data arrival timestamps. In this notation a time series is called uniform, if arrival
times t; form an arithmetic progression, i. e. A; is constant. This condition is very
strong and in practice is substituted with the condition of statistical uniformity :
t1to o tno1, tn ~ Uty t).

The main drawback of traditional statistical uniformity measure is poor inter-
pretability. There are two main types of irregularities studied in the analysis of time
series unevenness. The first one being the considerable delays in data arrival times,
i. e. outliers in terms of A;. The other being significant changes in overall speed
of data transferring, i. e. changes in the distribution of A;. This work introduces a
new, more informative measure of uniformity.

The proposed method is based on well-known approaches to the problem of
dividing a time series into homogeneous segments. In particular, our solution uses
the idea of change point detection [1], which consists in the following. Let each set
of indexes 1 = ip < i3 < iy < -+ < iy < tpt1 = 1+ 1 divide a time series into
m + 1 segments x;, ., = {t;|j € [ix—1,% — 1]}. Then the general form of the cost
function used to detect change points is as follows:

m—+1

Q(il’ "'7im) = Z C(‘/Eik—liik) + R(m),

k=1

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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where R(m) is the regularization term, and the non-negative functional of complex-
ity of a segment C(x;.;) is chosen based on the given problem. In our study the
complexity of a segment is the standard deviation of the values contained in the
segment.

The result of minimization of the cost function Q(i1, ...,4x) over all possible sets
of indexes is the set of change points:

(m*, 17,85, oy ) = argmin = Q(i1, ., im)-
m,(il,ig...,’im)
1<i1<t2...<tm<n
We define the measure of uniformity as the ratio of minimal complexity with respect
to change points, to complexity of the original segment

1 m*+1
0< 57— Clzi i) ) <1
e (3 i)

The advantage of this measure is the utilization of both the information about
systematical changes, namely the change points, and the information about connec-
tions between close (index-wise) values. Let us give a simple illustration of these
properties. Suppose the data had been arriving at the same rate for the first ¢ mo-
ments and then the arrival frequency has changed. In this case the series of time
delays can be divided into two uniform segments, i. e. A; = Ay = ... = A; #
= Ajy1 = Ajyo = ... = A,_1. For this uneven example the proposed measure
of uniformity will be close to zero, while the p-value of tq,...,t, belonging to the
uniform distribution may appear close to one and in general depends on the value
of ﬂ.

The experimental study has been carried out on data from several PLCs installed
on an industrial production line of soft beverages. The proposed measure has shown
the best quality in terms of interpretability. Firstly, with the properly selected
regularization term the algorithm has succeeded in detecting all outliers. Secondly,
the uniformity measure for time series segments containing significant structural
changes has appeared to be close to zero. The only downside of the method is the
necessity to find suitable regularization hyperparameters.

The research is supported by Scientific and educational school of Moscow State
University ”jBrain, cognitive systems, artificial intelligence”;, research work of
Moscow State University 5.1.21, RFBR grant No. 20-01-00664.

[1] R. Killick, P. Fearnhead, and I. A. Eckley Optimal detection of changepoints with a

linear computational cost // Journal of the American Statistical Association, vol. 107,

no. 500, pp. 1590-1598, 2012.
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MpumeHeHne NHCTPYMEHTOB MAapKOBCKUX MoAesiei C FpynnoBbIM
o0cny>XmMBaHueM K peleHunto 3a4a4 CUHXPOHU3aLUMN AaHHbIX B
pacnpegesieHHbIX cucTemMax

Asaprosa Tamwvana Bacuavesra'x ivdas92@mail.ru
Ioayxun Ilasen Ba./Lep'beeuu1 alfa_force@bk.ru

'Boponex, Boponesxkckuit TocynaperseHnbiii Y HEBEpCHTET

IIpumenerme MeTOIOB MATEMATHYIECKOTO MOJEIUPOBAHUS IJIS HWCCJICIOBAHUS
[IPOIIECCOB CUHXPOHU3AINHI PACIIPEIEIEHHBIX CUCTEM ODPAOOTKH JTAHHBIX HO3BOJIS-
€T CYIIECTBEHHO ONTHMU3UPOBATH JIAHHBIE IIPOIECCHI M 00ECIIeYnNTh TPedyeMblil ypo-
BEHb UX COTJIACOBAHHOCTHU. /1151 aHAIN3a CTOXACTUIECKUX IIPOIEIYD PACIIPEIeIEHHON
CUHXPOHU3AINNA HEOOXOIUMbBI HHCTPYMEHTHI MATEMATHIECKOTO MOJIETMPOBAHUS, CIIO-
cODHBbIE aJIEKBATHO OTPaXkaTh UX CTOXACTUYIECKUI XapakTep u (GOPMUPOBATH BEPO-
ATHOCTHYIO OIIEHKY BPEMEHHBIX XapPAKTEPUCTUK BJIAJECHUS PA3EIIEeMbIM DECYPCOM
JUTSL KaKJIOr0 U3 IapaJuIesIbHBIX IpoliieccoB. IIpoBesentoe B paMkax pabOThHI HccJie-
JIOBaHME TOKA3bIBAET, YTO UHCTPYMEHTBI CTOXACTHIECKOTO MOJIEJIUPOBAHUS CIIOCOD-
HBI PeIaTh IEJIbI Psijl CJIOXKHBIX IIPO0JIEM B IaHHOU cdepe u, B 4aCTHOCTH, [IPOBE-
CTH AJANTAIAI0 AJITOPUTMOB CHHXPOHW3AINH JIJIsi MCIOJb30BAHNS B PAMKAX HEOI-
HOPOIHBIX BBEIIUCIUTETHBIX CHCTEM C PA3HBIM HAOOPOM aIlIapaTHBIX KOMIIOHEHTOB,
00€eCTIeINBAIOIIYIO MPUEMIEMOE BPeMsT CHHXPOHHU3AIMH OOJIBITION0 00beMa, TAHHbBIX.
B pabotre anaIm3upyoTcs B OCHOBHOM MapKOBCKHE MOJIEJIN CUHXPOHUZAINH C IPYII-
MTOBBIM OOCJIY>KUBAHUEM U PACCMATPUBAIOTCS WHCTPYMEHTHI IPUBEIEHNUS K JAHHBIM
MOJIEJISIM B CJIydae IMPOU3BOJILHOIO BPEMEHU OOC/TY KUBAHMUSI.

Cpeu aaropuTMOB CHHXPOHU3AINN BBIIEISIIOT AJTOPUTMBI HA OCHOBE COOBITHI
U Iepejadu MapKepa. AJropuTMbl Ha OCHOBE COOBITHI (BOJIHOBBIE AJIOPUTMBI) OCY-
IIIECTBJIAIOT IITIPOKOBEIATEIBHYIO PACCHIIKY HOBOI'O 3HAYEHUsI CUHXPOHU3UPYEMOTO
apaMerpa BCeM IIOTOKaM, 3aIllPOCUBIIKM JIOCTYII K JaHHOMY pecypcy. CuHXpoHM3a-
[[sl HA OCHOBE MapKepa BBIIOJIHSIETCsI B CJIy4ae MMOJIyYeHUs] TOKeHa OJHUM W3 IPO-
1ECCOB, OCTAJIbHBIE MIPOIECCHI OYKUJAIOT ITOJIyIeHNE TOKEHA B MOPSIKE MEPBUTHOTO
3ampoca Ha IMOJIydeHrne J0CTyna K olmemy pecypcy. B pacupenesenmoit cucreme
Spark, mamboJsiee IpOCTO# AJITOPUTM CHUHXPOHU3AIMKA OCHOBBIBAETCS HA MOJHOM KO-
[MUPOBAHUK COJIEPIKUMOTO TIEPEMEHHON MeXK/ Iy IpOoIleccaMu. B 3ToM ciiyyae KaxKIblii
[IPOIIECC XPAHUT JIOKAJIBHYIO KOIMIO BCEX IIEPEMEHHBIX BHYTPH OJIOKOB IIapAaJLIeb-
ubix pyHknuii B pacupenesennoii namsaru (RDD). HaubGosiee onrumaabHbIM 110X0-
JIOM SIBJISIETCS IIPEIBAPUTE/IbHAsS PACCHLIKA I€PeMeHHbIX U coxpanenune ux 8 RDD. B
KadeCcTBe BCTPOEHHOTO MEXaHM3Ma CHHXPOHU3AIMN Spark UCIoIb3yeTcs: peaTn3aliyst
nporokosia BitTorrent. OCHOBHBIM 9JIEMEHTOM JIAHHOTO MPOTOKOJIA SIBJISIETCST «TPe-
Kep», XPaHsIIUil HHGOPMAIMIO OTHOCUTEBHO BCEX JIOCTYIHBIX Y3JI0B, JJIsi KOTOPBIX
HEODXOJIUMO IIPOBECTH CHUHXPOHU3AIN. KaXKIblii U3 y3/I0B MOXKET OOMEHWBATHCS
JIAHHBIMU HEIOCPEJICTBEHHO C COCETHUMH Y3JIAMHU M OCYIIECTBJIATH PACCHLIIKI MeTa-
MHMOPMAIIN OTHOCUTEIHHO TeX OJIOKOB JAHHBIX, KOTOPBHIE OH YK€ UMEET y CeDs.
B ornmmumm or knaccudaeckoro anropurma BitTorrent, B Spark mpomsBomurcst Ba-
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JUIANASA He OTIAEIbHBIX OJIOKOB JTaHHBIX, a 00Iero 010K Ha 3aBEPITAIONEM JTalle
BBIMIOJIHEHUST AJITOPUTMA. DTO JIaeT BO3MOYKHOCTH COKPATUTH HAKJIAIHBIE PACXOJl-
HBIE, CBSI3aHHBIE C BHIYUCJIEHNEM X3III-CYyMM IIePeIaBAeMbIX (DPATMEHTOB, OJIHAKO IIPH
BO3HUKHOBEHWY KOJLIN3UI, TpeOyeTcsi MOBTOPHAS IIePECHLIKA BCEro OJIOKA JTAaHHBIX C
MOCJIEYIONIM [IEPECYeTOM KOHTPOJILHON CyMMBbI. B aHHOM uccieoBanuu Oyaer
PACCMOTpPEHA CHHXPOHU3AINST HA OCHOBE TIpUMeHeHnst MapKOBCKUX MoJIesiell Teopun
MaccoBoro obciayxkubanus. [IpefcraBienne mporecca CHHXPOHU3AIUE B BHUJIE KJIac-
cuyeckoil e MapKoBa IIPUMEHMMO TOJIBKO B TOM CJIydae, eC/Id paclpee/leHHasT
BBIUMCJ/ITE/IbHAST CUCTEMA, SIBJISIETCS OJJHOPOIHOI U BpeMsl 0OC/Iy>KUBaHUS UMETD 10~
Ka3aTeJIbHBII 3aKOH pacrpeeieHus. [ljis mpeacTaBieHns: CHCTeM CHHXPOHUBAINN C
[IPOU3BOJILHBIM BPEMEHEM ODC/IY KUBaHUsS HAMOOJEEe TPUMEHUMBIM SIBJISIETCST METO/T
BJiokeHHbIX neneit Mapkosa (BIIM), npeoxkennsiii Kenpanmom. Mapkosckast Mo-
JIeJIb TIEPEXO0JI0B, COOTBETCTBYIONIAS HAYAJIHHON U 3aBEPIIAIONIEll CTa Ul IPOIECca
CHHXPOHU3AIMYM Ha OCHOBE IEepeJladd MapKepa MeXKJIy PacIpeeIEHHBIMU IIPOIec-
camu Q = (Q1,Q2, ..., Q) ¢ HapaMeTpamMu BXOJHBIX HOTOKOB A = (A1, g, ..., A\3) u
napamMerpamMu O0CIYKUBAHUS (b = (fi1, (42, ..., [l ) OYIET UMETH CJIELYIONINA BUJL:

Puc. 1. MapkoBckue Mojiesid, COOTBETCTBYIOIINE HAYAIY U KOHILY CHHXPOHHU3AIUUA Pac-
IIpeJIeJIeHHOrO pecypca.

IMpumenenne MapkoBekux Mojesieli ¢ rpynnosbiM obeiryzkuanueM (MMTO) pya
pelleHnst 329 CHHXPOHU3AINN 00JIaIaeT PSIIOM IIPEUMYIIECTB, CBSI3aHHBIX C BO3-
MOYKHOCTDBIO: MOJIETUPOBAHNS aHAJU3UPYEMBIX ITPOIIECCOB B YCJIOBUIX PA3HOPOIHON
pacCIpeiesIEHHON CUCTEMBI, OIEHKN COCTOSIHUSI CHCTEMbl, IPOTHO3UPOBAHUS BpeMe-
HU CHHXpOHM3anmuu. B naHHOil paboTe paccMaTpUBAIOTCH MOJENIN CHUHXPOHU3AIIH
C IIyaCCOHOBCKUM ITOTOKOM TpeOOBaHUi M Hojiee MTUPOKUM CIIEKTPOM pacIipeesie-
HUll BpeMeHU o0C/Iy:KuBaHusi 3a caer npuMmenenus meroma BIIM. B pamkax mome-
JIN TIepeJIadil MapKepa W PeaJTU3alliy MPOIEeIyPhl PACCHIIKH MMUPOKOBEIATETbHBIX
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COODIEHNUiT JJIsT KaXKJIOr0 M3 MPOIECCOB UCIOJIb3YETCSl PACIIPEIEIEHHBIH aarOpuT™
Cysyku-Kacamu. B paMkax mpakTU9IecKoi 9aCTh UCC/IeI0BaHNs TPOU3BEIEHO CPaB-
HEHUE CYIIECTBYIOIINX aJrOPUTMOB CHHXpOHUI3aIuu Jjist miardopm Spark u Hadoop
U aJrOpUTMa CUHXPOHU3AIMN Ha OCHOBe MapKOBCKO# MOJIEIN ¢ TPYIIOBBIM OOCITY-
>kuBanueM. JIs 9TOro mpomssesneHo paspepThiBanme Kiacrepa Apache Hadoop m
Spark, cocrostmero w3 10 y3moB. Ilpusemem pe3yabTaAThI BHIMACIUTEIHLHOTO JKCIIE-
PHMEHTa II0 CPABHEHMIO aJIropuTMOB cuuxponuzanuu: BitTorrent (BerpoeHHbI adi-
ropur™ Spark), HDFS[5] (BcTpoeHHBIN B NPOrpaMMHYIO MOJIENb PACIPEJeIeHHON
daitosoii cucrempr HDFS 5 peruuk), HDFS[10] (Asropurm HDFS 10 perunk),
MMTI'O (PaspaboranHas cucreMa CHHXPOHU3AIMK HA OCHOBE MAPKOBCKOH MOJIE/IN
I'PYIIIOBOrO 00C/IYKUBAHYA ). 3aBUCUMOCTH BPEMEHU OT YHCJIA II0TOKOB-TI0JLY YaTesieil
npuBeseM i oobema ganabix 10 100 I'b:

N MMIO 60 _.m
W HDFS [5] -

250 { WEE HDFS [10] T
B BitTorrent 50 %

40 v e

Bpewms, ¢

zoh‘r’
i
i
i
i

MMI'O
-m- HDFS [5]
-4~ HDFS[10]
—#- BitTorrent

100 500 1000 10000 0 200 400 600 800 1000
O6beM naHHBIX, MB ncI0 NOTOKOB-NOTyYaTeneit

Puc. 2. Ouenka ajropurMoB CHHXPOHM3AIMY JJIs 1aTdopMbl Spark.

Kak mokazeiBatoT pesyabrarTsl uccienoBanus npumenenne aaropurm MMI'O omn-
TUMU3UPYET PACIpe/IesieHne TaHabiXx Mexk Iy obsacravmu RDD-3anmceit kaxkaoro nx
y3J10B Kjacrepa. B cBoro ouepeab MMI'O mosposisier obecrieduTb TpedOyeMblil ypo-
BEHb YCTONYMBOCTH K POCTY IOTOKOB-IIOJIyYaTeIeil, 9TO MOBBIIIAET FrOPU30HTAIBHY O
MacImTabupyeMOCTh BEIYUCIUTEILHO cucTeMbl. JIjist cirydast pa3HOPOIHON ammapar-
HOH 1aT(OPMBI UCIIOJb30BAHIE ITPEJIOKEHHOTO HWHCTPYMEHTAPUS TPEI0CTABIISIET
BO3MOXKHOCTH IIPOU3BECTU ONTHMAJILHYIO HACTPONKY KOH(MUI'YDPAIUU I KarXKIOrO
U3 y3JI0B IIyTEM pacdera [apaMeTPOB COOTBETCTBYIOMINX MOJeJell MacCOBOrO 0OCIy-
KUBAHUSI.

[1] Azarnova T.V., Polukhin P.V. Distributed computing systems synchronization
modeling for solving machine learning tasks // IOP Conf. Ser., Bristol: IOP Publishing,

2021.
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Application of Markov models tools with group services for solving
tasks of data synchronization in distributed systems
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Voronezh, The Voronezh State University

Appling mathematical modeling methods for analyses synchronization processes
of distributed data processing systems makes it possible to significantly optimize
these processes and guarantee the required level of consistency. To analyze stochas-
tic distributed synchronization procedures, mathematical modeling tools are needed
to adequately reflect their stochastic nature and form a probabilistic time character-
istics assessment of the shared resource ownership distributed between the parallel
processes. The research carried out within the current paper shows that stochastic
modeling tools are able to solve a number of complex problems in this area and in
particular to adapt synchronization algorithms for use in heterogeneous computing
systems with a different set of hardware components and providing an acceptable
synchronization time for a large amount of data. The paper essentially analyzes
Markov synchronization models with group maintenance and considers tools for
bringing these models to the case of arbitrary service time.

Among the synchronization algorithms, algorithms based on events and token
transmission are distinguished. Event-based algorithms (wave algorithms) broad-
cast the new value of the synchronized parameter to all streams requesting access
to the resource. Token-based synchronization is performed when a token is received
by one of the processes, the remaining processes wait for the token to be received
in the order of the primary request to access the share. In the Spark distributed
system, the simplest synchronization algorithm is based on a full copy of the content
of the variable between processes. In this case, each process stores a local copy of all
variables within the parallel function blocks in distributed memory (RDD). The best
approach is to pre-send variables and store them in the RDD. The built-in Spark
synchronization mechanism uses the BitTorrent protocol implementation. The main
element of this protocol is the tracker, which stores information about all available
nodes for which synchronization is required. Each of the nodes can communicate
directly with neighboring nodes and distribute meta-information about those blocks
of data that it already has. Unlike the classic algorithm BitTorrent, Spark does not
validate individual data blocks, but a common block at the final stage of the algo-
rithm. This makes it possible to reduce the overhead associated with calculating the
hash sums of the transmitted fragments, however, when collisions occur, it is neces-
sary to resend the entire data block and then recalculate the checksum. This study
will consider synchronization based on the application of Markov models of mass ser-
vice theory. The presentation of the synchronization process in the form of a classic
Markov circuit is applicable only if the distributed computing system is homoge-
neous and the service time has an indicative distribution law. To represent random
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service time synchronization systems, the most applicable method is the embeddeb
Markov chains (EMC) method proposed by Kendall. Markov transition model cor-
responding to the initial and final stage of the synchronization process based on
token transfer between distributed processes @ = (Q1, Q2, ..., @) with input stream
parameters A = (A1, Ag, ..., A3) with service parameters p = (u1, 2, ..., ftn) will have
the following form:

Fig. 1. Markov models corresponding to the beginning and end distributed resource
synchronization.

The application of Markov models with group processing (MMGP) to solve syn-
chronization problems has a number of advantages associated with the ability to
model analyzed processes in a heterogeneous distributed system, evaluate the state
of the system, predict the timing of synchronization. This paper discusses synchro-
nization models with a Poisson flow of requirements and a wider spectrum of service
time allocation through the use of the EMC method. A distributed Suzuki-Kasami
algorithm is used for each process within the token transmission model and broad-
cast message distribution procedure. As part of the practical part of the study,
a comparison of the existing synchronization algorithms for the Spark and Hadoop
platforms and the synchronization algorithm based on the Markov model with group
service was made. This is done by deploying a 10-node Apache Hadoop and Spark
cluster. Let’s give the results of a computational experiment compared to synchro-
nization algorithms: BitTorrent (integrated algorithm Spark), HDFS [5] (built into
the software model of the distributed file system HDFS 5 replicas), HDFS [10] (al-
gorithm HDFS 10 replicas), MMGP (Developed synchronization system based on
the Markov group service model). The time dependence on the number of recipient
threads is given for up to 100 GB of data:
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Fig. 2. Evaluation of synchronization algorithms for the Spark and Hadoop platforms.

As the results of the research show tha application of the MMGP algorithm
optimizes the distribution of data between the regions of RDD records for each of
their cluster nodes. In turn, MMGP allows you to provide the required level of
resistance to the growth of recipient flows, which increases the horizontal scalability
of the computer system. In the case of a heterogeneous hardware platform, the use
of the proposed tools provides the opportunity to optimally configure each node by
calculating the parameters of the respective mass service models.

[1] Azarnova T. V., Polukhin P.V. Distributed computing systems synchronization mod-
eling for solving machine learning tasks // IOP Conf. Ser., Bristol: IOP Publishing,

2021.
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!Tyna, Tymbckuit ToCYJApCTBEHHBIH YHIBEPCATET

Bazkmoit cocrapnsromeil aHaan3a 9eJI0BEYECKON PEUr, TOMUMO COJIEepIKAIIEeiicst
B Hell TEeKCTOBON WHQOPMAIINN, ABJISIETCS OMpeaeeHne 0COOEHHOCTEH MPOU3HOIIe-
HUs, JOIOJHUTEJbHBIX II0 OTHOIIEHWIO K OCHOBHOIl apTUKYJIAIIMNA 3BYKOB DEYUd U
HEe BBIJICJISIONIUXCS PU UIeHeHnn peun Ha HoHeMbl. Takne 0COOEHHOCTHU IOJIYHH-
JI HA3BAHUE MPOCOJINIECKIX XapaKTEePUCTUK peun. BakHeiiiei mpoconaecKkoi xa-
PAKTEPUCTUKON BJI€TCH CHUCTeMa U3MEHEHHiIl OTHOCHUTEJIbHON BBICOTHI TOHA PedYd,
Ha3bIBaeMas MeJIoaukoil peun [1]. Pusndeckoil XapakTepUCTUKON, COOTBETCTBYIO-
1ieil MeJIoJIKe pedn, siBjisieTcst KOHTYD dactoTsl ocHoBHOro Tona (HOT). Ionesubim
UHCTPYMEHTOM WU3YyUYeHHUsd MPOCOANYECKUX XapaKTEePUCTUK, B TOM UHUCJIE MeJIOJUKHN
peun, sBJIsSETCS TpocojndecKas Tpanckpunnusd. [lon Tpanckpumnmueit 6yaeM MOHU-
MaTh rpadudeckyio GpUKCAIUIO 3BYKOBBIX Xapakrepuctuk peun. [Tur Meprenc [2],
B 3aBHCHUMOCTH OT IIOJXOJIa K MHTEPIIPETAINN IIPOCOANYUECKUX XapPaKTEPUCTUK, BbI-
JeideT TPU OCHOBHBIX THUIIA IIPOCOIUYECKOI TPAHCKPUIIIINAN:

1) cuMBOJIbHAS TPAHCKDUIIIWS;
2) TPaHCKDWUIIIWs, OCHOBAHHAS HA AKYCTHYECKUX XAPAKTEPUCTUKAX DEUM;
3) TPaHCKPWUIIIKs, BBIIOJHEHHAs C IIOMOIIBIO CIIyXOBOI'O AHAJIN3A.

OTeIbHOrO BHUMAHUST 3aCIYZKUBAET PA3HOBUJIHOCTH CUMBOJIBHOU TPAHCKPUIIINH,
OCHOBaHHAsI HA MY3BIKAJIbHOU HOTanuu. My3blkajgbHas HOTalus Obljia BbIpabOTa-
Ha B T€YEHUN MHOT'OBEKOBOII UCTOPpUU MY3BIKU, U IIO3TOMY OTpazKaeT OCO6eHHOCTI/I
BOCIIPUSITUSI I€JIOBEKA U SIBJISIETCS YIOOHBIM CIIOCOOOM (DUKCAIMYM XapaKTEPUCTUK
3ByKa. 3alliCh MEJIOJUU PEYd B MY3bIKAJbHON HOTAIIMM ITO3BOJISIET U3yYaTh B3aU-
MOCB#3b peun u My3biku [3]. [Ipencrasisiin pedsb ¢ UCIOJIL30BAHUEM MY3bIKAJILHOI
HOTAINN ¥ U3YYaJU IIPOCOAUIECKHIE XAPAKTEPUCTUKHN PEYU C MY3bIKAJILHON TOYKH
3penust KoMno3utTopbl Bax, Berxosen, Anadex, [11éubepr, uccaemoBarenn Jlxxormrya
Crus, Poman dro6eon u npyrue [4]. CoBpeMeHHBIE TEXHOJIOTMU HO3BOJISIIOT aBTO-
MaTH3UPOBATH POIECC TPAHCKPUNIMU Mejaoauku peun. B [5] (2016) npejcrabiena
METOJMKA [IPOCOAMIECKON TPAHCKPUIIIIUY C UCIIOJIL30BAHUEM HOTHOM 3amucu, a B [4]
(2017) — ¢ ucnob30BaHEEM MY3bIKAJILHONW CHCTEMBbI, PACIIUPEHHON 10 24-X 110JIy-
TOHOB. Ay/MO3alUCh PN PA3/IesseTCs Ha IJIACHBIE €JIUHUIIBI, JJId KayKIONH M3 HUX
BBIUHCJISIETCSI CpeJiHee 3HadeHne 9acToThl. CpaBHUBAsI 3Ty YACTOTY C JIUCKPETHBIMU
3HAYEHUsIMA 9aCTOT B Y€TBEPTUTOHOBOU CHUCTEME, MOJIydaloT 3alliCh MEJIOJUKU pe-
qn B My3bIkajbHON HOTarmu. Oaaako kouTyp YOT peun, XOTs u ABISETCS TOIHBIM
dusndecKknM OMUCAHUEM PEYEBOr0 CUTHAJIA, He sIBJIeTCS HAmOOJiee TOIHBIM IIPe-
CTaBJIEHHEM MEJIOJIMKH PEYN B TOM BHJIe, B KAKOM OHA BOCHPUHUMAETCH YEJIOBEKOM.

Mesxqynapogaasa kougepernnus UOH-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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B xose sMmmpuaecKux UCCAEIOBAHUI YCTAHOBIEHO, IYTO BOCIIPHUSITAE BHICOTHI TOHA B
pevr TIOJIBEPIKEHO HECKOJIBKIM MEPIENTHBHBIM MpeobpasoBaHusaM (peobpasoBaHn-
sim Bocpusitust). OJJHAM U3 HUX sIBJISIETCsI IEPIENTUBHOE pasjeserne Koutypa YOT
Ha eJIUHUIBI PA3MEPOM CO CJIOT U3—3a OBICTPBIX CIHEKTPAJIBHBIX U aMILIATYIHBIX KO-
Jlebanuit peueBoro curunasia. Bropoe — Bpemennast uarerparus 10T BHyTpH ciora,
KOTOpasl COCTOUT B TOM, 4TO, ecju KoHTyp HOT BHyTpHu ciiora KOpPOTKHIT U MMe-
€T OTHOCHUTEJHHO HeOOJbINNe M3MEHEHNsI, CIYIIaTeJ I BOCIPUHUMAIOT OIHY BBICOTY
TOHA, [IPEJICTABJISIONLYO CODOIl cpeiHeB3BeneHHoe 110 BpeMenu 3Hadyerne YOT BHyT-
pu ciora. Eciu Bennunua msmenennss YOT BHyTpH cJiora mpeBBIIAaeT HEKOTOPII

«IIOPOT TJIMCCAHIO», TO BOCIPUHUMAETCS CKOJIbYKEeHUEe (UM HECKOJIBKO CKOJIbKEeHNiH)

[6, 2]. Ormernm, 4TO B [4] ydTeHA TOJBKO IepBas M3 HA3BAHHBIX BBIIMIE OCOOEH-

Hocreit. PazpaboTanHast HAaMU CHCTEMa aBTOMATHYIECKON TPAHCKPHUIIIINH MEJOTUKN

pevu C UCIOJIB30BaHUEM MY3bIKAJIbHON HOTAIIUU, B OTJINYNE OT Y Ke CYIIeCTBYIOIeit

CHCTEMBI, OIIMCAHHOM B [4], yInTBIBaeT 0COGEHHOCTH BOCIPUSATHS T€JTOBEKOM BBICOTH

3BYKA, OlMCaHHBIE Kak B [2], Tak u B [7]. [loay4eHHbIe B X0O/1€ 9KCIEPUMEHTOB TPAH-

CKPUIIIAN MEJIOIUKN PEeIN B MY3BIKAJIbHONW HOTAITUN II0 PE3yIbTaTaM 0e33TaJOHHON

9KCIIEPTHON OLICHKH NOKA3aJd JIydllee COOTBETCTBHE IIOJYYEHHON HOTHOII 3aluCu

BOCIIPUATHIO YeJIOBEKA.

Pabora Boeinosinena npu dbuHaHCOBOM moAepKKe MuHrCTEpCTBA HAYKUA U BBIC-
mero obpazosanus PP B pamkax rocymapcreerroro 3anaans FEWG-2021-0012.
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An important component of the analysis of spoken language, in addition to the
textual information contained in it, is the determination of pronunciation features
that are additional to the main articulation of speech sounds and do not stand out
when speech is divided into phonemes. Such features are called prosodic characteris-
tics of speech. The most important prosodic characteristic is the system of changes
in the relative pitch, called the melody of speech [1]. The physical characteristic cor-
responding to the melody of speech is the pitch contour. A useful tool for studying
prosodic characteristics, including the melody of speech, is prosodic transcription.
By transcription we will understand the graphic fixation of the sound characteristics
of speech. Piet Mertens [2], depending on the approach to the interpretation of
prosodic characteristics, distinguishes three main types of prosodic transcription:

1) character transcription;

2) transcription based on the acoustic characteristics of speech;

3) transcription performed using auditory analysis.

A variety of symbolic transcription based on musical notation deserves special atten-
tion. Musical notation was developed during the centuries-old history of music, and
therefore reflects the characteristics of human perception and is a convenient way
to fix the characteristics of sound. Recording a speech melody in musical notation
makes it possible to study the relationship between speech and music [3]. Composers
Bach, Beethoven, Janacek, Schoenberg, researchers Joshua Steele, Roman Jakobson
and others [4] presented speech using musical notation and studied the prosodic
characteristics of speech from a musical point of view. Modern technologies make it
possible to automate the process of transcription of speech melody. Paper [5] (2016)
presents a prosodic transcription technique using music notation, and [4] (2017) uses
a musical system extended to 24 semitones. The audio recording of speech is divided
into vowel units, for each of them the average frequency value is calculated. Com-
paring this frequency with discrete values of frequencies in the quarter—tone system,
a recording of the melody of speech in musical notation is obtained. However, the
contour of the fundamental frequency (F0), although an accurate physical descrip-
tion of the speech signal, is not the most accurate representation of speech melody
as perceived by humans. Empirical research has established that pitch perception
in speech is subject to several perceptual transformations (perceptual transforma-
tions). Omne of them is the perceptual division of F0 into syllable-sized units due
to fast spectral and amplitude fluctuations of the speech signal. The second is the
temporal integration of the intra-syllable F0O, which is that if the intra-syllable F0

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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contour is short and has relatively little change, listeners perceive one pitch, which

is the time-weighted average of the intra-syllable FO. If the change in FO within

a syllable exceeds a certain ”glissando threshold”, then a slip (or several slips) is

perceived [6, 2]. Note that [4] takes into account only the first of the above features.

The system we have developed for automatic transcription of speech melody using

musical notation, unlike the already existing system described in [4], takes into ac-

count the peculiarities of human perception of pitch described both in [2] and [7].

The transcriptions of speech melody in musical notation obtained during the experi-

ments, based on the results of an expert assessment, showed the best correspondence

of the received musical notation to human perception.
This research is funded by the Ministry of Science and Higher Education of the

Russian Federation within the framework of the state task FEWG-2021-0012.
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[Ipupossbie U KU3HEHHBIE MPOIECCHl UMEIOT CBOMCTBO MEPUOJUIHOCTA B CHUILY
[UKJINYECKOro obpalleHust 3eMJid BOKPYT cBoeil ocu u 3emiin BOKpyr CoJiHiia. D10
[IPOSIBJISIETCsI BO MHOI'UX OMOJIOIMYECKHX, METEOPOJIOTUIECKUX ¥ MHBIX (PU3NIECKUX
mporeccax. B gacTHOCTH, Ha MOBEJIEHNE BPEMEHHBIX PJ/IOB METEOPOJOTMIECKUX I1a-
pamMeTpoB 3eMJId BJIMSIOT, B OCHOBHOM, C€30HHBIE M CyTOYHBIE KOJEDAHUS IMapaMer-
poB aTmocdepsnl. s moapobHOro n3yvenns: MeHee 3HAYNMbBIX BKJIAI0B U (paKTOPOB,
OLIPEIEJISIIOIINX BPEMEHHOIl psijl, BO3HUKAET HEOOXOIMMOCTD Bbljesenus (duibrpa-
[IMU) ero CyTOUHOM MM CE30HHOM COCTABIAIONIEH.

K cymecrByomumM MeTonaM (GUIBTPaUE OTHOCITCS CKOJIb3siiee cpejree [1],
dunbrparus npu oMoy npeobpazosanus Pypoe [2], yepeanenue JaHABIX 10 IPeI-
noJIaraeMoMy 1epuojty nukia [3], merozpl Belisier ananusa [4] u apyrue. Hegocrar-
KH 9TUX METOJIOB COCTOST B IPEIIIOJIOKEHUN 00 AlPUOPHON M3BECTHOCTU TEPUOJIA
rukia. OmHAKO, IPUPOJIHBIE MTPOIECCHI, BOODIIE TOBOPS, SIBJISIIOTCS KBAa3HUIIEPUOIH-
geckuMu. Kpome Toro, cam BuJi BPEMEHHOI'O PsiJia MOYKET OTJIMYAThCS OT CHHYCOU-
JIAJILHOTO.

s pasperenns 3tux npobsieM B JAHHON paboTe MpeIoKeH MeTom Mopdo-
JIOTUYIECKON (DUIIBTPAIE BPEMEHHOTO Psijia, BBLIEISAIONIU ero IUKJINIECKYI0 KOM-
[OHEHTY C MepPEeMEHHBIM ITepuogoM. IlocTpoeHne MeToma OCHOBBIBAETCS HA METO/IAX
MOP(QOJIOrIIECKOT0 aHAJIN3a JaHHBIX, Pa3paboTaHHbIX U pasBuBaeMbix 1pod. FO. I1.
ITerreeBbiM [5].

Metompl MOPGOIOTHYECKOTr0 AHAJIN3a TTPETHAZHAYEHDI JIJIsI U3YYeHUs] CTPYKTY-
PBI CUTHAJIOB, COXPAHSIOIENCs TPU IPeodPa30BAHUIX, TPUHAIJIEXKAIINX HEKOTOPO-
My KJjaccy mpeobpasoBanuit. Tak, ecjii CUTHAJBI MIPEJICTABISIOT cOOO# mocsemoBa-
TEJILHOCTh YUACTKOB, BBIILYKJIBIX BHU3 U BBINYKJIBIX BBEPX (MJIM, HHBIMUA CJIOBAMH, O~
CJIEIOBATELHOCTD JIOKAJILHBIX MAKCUMYMOB U MUHMMYMOB), TO MX MOYKHO OTHECTH
K CHUTHAJIAM OJHOM (DOPMBI, €CJIU TOJIOKEHUST MAKCUMYMOB U MUHUMYMOB COBII&JIa~
10T. O4eBHIHO, ITU CBOWCTBA CUTHAJIOB COXPAHSIIOTCS TPU MOHOTOHHBIX U BBIILYKJIBIX
Ipeobpa30BAHUSIX.

B mertonax mopdosornueckoro anammsa dopma curramna f(t), ¢ € T moHuMaercs
KaK MHOXKECTBO Vj CUTHAJIOB, IOJIyYeHHBIX U3 f(f) BCEBOBMOXKHBIME MOHOTOHHBIMU
peobpazoBaHusiMH. MareMaTuvIecKyo MOje/b CUTHAJa M MHOXKECTBO IIpeobpazo-

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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BaHWil, COXpaHONNX (POpPMY, OOBLITHO BBIOMPAIOT TaK, ITOOBI sl JIIOOOTO TPEeIb-

SIBJIEHHOTO JIJIsi aHaiu3a curuamaa ¢(t), ¢ € T, Oblia paspemmMa 3ajada ero Hau-

JIydIIero npuOJIMzKeHusl 3JIeMeHTaMi MHOYKecTBa, Vy, pelenue KOTOPOil Ha3bIBAIOT

npoekuueit g na Vy [5]. IIpoekmus nimercss Kax pelleHye 3aJa4i HA MUHEMYM II0

HabOpPy apryMeHTOB, HA3BIBAEMBIX IIapaMeTpaMu (hOPMBI.

B macrosmieit pabore cTpoUTCH MOMAETh KBA3UIIEPUOINIECKOTO CUTHAJA U PAC-
CMaTPUBAIOTCS pa3Hble CIocoObl 3ajanust ero ¢hopMbl (apaMerpusanuy (GOpMBbI).
Jst KaXKI0ro U3 HUX MPEeJJIaraeTcsl aJIfTOPUTM TTOCTPOEHUS ITPOEKITNH, KOTOPHI 3a-
TeM IIPUMEHSIETCS K BDEMEHHOMY Ps1JTy KOHIIEHTPAIIUU JIBYOKUCH YIJIEPO/Ia, U3MEDPEH-
HOrO Ha, MeTeoposorudeckoil cranmuu "AsiaFlux"so Brername u npemocraBiieHHBIX
UII9S um. A.H. Cesepriosa PAH [6]. Pesysibrars: dbusbrpainun cpaBHUBAIOTCA U Je-
JIaeTCs BBIBOJI O 3aBUCHUMOCTH BH/Ia KBa3UIIMKINIECKONU COCTABJISIONIE BPEMEHHOT'O
psizia oT criocoba mapamMerpusaruu hopMel curuasa. [IpukiaaHoit acmekT MopdosIo-
TUYECKON (DUIIBTPAIUNH IIPOSIBJISIETCS B CTAIMOHAPHOCTHA OCTATOTHOIO PsIia, KOTOPBIi
MO2KHO MCCJIEJIOBATh CTATUCTUYECKUMHU METOIAMU.

[TepcrrekTuBaMu pasBuTHsi PAOOTHI SBISIIOTCS YCOBEPITEHCTBOBAHUE BBITUCIIN-
TEJIBHOT'O aJITOPUTMa, IIOCTPOEHUS [IPOEKIINiA, & TAKXKe BBEIEHINE UHBIX CIIOCOOOB 3a-
Janust (GOpMbI.
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Natural and life processes have the property of periodicity due to the cyclic ro-
tation of the Earth around its axis and the Earth around the Sun. This property
takes place in many biological, meteorological and other physical processes. In par-
ticular, the behavior of meteorological parameters of the Earth is mainly influenced
by seasonal and diurnal variations of atmospheric parameters. In order to study less
significant contributions and factors determining the time series one needs to single
out (filter) its diurnal or seasonal component.

Existing filtering methods include moving average [1], Fourier transform [2], av-
eraging over the assumed period [3], wavelet transform [4], and others. The dis-
advantage of these methods is the assumption that the period is known a priori.
However, generally speaking, natural processes are quasi-periodic. More than that,
the form of the time series itself may differ from sinusoidal.

To solve this problem, a method of morphological filtering of time series is pro-
posed, which singles out its cyclic component with a variable period. The method
is based on the methods of morphological analysis, developed by Prof. Y. P. Pytyev
[5].

The purpose of morphological analysis methods is to study the structure of sig-
nals preserved by transformations belonging to some class. Thus, if each of signals
is a sequence of convex and concave segments (i.e. a sequence of maxima and min-
ima), they are considered to be signals of the same form if the positions of maxima
and minima coincide. It is clear that these properties of signals are preserved in
monotonic and convex transforms.

In morphological analysis methods, the shape of a signal f(t), t € T is understood
as a set of V; signals obtained from f(¢) by all possible monotonic transforms. The
mathematical model of the signal and the set of shape-preserving transforms are
usually chosen in such a way that for any signal ¢(t), ¢t € T to be analyzed, the
problem of its best approximation by elements of the set V; is solvable. The solution
is called the projection of g on V} [5]. The projection is sought as a solution of the
minimum problem where the functional is varied by a set of variables called shape
parameters.
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In this paper we build a model of quasi-periodic signal and consider different ways

of setting its shape. For each of them we propose an algorithm for constructing a

projection, which is then applied to the time series of carbon dioxide concentration

measured at the meteorological station ”AsiaFlux” in Vietnam and provided by

A.N.Severtsov IPEE RAS [6]. The filtering results are compared and a conclusion

about the dependence of quasi-cyclic component on the method of setting the shape

is made. The applied aspect of morphological filtering manifests in the stationarity
of the residual series, which can be investigated by statistical methods.

Prospects for the development include computational algorithm improvement, as
well as introduction of other ways of setting the form.

This research is funded by RFBR, grant 19-29-09044.
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Bo MHOruX IpeaMeTHBIX 00JIACTIX UCC/IeLyeMble JaHHbIE NMEIOT BUI MHOIOMED-
HBIX BPEMEHHBIX PSAI0B. DTO MOIYT OBITH IIOKA3aHUs AATYMKOB Ha IIPOU3BOICTBEH-
HBIX JIMHUSX, aKIUA Ha (DOHJOBOM PBHIHKE WJIM UCTOPHUH JEHEXKHBIX TPAH3AKIIHIA.
WHoria Takue BpeMeHHbIE PsiJibl BO3HUKAIOT KaK pe3y/IbTaT JOIOJHUTEIbHON 0bpa-
OOTKM, HAIIPUMED, BHUJIEO MOXKET IPeOOPA30BBIBATHCS B IIYYOK TPACKTOPUIl CIIEIH-
dudeckux Touyek. Ilpu 3TOM Ha MHOTOMEPHBLIX BPEMEHHBLIX PAIAX PEIIAIOTCH KaK
TPaIUIMOHHbBIE 330291 KIACCU(PUKAIIMY, TaK ¥ Clelu(uIecKre 388491 TIOUCKa aHO-
MaJjIuil W TOYKM u3MeHeHust TpeHaa. CooTBETCTBEHHO, JJIsi BCEX ITUX IIPUKJIAIHBIX
obracTeit 1 33719 pa3pabaTHIBAIOT PA3JIMIHbIe MO/ MammHHOro o0ydenus (MO),
KOTOpPBIE IIPUHUMAKT MHOIOMEDHBIE BPDEMEHHbBIE PsiJIbI.

B mamm gau wnccimenoBarenu xkayT or mozeseit MO He mpocro perreHusi mpu-
KJIAQHBIX 331849, HO ¥ MHTEPIPETUPYEMOCTH PEe3y/IbLTaTOB. Mozenau HOKHBI SBHO
JIEMOHCTPUPOBATH II0JIb30BATEISIM 3aKOHOMEPHOCTH, KOTOPbIe OHM HaILIn. [Ipu sToM
aHaJIM3 MHOI'OMEPHBIX BPEMEHHBIX PsJIOB BO MHOIUX CJIydasiX CBOJIUTCS K BBISBJIE-
HUIO TaK HA3bIBAEMBIX (BYHKUUOHAALHUL NammepHos [2], To ecTh 0coOGeHHOCTEH 0~
BeJIEHUsI BDEMEHHOT'O Psijia, COOTBETCTBYIOIIUX HEKOTOPBIM MWHTEPECYIOIIUM UCCIEI0-
BaTeJell COCTOSHMAM CHCTeMbl. Ha IPOTSKeHnr MHOIUX JIET SKCIIEPThI U3 Pas3jimd-
HBIX IIPEJIMETHBLIX 00/1aCTell y2Ke BhISBUIN HEKOTOPOE KOJIUIECTBO (DYHKITHOHAIBHBIX
[IATTEPHOB. 3aJiaveii JaHHOW PabOThI SIBJISIETCS SIBJISIETCS PEIJIOKUTH METOIUKY
aBTOMATUYECKOT'O TIOUCKA, IIOJO00HBIX MATTEPHOB B MHOT'OMEPHBIX BPEMEHHBIX PsiJiax
6e3 obJtafaHUsT KAKUMU-/TN00 aIlPUOPHBIMU 3HAHUSIME O IIPeIMeTHOM obyiactu. es
HCCI€JOBAHU COCTOUT B TOM, YTOOLI IIPEIJIOKUATL MOLE/Ib, KOTOpas KaK JacTHBIA
ciaydail Haiier y»kKe M3BECTHBIE MATTEPHBI. Pa3BuBas MOMOOHBIN MTOAXOM, B OyIy-
IIIEM HCCJIEIOBATEINM CMOI'YT HCIOJIb30BaTh MOJEIU MAIIMHHOIO O0yYeHMs, ITOOBI
OBICTPee HaXO/IUTh HOBbIE BUJIbI IATTEPHOB U 3aKOHOMEPHOCTEH B MCXOIHBIX JIAHHBIX
MHOI'OMEPHBIX BPEMEHHbBIX DPsiJIOB.

B manmoit pabore B KadecTBe peaMeTHOI obracTu B3sTa Heitpodusnoaorusa. Co-
OTBETCTBEHHO, paboTa METONUKH OyIeT IPOJAEMOHCTPUPOBAHA HA BBIABJIEHUN OIHO-
I'0 U3 CaMbIX U3BECTHBIX (PYHKIIMOHAJbHBIX IIATTEPHOB B 3JIEKTPO3HIIEdAIOrpaMMax
(93T, a umenno soanvs P300. HeTpyHO BUAETH, UTO TPAIUIMOHHBIE TATTEPHBI,
rakue Kak BojiHa P300, y100HO BBISIBJISITH C ITOMOIIBIO CKOJIB3ANIUX (DUJIBTPOB HJIH
onepanun céprku [1]. IlomoBGHble oneparyn y»Ke peaan30BaHbl B TP/ UIMOHHBIX
HeiipocereBbix Mozessx MO.

JlJist 9KCrIepuMeHTOB MbI UCIIOJIB30BAJIU IaHHbIe, onnucanubie B [2]. Habop nanubix
«Matpuray» OBLT 3aINCAH C MOMOIIBIO MATPHUIIHI CHMBOJIOB, HAOJIIOIasI 38 KOTOPO

Mesxqynapoaaasa kongepennus UOH-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Puc. 1. Kapra BaxHOCTH KaHAJIOB. Puc. 2. onTuMaabHble KOMOMHAIIUN KAHAJIOB.

9eJI0BEK MOXKET IHCATH CJIOBa, KOHIIEHTPUPYH CBOE BHUMAHUE HA OT/EJIbHBIX CUM-
Bosiax. Bo BpeMs dKCIepUMEHTa CTPOKHM U CTOJOIBI MATPUIILI MTOJCBEINBAIOTCS B
cJIydaffHOM TIOPsJIKE, PEeaKIds Ha 3TU HEOKUJAHHBIE JJIsi PECIOHICHTA TOJICBETH-
BaHUS M MO3BOJISET TOHATH, KAKOW CHUMBOJI 3ara iajl dejoBeK. VICXo/IHO 3Th JTaHHbIe
ObLIH COOPAHBI C IEIBIO TOHIThH, HACKOJIBKO XOPOIIO aJTOPUTMBI MOT'YT IIPEACKA3aTh
LEJIeBOll CUMBOJI U3 JIAHHBIX O MO3roBOH akTuBHOCTU. COOTBETCTBEHHO, B [2] Takxke
OIIMCaHbI CYIIECTBYOMINE MOAX0AbI 13 Kiaaccudeckoro MO, KoTopble yKe JIOCTUTAI0T
JIOCTATOYHO BBICOKOT'O YPOBHS KatecTBa Ha paccMaTpuBaeMoM Habope manHbix. Ho B
TO BpeMsl UCCJICOBATEIN €IIE He PACCMATPUBAJINA, UTO UMEHHO HAXOJAT UX MOJIEJIU.

Mpur dokycupyemcst He Ha UCXOTHON TPUKJIATIHON 3a/1a9€ PACTIO3HABAHNUS CUMBO-
JIOB, & Ha BBISIBJICHUH (DYHKIIOHAJIHHBIX MATTEPHOB W WHTEPIIPETAINN IOy I€HHBIX
pe3yabTaToB. Jljist 9TOr0 MBI UCIIOIB30BAIN yKe U3BECTHBIN B JIUTEPATYPE TIEPEXOT
OT PACIO3HABAHUS IEIEBBIX CUMBOJIOB K PACIIO3HABAHWIO CTPOK M CTOJIOIIOB MaTpPH-
TIbI, COJIEPIKAINUX TIEJIEBOIT CUMBOJI. B TakoM cirytae 3a/ada MOXKET pacCMaTpUBATh-
cs Kak ObnHapHas Kiaaccudukarms. Ha sxoa momesmn MO nomaérces ¢pparment 99T,
COOTBETCTBYIOIIHAIT TOICBEIMBAHUIO, & BBIXOIOM SIBJISETCS OMHApPHAsT METKa KJIacca
(comepzkuT JIM TEKyIIee NoACBeYnBaHue NeJieBoii cumsoi). [lonsaTHo, 9yro Bosina P300
MOKeT OBITH JIETEKTHPOBaHA B MacITabe OHOM CeKYHIbI. B sKcriepuMeHTax Mbl pa-
ooraiu ¢ dpparmentamu 1mo 600 mc.

CoracHo ucc/ieIoBaHUSIM HEHPOMU3INOJIOTOB OXKUIAETCsI, HO HE TAPAHTUPYETCs,
9TO IOJICBEYMBAHUE IIEJEBOTO CUMBOJA BbI3biBaeT Ha DI Bosry P300. Xors us
obyJaromeit pa3MeTKNn MBI 3HAEM, KOT/Ia 3aropaJicd IEeJeBON CUMBOJ, IKCIEPUMEHT
10 [TIOCTAHOBKE HE TapPAHTHUPYET, YTO BO BpeMs BO3/IeicTBHUs BO3HUKHET BosiHa P300,
OJIHAKO IIIAHC 3TOro cobbiTusi Kpaiine Bejiuk. CoorBercTBeHHO, MOsesb MO He moJ1y-
qaeT nHpOpMaImio o Hajmann BoHb P300 Hanpsmyro. OcHOBHAs 3aja4a JaHHOM
pabOoThI 3aKJII0YAETCs B TPOBEPKE MUMOTE3bI, 910 Momesib MO Bcé-Taku cMOXKeT cama
HaiiTn (PyHKIIMOHAIBHBIN TATTEPH, KOTOPBIN Hefpohu3noaoraM y»Ke N3BECTEH.
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OrmernM, 9TO0 B Helpodu3nosorun 6A30BBIM METOIOM OIPE/IeJIeHUs] TaTTepHA,
SIBJIFIETCS YCPEIHEeHe BPEMEHHBIX PsAJIOB 10 KaxKJIoMy Kiaccy. Jlarke 1iist SpKO BBI-
PaKeHHBIX TATTEPHOB TAKOH 110/1X0/T TPEOYET MPUBJICUEHUS IECATKOB PECIIOHICHTOB.
B mammx gaHHBIX TPUCYTCTBYET TOJBKO JIBA PECIIOHIEHTA, COOTBETCTBEHHO OA30BbIii
METOJ[ He UCIOJIb30BAJICS HU B [2], HU B HAIEM HCCJICJIOBAHUMN.

IIpenoxkennast apxuTeKTypa HEHPOHHOI CETH IO0IEPETHO MPUMEHSIET (DUIBTPBI
K KaHaJlaM U BDEMEHHBIM IIPOMEXKYTKAaM Ha NCXOIHBIX JAHHBIX, BBISIBJISIS T€M CaMbIM
BasKHOCTH T€X WJIN WHBIX IJEKTPOJOB Ha T'OJIOBE YEJOBEKA MM MOMEHTOB BPEMEHU
BO BpeMs 3aIlUCH.

Ha ma puc. 2 BuJIHO, YTO MOJIE/IE CAMOCTOSATETHHO BHISBIJIA, ONTUMAIBHYIO JTHHEH-
HYyI0 KOMOMHAIIAIO UCXOAHBIX 3JIEKTPOIOB. Pc7 u Pc8 Obuin B3aTH ¢ oTpUniaTebHbIM
3HAKOM, YTOOBI yIeCTh HEraTUBHbIE 3HAUEHHS OTeHImamna, npeamnectsyonme P300,
a aekTpos Pz, Ha00OpOT, C MOJIOKUTEIBHBIM, YTOOBI YJIOBUTH IIUK CAMOW BOJIHBI.
Takum 00pa3oM, MOJETb CAMOCTOSTETLHO HAYIUIACh BbIABIATH BosHy P300. Kade-
CTBO peIleHns 3a/1a9 OMHAPHOM KIaCCU(PUKAINN U KJIACCU(PUKAIIMA CUMBOJIOB CPa3y
JKe 0KA3aJI0Ch HA yPOBHE JIy4IUX perieHuii us [2].

Kapra Baxknoctun kanasio 99" npejcrasiena wa puc. 1. Bugno, aro Momenn
[IPEJIJIOZKUJIA UCIIOJIB30BaTh MaJjioe YUC/I0 KaHaaoB DI

Takum obpazom, B paboTe IMpeIoKeHa METOIMKA, MOMOTAIONAs HCCIeI0BATE-
JISIM TIO CEPUU SKCIIEPUMEHTOB aBTOMATUYIECKHU BBISBUTH (DYHKIIMOHAJIBHBINA ATTEPH
B MHOTOMEDHBIX BPEMEHHBIX psjax. [Ipu 3ToM OBLIO TOCTATOYHO (DOPMATIM30BATH
UCXOJIHYIO 33724y B TEPMHUHAX MAIIMHHOTO ODydeHus: U He TPEOOBAJIOCH YIUTyOJIsITh-
cs B TIPEIMETHYIO 00J1acTh. PaboTOCIIOCOOHOCTh METOAUKN MPOIEMOHCTPUPOBAHA B
obJractu HEPOPU3NOJIOTUN JIJIsI TAHHDBIX, TJI€ Y2Ke U3BECTEH OXKHUIAEMbBIil ITaTTepH.
st manbHelIero pa3BuThs JAHHONW UJIEH TIPEJICTABISIET HHTEPEC IPUMEHEHUE TTPE]I-
JIOXKEHHOW METOJVKM B JPYTHUX IIPEIMETHBIX O0JIACTSIX, HAIIPUMED, IMOKA3ATENSM C
JIATYNKOB HA IIPOMBINIJIEHHBIX KOHBelepax mim OAHKOBCKUM TpaH3akiusM. s mo-
JOOHBIX 33181 PACCMOTPEHHBIN MTOAXO0T MOYXKET OBITH TOpabOTaH U PACIITHPEH.

Pa6ora eimonnena npu nogaep:xke HOII MI'Y «Mosr, KOTHUTUBHBIE CUCTEMBI,
nCcKyccTBeHHBIN nuTeanekTy, HUP MIY 5.1.21, rpanta POPU No. 20-01-00664.

[1] Cecotti H., Graser A. Convolutional neural networks for p300 detection with application
to brain-computer interfaces. // IEEE transactions on pattern analysis and machine
intelligence, Piscataway: IEEE, 2010. — p. 433-445.

[2] Blankertz B., Muller KR., Krusienski D J., Schalk G., Wolpaw JR., Schlogl A.,
Pfurtscheller G., Millan JR., Schroder M., Birbaumer N. The BCI competition III:
Validating alternative approaches to actual BCI problems // IEEE transactions on
neural systems and rehabilitation engineering, Piscataway: IEEE, 2006. — p. 153-159.
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In many subject areas, the data under study have the form of multivariate time
series. These can be sensor readings on production lines, stocks on the market or
the history of monetary transactions. Sometimes such time series arise as a result
of additional processing, for example, a video can be transformed into a bundle
of trajectories of specific points. At the same time, both traditional classification
problems and specific problems of finding anomalies or trend change points are solved
on multivariate time series. Accordingly, a lot of different machine learning (ML)
models and architectures have been developed for all these applied areas and tasks.

Nowadays, researchers expect ML models not only to solve applied problems,
but also to interpret their results. Models should clearly demonstrate to users the
patterns they have found. At the same time, the analysis of multivariate time series
in many cases boils down to identifying the so-called functional patterns [2], that is,
the behavior features of the time series corresponding to some states of the system
of interest to researchers. Over the years, experts from various subject areas have
already identified a number of functional patterns. The objective of this work is to
propose a methodology for automatic search for such patterns in multivariate time
series data without having any a priori knowledge about the subject area. The idea
of the study is to propose a model that, as a special case, will find already known
patterns. By developing such an approach, in the future researchers will be able to
use machine learning models in order to quickly find new types of patterns in the
source data of multivariate time series.

In this paper, neurophysiology is taken as the subject area. Accordingly, the
technique will be demonstrated by identifying one of the most well-known functional
patterns in electroencephalograms (EEG), namely P300 waves. It is not difficult to
see that traditional patterns, such as the P300 wave, are easy to find with slid-
ing filters or the convolution operation [1]. Similar operations have already been
implemented in traditional neural network architectures.

We used the data described in [2] for the experiments. The data set “Matrix” was
recorded using a character matrix, observing which a person can write words, con-
centrating his attention on individual characters. During the experiment, the rows
and columns of the matrix are highlighted in random order, the reaction to these
unexpected highlights for the respondent makes it possible to understand which
symbol the person made. Initially, these data were collected in order to understand
how well algorithms can predict the target symbol from brain activity data. Accord-
ingly, the [2] also describes existing approaches from the classical MO, which already

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Fig. 1. Electrodes importance map. Fig. 2. Optimum channels combinations.

achieve a sufficiently high level of quality on the data set in question. But at that
time, researchers had not yet considered what exactly their models were finding.

We focus not on the initial applied problem of character recognition, but on iden-
tifying functional patterns and interpreting the obtained results. In order to do this,
we used the task transformation already known in the literature from recognition of
target characters to recognition of rows and columns of the matrix containing these
characters. In this case, the problem can be considered as a binary classification.
An EEG fragment corresponding to the highlighting is fed to the input of the ML
model, and the output is a binary class label (whether the current highlighting con-
tains the target symbol). It is clear that the P300 wave can be detected on the scale
of one second. In the experiments, we worked with fragments of 600 ms.

According to neurophysiologists research, it is expected, but not guaranteed, that
highlighting of the target symbol causes a P300 wave on the EEG. Although we know
from the training labels when the target symbol is highlighted, the experiment design
does not guarantee that a P300 wave will occur during the exposure, however, the
chance of this event is extremely high. So, the ML model does not receive information
about the presence of the P300 wave directly. The main task of this work is to test
the hypothesis that the ML model will still be able to find the functional pattern,
which already have been discovered by neurophysiologists.

Note that in neurophysiology, the basic method of determining a pattern is the
averaging of time series for each class. This approach requires the involvement
of dozens of respondents even for clearly expressed patterns. There are only two
respondents in our dataset, so this method was used neither in [2] or in our study.

The proposed neural network architecture applies filters to channels and time
intervals on the source data, thereby reveals the importance of certain electrodes on
a person’s head or moments of time during recording.
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In fig. 2 it can be seen that the model independently identified the optimal linear
combination of the initial electrodes. Pc7 and Pc8 were taken with a negative weight
in order to take into account the negative potential values preceding P300, and the
Pz electrode, on the contrary, with a positive weight in order to catch the peak of
the wave itself. Thus, the model independently learned to detect the P300 wave.
The quality of binary classification and character recognition immediately turned
out to be at the level of the best solutions from [2].

Importance map of EEG channels is shown in fig. 1. It can be seen that the
model proposed to use a small number of EEG channels.

Thus, the paper proposes a technique that helps researchers to automatically
identify functional patterns in multivariate time series based from a series of exper-
iments. It was enough to formalise the original task in terms of machine learning
and there was no need for intense exploration of the subject area. The efficiency of
the technique has been demonstrated in the field of neurophysiology for data where
the expected pattern is already known. For further development of this idea, it is
of interest to apply the proposed methodology in other subject areas, for example,
data from sensors on production lines or banking transactions. For such tasks, the
considered approach can be refined and expanded.

The research is supported by Scientific and educational school of Moscow State
University ”jBrain, cognitive systems, artificial intelligence”;, research work of
Moscow State University 5.1.21, RFBR grant No. 20-01-00664.
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Meteoposorudeckue MOKa3aHUs U MX M3MEHEHWs] OKa3bIBAIOT IJI00AJIHHOE BJIH-
siHre Ha (DYHKIMOHUPOBAHUE SKOCUCTEM U PA3BUTHE SKOHOMUYIECKOHN JeATeIbHOCTH
JeJIOBEKa, TI09TOMY IOJIyJIeHNe KaUeCTBEHHBIX JTAHHBIX sIBJISETCsl BaKHeMIel 3a1a-
el COBPEMEHHBIX KJIMMATHIECKUX U SKOJOIMMIECKUX UCCIICTOBAHUIA.

JlaHHBIE TIPEICTABIISIOT COOOM YIOPSIOYEHHYIO MOCEI0BATEIBHOCTh 3HAUCHUIH
METeOPOJIOrUIecKoro nokazaresst f(t), Ha3bIBAEMYIO BPDEMEHHBIM DsiIoM. Bpemen-
HOM PsiJi - COBOKYITHOCTh BEJIMYMH, IIPeJICTaBJISAONas cob0il 3HaYeHe KaKOro-Iiubo
rmapamMerpa, U3MEHsIIOIErocss BO BPEMEHH, IIPU 9TOM KaXKJI0e 3HAYEHUE Psijia COOT-
BETCTBYET 3HAYEHUIO apAMETPa B ONPEJEJIEHHBI MOMEHT BPEMEHH.

O 1HAaKO U3MepUTeIbHbIE TPUOOPHI MHOTIAa PADOTAIOT €O COOSIME, KOTOPBIE Yallle
BCET0O CBSI3aHBI C TEXHUYECKUMU HEUCIIPABHOCTSIMHE, BCJIEJCTBUAE YE€ro B PsiaX Cy-
IIECTBYIOT IIPOIIYCKH, YTO HE II03BOJISET OOECIIEYUTDh HEIPEPBIBHOCTH PErHUCTPAIIN
U3MEpPSIeMbIX IapaMeTPOB. B 3Toil cUTyaluu BOCCTAHOBJIEHUE PSJIOB JIAHHBIX BO3-
MOXKHO OCYIIIECTBUTH HA OCHOBE MATEMATHIECKOIO MOJIE/IMPOBAHMSI.

Paccmorpenbl BapraHTBI BOCCTAHOBJIEHHST BPEMEHHBIX DPsIJIOB, OCHOBAHHBIX HA
CTATUCTUIECKAX METOJaX W METOJ[aX MAIIMHHOTO OOYYeHUsI, a TaKKe MOJIMDUIIH-
POBAHHOI'O BapHAHTA, OCHOBAHHOI'O HA MOCTPOEHUU WHTEIPUPOBAHHON MOJIEJN aBTO-
perpeccun ARIMA | 103BOJISIOMINX BOCCTAHABINBATD Psijibl JuHAMUKH. CTarucrude-
ckuit 1 MopudunupoBaHHbIe MeTOBI 6epyT B ocHOBY Mozeab ARIMA (p,d,q) - unre-
IPUPOBAHHYIO MOJIEJIb aBTOPErPECCUE - CKOJIB3SIIEr0 CPEIHEr0, KOTOPas MCIIOJIb3Y-
eTcst JIJIsi TPOrHO3UPOBAHUS U PADOTHI ¢ HECTAIIMOHAPHBIMU BPEMEHHBIMU PSJIAME U
[IPUBOJIUT UX K CTAIIMOHAPHOMY BUJLY IIyTeM B3aTusl pasnoctu d-ro nopsaka. Momenn
uMeeT cyeayomui Bu|2):

P q
AY; =Y A, i+ > Bier g — e,
i=1 i=1

Mesxqynapogaasa kongepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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Puc. 1. Ha rpaduke npeacrasiena 3aBUCHMOCTh MCXOMHBIX HAHHBIX KOHIeHTparuu CO2
¥ JAHHBIX, IOCTPOEHHBIX ¢ oMOIbI0 Momeau LSTM or Bpemenu.

rie Y; - 3HadeHWe BPEMEHHOTO Psiia B t-bIii MOMEHT BpeMeHU, Y; ;- 3HAUCHUS Bpe-
MEHHOTO PsJia. B TIPEJNIeCTBYIONTEe MOMEHTEI BPEMEHH, O/, .., 0 - KOI(DDUIHEHTEI
asroperpeccut, (1, .., 4 - HapaMeTpbl MOJIEJHU, €; - IIyMOBasd KOMIIOHEHTA, €;_j -
3HAYEHMs MIyMOBOH KOMIOHEHTHI B IIPe/bIAyIIIe MOMeHTHI Bpement, A¢ - omeparop
B3sTHs pasHocTu d-ro nopsizika (auddepeHnupoBanus).

B cityyae BapraHTOB BOCCTAHOBJIEHUsI Ha, OCHOBE METOJIOB MAITUHHOTO 00y YeHUs
OBLIM WCIOJBb30BAHBI CETU IMPSIMOrO PACIPOCTPAHEHUsI CUTHAJA, CBEPTOYHAS HEli-
ponnas cerb (convolutional neural network; CNN), neiiponnas cerb Joiroil Kpar-
kocpounoit mamsitu (long short-termmemory; LSTM), asyranpasnenasie LSTM n
rubpuiHasi METOJUKa BOCCTAHOBJIeHNUsT BpeMeHHbIX psiioB ARIMA-+LSTM.

Ilosrydennbie ¢ TOMOIMIBIO TPEJJIOKEHHBIX METOJIOB PE3YJILTATHI OKA3AJIUCH CPaB-
HUMBI 110 KA4EeCTBY C Pe3yJIbTaTaMU KJIACCUIECKUX METOJIOB IIPOrHO3UpoBanud [3], a
HEKOTOPBIE U3 MOJIEJIEil CIIOCOOCTBOBAIIN UX YJIy UIIEHUIO.

[1] Tasapan B.A., Kypbamosa F0.A., Oscannuros T.A., Ilanxuna H.E. // BMY.Cepus

8. PUBUKA. ACTPOHOMMUA. 2015. No.5.

[2] Bianchi Marco. X-12 - ARIMA (Beta Version 1.1a) // The Economic Journal. Vol.

107. No.. 444. Sep. 1997. p. 1613 - 1620

[3] Kurbatova J., Tatarinov F., Molchanov A. et al. // Environ. Res. Lett. 2013.
No.8.045028.
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Data recovery in time series of meteorological parameters and
CO2 by mathematical modeling
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S

Meteorological parameters and their changes have a global impact on the func-
tioning of ecosystems and the development of human economic activity, therefore,
obtaining high-quality data is the most important task of modern climate and envi-
ronmental research.

The data is an ordered sequence of values of a meteorological parameters f(t)
called a time series. A time series is a set of values representing the value of a
parameter that changes over time, while each value of the series corresponds to the
value of the parameter at a certain point in time.

However, measuring instruments sometimes work with failures, which are most
often associated with technical malfunctions. As a result, there are gaps in the
series, which does not allow for continuous registration of the measured parameters.
In this situation, data series recovery can be carried out on the basis of mathematical
modeling.

The variants of time series reconstruction based on statistical methods and ma-
chine learning methods, as well as a modified version based on the construction of
an integrated ARIMA autoregression model, allowing to restore the dynamics series,
are considered. Statistical and modified methods are based on the ARIMA (p,d,q)
model - an integrated autoregression - moving average model, which is used to pre-
dict and work with non-stationary time series and brings them to a stationary form
by taking a d-th order difference. The model has the following form[2]:

p q
AYY, = Z ;A + Z Bigi—j — &t
i=1 =1

where Y; is the value of the time series at the ¢-th moment in time, Y;_; are the
values of the time series at previous moments in time, a1, .., ®, are autoregression
coefficients, f31,.., /3, - model parameters, €; is the noise component, £;,_; are the
values of the noise component at previous points in time, A? is the operator for
taking the difference of the d-th order (differentiation).

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Fig. 1. The graph shows the dependence of the initial CO2 concentration data and the
data constructed using the LSTM model on time.

In the case of recovery options based on machine learning methods, direct signal
propagation networks, convolutional neural network (CNN), long short-term mem-
ory neural network (LSTM), bidirectional LSTM and hybrid ARIMA+LSTM time
series recovery technique were used.

The results obtained using the proposed methods turned out to be comparable in
quality with the results of classical forecasting methods[3], and some of the models
contributed to their improvement.

[1] V.A. Gazaryan, J.A. Kurbatova, T.A. Ovsyannikov, N.E. Shapkina. Contemporary
climate changes in the southwest of the valdai hills: A statistical analysis of the long-
term dynamics of the Air Temperature. Moscow University Physics Bulletin 2015. 15.
N 5. P. 846-353

[2] Bianchi Marco. X-12 - ARIMA (Beta Version 1.1a) // The Economic Journal. Vol.
107. No.. }44. Sep. 1997. p. 1613 - 1620

[3] Kurbatova J., Tatarinov F., Molchanov A. et al. // Environ. Res. Lett. 20183.
No.8.045028.
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pachoBble MOgenn AN NOCTPOEHUst KapTbl CBA3HOCTU
byHKUMOHaNbHbIX rpynn
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"Mocksa, MOTU
2Mocksa, ®UII Uudopmaruka u yrapasiaerne PAH

Pemaercs 3asa1a noctpoenust Mojesn aHaJN3a aKTHUBHOCTU T'OJIOBHOI'O MO3-
ra, yYUTBHIBAIOIE#l IIPOCTPAHCTBEHHYIO CTPYKTYypy currasua. Jlanaele 00 aKTHUBHO-
CTH MO3Tra IPEJCTaBJIEHBl B BHJle MHOIOMEDHBIX BPEMEHHBIX PSJI0B, CUNTHIBAECMBIX
9JIEKTPOJIAMHE, PACIIOJIOKEHHBIMU Ha I'OJIOBE UCIIBITYEMOI'O OJIHAM U3 YHUBEPCAIbHBIX
CTaH/IAPTOB pa3MelreHus. 113-3a oTCyTCTBUSI PEryJISIPHOTO OlIpe/e/IeHIsI OKPECTHO-
cTu Ha chepuIecKoil IOBEPXHOCTH MO3T'a KJIaCCUYECKHe CBEPTOYHbIE HEIIPOHHBIE CETN
HE MOI'YyT ObITh 3(PHEKTUBHO IPUMEHEHBI JJIs ydeTa IIPOCTPAHCTBEHHON nH(MOpMa-
mun. Ilpemraraercst ncnosb3oBaTh rpadoBoe MPEJICTABICHAE CUTHAJA JIJIsI BHISBIIC-
HUSI B3aMMOCBSI3€il Pa3/IUIHBIX 00JacTeil aKTUBHOCTU B IIPOCTPAHCTBE M [IPOBECTH
HEeHPOOMOJIOrNYeCcKyIo NHTepIpeTanuio QyHKIIMOHAIBHBIX CBsi3eil mosra. Vccery-
I0TCsI Pa3/IMYHbIE METO/IbI IIOCTPOEHUSI MATPUIIbI CBSI3HOCTH, OILPeiesitoeil rpado-
BYIO CTPYKTYDY JJIsl €€ IIOCJIEJYIONIEr0o MCII0JIb30BaHus rpadoBoil Mojesbo. s
OIIP€/IeJIEHNS] MATPHIIBI CBA3HOCTH PACCMATPHUBAIOTCA JI€TEPMUHUPOBAHHBIE METOIBI
OTIEHKH JIMHEWHOH CBSI3W MEXK Ty BPEMEHHBIME PsI/TaMI Ha OCHOBE KOPPEJIAINN, CIEK-
TPaJIbHOI'O AHAJIN3a, ABTOPErPECCUOHHOIO 10/IX0/1a ¥ HeJIMHEIHBINA MeTOJ[ CUHXPOHH-
3anun ¢as3. B kauecTBe Mojiesn /il PeneHns! 3a/[a4i JeKOMPOBAHNS [IPEJIaraeTcsl
UCIIOJIb30BaTh KOMIIO3UIINIO IpadOoBOil CBEPTKH JJIs arperaliy IPOCTPAHCTBEHHON
nHMOPMAIE U PEKYPPEHTHOIO OJIOKa JIsi 00PabOTKN BPEMEHHON II0CIIEI0BATEI b
Hoctu. TakaKe mccse/ryercs IPpUMEHIMOCTD i dY3HbIX ypaBHeHNN Ha rpadax.

[1] Hcauenxo P.B., Cmpuotcos B.B. Quadratic programming feature selection for

multicorrelated signal decoding with partial least squares // Expert Systems with
Applications, Beimyck 207, 30 Host6pst 2022, 117967

Mesxqynapogaasa kougepennus UOH-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.



Signal processing 301

Graph models for constructing the connectivity map of functional
groups
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The problem of constructing the model of human brain activity with respect
to the spatial structure of the signal is considered. The brain activity is described
by multidimensional temporal series extracted from electrodes, arranged on the pa-
tient’s head in accordance with one of the universal arrangement schemes. Classical
convolutional neural networks can not be utilised effectively to account for the spatial
information due to absence of a regular definition of a neighbourhood on a spher-
ical surface of the brain. A graph representation of the signal for identifying the
interactions between different activity zones in space and for neurobiological inter-
pretation of the functional connections of the brain is proposed. Different methods
of constructing the connectivity matrix defining the graph structure are studied.
Deterministic methods of estimating linear relationship between time series based
on cirrelations, spectral analysis, autoregression approach and nonlinear phase syn-
chronisation are employed for evaluating the connectivity matrix. A composition
model of graph convolution for aggregating spatial information and recurrent block
for time series processing is proposed for decoding. Applicability of graph neural
diffusion equations is also studied.

[1] Isachenko R.V., Strijov V.V. Quadratic programming feature selection for multicorre-
lated signal decoding with partial least squares // Expert Systems with Applications,

Volume 207, 30 November 2022, 117967

International Conference IDP-14. Russia, Moscow, December 6-9, 2022



302 O6paboTka U aHAJN3 CUTHAJIOB

MeTop aHanu3a NpUpoAHbIX AaHHbIX HA OCHOBE
BenBnet-chunbTpaunn n HeipoHHubix ceteii NARX
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IToao3oe FOpuii Anexcandposur’ up_agent@mail.ru
Mandpurosa Bozdara Cepzeesna'x 555bs50mail . ru

Maparynka, MHCTUTYT KOCMOGMDUIMUIECKIX HCCIEI0BAHMI I PACIPOCTPAHEHHSI Pa,[AOBOJIH
JIBO PAH

Bsedenue. Ilpeiiozken MeTo/1 aHAIN3a IIPUPOJIHBIX JAHHBIX, OCHOBAHHBIN Ha COB-
MECTHOM TIPUMEHEHWH oreparuii BeliBier-duabrpanun u Heiiporubix cereil NARX.
Ceru NARX BBIMOJHSIOT alPOKCHMAIIAIO BPEMEHHBIX DPsJIOB HA OCHOBE <«MOJIe-
Jiel HeJMHeHHOM aBTOpEerpeccun € dK30TE€HHBIMEM BXogamu». lIporeaypa BeiiBieT-
durpTpanuu B JaHHON paboTe BKJIIOYAET KOMOMHAINIO KOHCTPYKIIMU KPATHOMAC-
mrabHoro aHammsa [1] m noporoebix dyHkumii. IIpe/yioKeH ajropuT™ BelBieT-
duibTpanuy u crocod OIEHKHU IIOPOroB, OCHOBAHHBIN HA CTOXACTUYECKOM II0JIXOJIE.
Ormcanb! OMEpAIY PEATHIAIINH METOIA.

B pabore paccmaTprBaiOTCsS BpeMEHHBIE PSIABI KPUTUTIECKOH TaCTOTHI HOHOChEP-
Horo cyiod F2 (foF2). Anomasmu B monocdepe BIHSIOT HA PA3JIMIHbIE ACIIEKThI K3~
HHU, QYHKIMOHUPOBAHNE KOCMUYECKUX AlllapaToOB U CTaOMIBbHYIO PAbOTy PaHOCBsI-
3u. [lpumMeHsieMble TPaIUIINOHHBIE METO/IbI aHAJN3a MOHOCHEPHBIX JAHHBIX HE J0-
craTouno 3PdEeKTUBHBI it 0OHapyKeHnus noHocdepHbix anomasuit [2]. B pabore
mokazaHa 3MPEKTUBHOCTD MPEIaraeMoro MeTo 1, JIsT OOHAPYKEHNsT TOHOCHEPHBIX
aHOMaJIMil B IepUO/Ibl MArHUTHBIX Oypb. Ilokazamo, 4TO IpUMEHEHME IPOIELY P
BeBIIET-(DUIBTPAIINN [TO3BOJISIET TOIYIUTH OOJIee TOYHYIO HEHPOCETEBYIO MOJEh
NARX BpemenHoro psijia mnapamerpoB noHocdepbl. TakKe BBIIOJIHEHO CDaBHEHHE
METOJIa ¢ HEMOCPEJICTBEHHBIM UCIOJIb30BaHneM Heiiponubix cereit NARX, mogrsep-
JuBIee ero 3(pHEeKTUBHOCTD.

Onucanue memoda. Ilpumenenue eetigaem-npeobpazosarus u nopozosots dymk-
yuu. 1151 TOBBINIEHNST Ka4ecTBa IIPOLE/Ly Pl aHAJIN3A IIPUPOTHBIX JAHHBIX HA OCHOBE
HeHPOHHBIX ceTeilf, caenyst paboraM [3, 4], IprIMeHeHbI onepanuy MOJABIeHUs Iy Ma.
AropuT™ MOABIIEHAST TITyMa CJIETYOTHiL:

1. BeiiBrer-pasznoxkenue curaana fo(t) Ha KOMIIOHEHTHI:

—m

fot) =" gi() + fm (D),

j=-1

rge fom(t) =>4 Com kP—m k() — CliIazKeHHAs] KOMIIOHEHTA, C_m k = (fo, P—m. k),
Y_mk(t) = 27M/2p(27™Mt — k) — creitmnr-byHKus, 9;(t) = >, dj k¥, k(t) — me-
raymzupyionue Komronentst, d; x = (fo, ¥; 1), ¥, (1) = 29/20(2/t — k) — Beiiner,
j — YPOBEHDb Pa3JIOXKEHH, JJIsl HCXOJHOIO CHTHAJIA IIPEIIOJIaraeTCs YPOBeHb PasJIo-
xenns j = 0.

2. Ilpumenenne moporosoit GyHKIME K K03b@HUImEeHTaAM KOMIIOHEHT ¢ (1):

Mesxqynapogaasa kougepennus UOHU-14. Poccust, r. MockBa, 6—9 nekabpst 2022 r.
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0, ecin |d; x| < T

T(dj) =
(dj.x) dj k., ecmm |dj | > Tj

b
rae T; = t1-g N-10;, ta,N — a-KBaHTHUIN pacupenenenus Crbiofenta, 0; — BbIOO-
POYHOE CTaHJAPTHOE OTKJIOHEHWE, YPOBHH PAa3JI0XKeHus j = —1, —m.

3. BeiiBier-BoccTaHABIEHNE CUTHAJIA:

Fot) =D T(dj k)5 (t) + fom ().
Jk

Omnpenenenne noporos T kak Tj = t1-g N-10;, 1€ to, N — Q-KBAHTUIIM Pacrpe-
nenernss CTbIOIEHTA.

IIpumenenue netipornvir cemeti NARX. Ucnonssosamuck cetu NARX ¢ obpat-
upiMu cBs3svi [5]. Bxox cern o6osmauen kax fo(t), a soixon fo(t 4+ 1). Bxommbie
BEKTOPBI JIJIs1 CKPBITOTO CJIOS SIBJISIFOTCS BJI0KAMU BPEMEHHBIX JIMHUAN 3a/1ePKKH. 3HA-
YeHUe BBIXOJa HEHPOHHOM ceTu fo(t + 1) umeer Bux;

fO(t + 1) = F[%(t)’ J?O(t - 1)’ A ]?O(t - l.L)? fO(t)v fO(t - 1)7 sy fO(t - ly)]a (1)

rae F(-) - byHkims oTobpaykeHns: HEHPOHHON CeTH.

B Beipaxkenun (1) npezcrapieH aHaJIUTHIeCKUH BUJ i apxureKTypbl NARX
PA. B NARX SPA na BXoj ceTu BMECTO BBIXOJIOB ﬁ) (1) HOHAIOTCsI IPOIILIblE 3HAYECHUS
fo (1), =t,t — . KommaecTso nunmit 3aqepKKH BXona U BLIxona [, = [, mo3Bosster
PeryJmpoBaTh TiyOUHY PETPOCIIEKTUBHOIO AHAJIU3A.

Pesyavmamu, npumenenus memoda das darnvz uonochepo.. Ha pucyrke 1 mnpe-
CTaBJIEHBI PE3YJILTATHI PAOOTHI HEUPOHHBIX CeTeil B IMepuo MArHUTHON Oypu, mpo-
nzome et 14 — 19 wurons 2017 r.. Ananus jganabix foF2 mokaswiBaeT HapyiieHue
peryssipaoro xoza 16 — 18 uiosia (puc. la-e, g-k), 9r0o 06ycI/I0BIEHO BO3HUKHOBEHUEM
noHOC(EPHBIX BO3MYIINEHUH. AHOMAabHBIE U3MEHEHUsI BO BPEMEHHOM XOJI€ JTAHHBIX
foF2 npuBesnu Kk Bo3pacranuio omuboK HefipoHubix cereil (puc. 1b-e, h-k).

Anasu3 pe3yabTaToB MOKA3bIBAET, YTO IPUMEHEHNE BeiBIeT-(DUILTPAINN [T03BO-
JIsIeT CYIIEeCTBEHHO IIOBBICUTH Ka4eCTBO pabOThI ceTeil, Bapualluy OMUOOK OJIU3KU K
HYJTIO JJTel MaJION JIMHUM 3aJ€PKKNI ceTH [, =, = 2. B nepuno1 BOSHNKHOBEHNH TIPO-
JIOJIKUTEJIbHON MOHOC(EPHON aHOMAJIUU OIMMUOKN ceTeil CyIeCTBEHHO BO3PACTAIOT,
YTO MO3BOJISIET €€ JIeTeKTUPOBATh. AHAIN3 MeJIUAHHBIX 3HAYCHUl (OTMEYEHbI IIyHK-
TUPOM Ha pUCYHKe 1 a,g) HoATBEepXKIaeT HAJUINE AHOMAJMK B HOHOC(hEPe B II€PUOJ
maranTHo Oypu. CpaBHenne pesysnbraToB HeiponHbix cereii NARX SPA ¢ mesn-
AHHBIM METOJIOM IOKa3biBaeT 3(M(PEeKTUBHOCTH IIpejIaraeMoro Meroaa. Bejeacrsue
U3MEHEHUsI BPEMEHHOrO Xo/1a JgaHHbX foF2 Bo Bpems marHuTHOI Oypu, B pacdyerax
MeIMaHHBIX 3HAYEHUI BO3HUKJIA MOTPEITHOCTH B Irepuot mocie Oypu 18 mross 2017
I., KOTOpbIE OTCYTCTBYIOT B HEHPOCETEBOI MOJE/IN.
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Puc. 1. Pesynprarsr 06paborku ganubix 14-19 wmross, 2017. KpacHblil IyHKTHP — HaYaJIO
MarHuTHOR OypH.

Saxaouenue. Tlpumenenne meroma MmokKasaso ero 3MH@EKTHBHOCTH B 3ajade
aHaJIn3a MOHOC(EPHBIX JAHHBIX M OOHapyxkeHust aHoMajuil. Ouepanuu BeiiBer-
duIbTpaIMK IO3BOJISIOT CYIIECTBEHHO IOBBICUTH KAYECTBO PabOThl HEHPOHHBIX Ce-
reit NARX. Omubkn ceTeit 6,IM3KH K HYJIIO JJTe MAJIOH JIMHUY 3a0€PKKN I = [, = 2.

Pabora Bemonnena B pamkax ['3 «@usndeckue mporeccsl B cucreMe OJIMXKHEro
KOCMOCa, U Teocep IPU COTHETHBIX U JUTOChEPHBIX BO3melicTBusgX. Perucrpamnnon-
ubiit Homep: AAAA-A21-121011290003-0.

[1] Mallat, S.G. (1999) A wavelet tour of signal processing. San Diego: Academic Press.
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Natural data analysis method based on wavelet filtering and
NARX neural networks
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Introduction. A method for analyzing natural data is proposed. It is based
on joint application of operations of wavelet filtering and NARX neural networks.
NARX networks approximate time series based on the models of nonlinear autore-
gressive with exogenous inputs. Wavelet filtering procedure includes the combination
of the structure of multiscale analysis [1] and threshold functions. A wavelet filtering
algorithm and a threshold estimate technique based on a stochastic approach are
proposed. Method realization operations are described.

The paper considers time series of the ionospheric layer F2 critical frequency
(foF2). Anomalies in the ionosphere affect different aspects of life, space craft func-
tioning and radio communication stable operation. The applied traditional method
for ionospheric data analysis are not effective enough to detect ionospheric anomalies
[2]. The paper shows the efficiency of the proposed method for detection of iono-
spheric anomalies during magnetic storm. It was shown that application of wavelet
filtering procedure allows us to obtain a more accurate NARX model of ionospheric
parameter time series. The method is also compared with direct application of
NARX neural networks that confirmed its efficiency.

Method description. Application of wavelet transform and threshold function. To
improve the quality of natural data analysis based on neural netowks, according to
the papers [3, 4], we applied noise suppression operations. The algorithm for noise
suppression is the following:

1. Signal fy(t) wavelet decomposition into the components:

fo®) =Y i)+ f-m (D),
j=—1
where f_,(t) =D C—m kP —m,k(t) is the smoothed component, c_,, . = (fo, P—m.k),
O—mk(t) = 27™/2p(27 ™t — k) is the scaling function, g;(t) = 3, d; ¥, 1 (t) are de-
tailing components, d; x = (fo, ¥, 1), U x(t) = 29/2W (27t — k) is the wavelet, j is the
decomposition level, the decomposition level j = 0 is assumed for the initial signal.
2. Application of the threshold fucntion to the component coefficients g;(t):

7 dj,k; Zf |dj7k| > Tj

where T; = t1-g N-10j, la,N are a-quantiles of Student’s distribution, &; is the

)

sample standard deviation, the decomposition levels j = —1, —m.
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3. Signal wavelet recovery:

Fot) =D T(d; )W) k(t) + fm ().
gk

Determination of thresholds T; as T; = ti1-g n—16;, where t, N are the a-
quantiles of Student’s distribution.

Application of NARX neural networks. We applied feedback NARX networks
[5]. Network input is denoted as fo(t) and the output as fo(¢ + 1). Input vectors
of the hidden layer are the delay time line blocks. The neural network input value
fo(t + 1) has the form:

fO(t + 1) = F[%“)v%“ - 1)7 "'7.]?0(t - la:),fO(t)m]EO(t - 1)’ "'afO(t - ly)}v (1)

where F'(-) is the neural network display function.

Analytical form for the NARX PA architecture is represented in expression (1).
In NARX SPA, previous values ]?O(z) are applied to the input instead of the outputs
fo(i),i = t,t —l,. The number of input and output delay lines I, = [, makes it
possible to regulate retrospective analysis depth.

Results of method application for ionospheric data. Fig. 1 shows the results of
neural network operation during a magnetic storm, which occurred on July 14-19,
2017.

foF2 initial data (black) and foF2 median (green) MHz 7 foF2 initial data (black) and foF2 median (green)
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Fig. 1. Result of data processing for the period July 14-19, 2017. Red dashed line indicates
the magnetic storm beginning .
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Analysis of foF2 data shows regular variation deviations on July 16-18 (Fig. la-e,
g-k) that is determined by ionospheric disturbance occurrences. Anomalous changes
in foF2 data time variation caused increase in neural network errors (Fig. 1b-e, h-k).

Analysis of the results shows that application of the wavelet filtering makes it
possible to improve significantly the network operation quality. Error variations
are close to zero for the network delay small line I, = [, = 2. During continuous
ionospheric anomaly occurrence, network errors increase significantly that allows
us to detect it. Analysis of median values (dashed line in Fig. la,g) confirms the
anomaly in the ionosphere during the magnetic storm. Comparison of the results
of NARX SPA neural networks with the median method shows efficiency of the
proposed method. Due to the time series change in foF2 data during the magnetic
storm, errors appeared in median value estimates for the period after the storm on
July 18, 2017, which are absent in the neural network model.

Conclusion. The application of the method has shown its effectiveness in the task
of analyzing ionospheric data and detecting anomalies. Wavelet filtering operations
can significantly improve the performance of NARX neural networks. Network errors
are close to zero for a small delay line [, =1, = 2.

The work was carried out as a part of implementation of the State Task AAAA-
A21-121011290003-0. The work was carried out by the means of the Common Use
Center ”North-Eastern Heliogeophysical Center”.
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!Tyna, Tynsckuit ToCyJapCTBEHHBIH YHIBEPCATET

B pabore paccmaTrpuBaeTcs 6eCIpU3HAKOBBIN MOAXO K PACIO3HABAHUIO 00Opa-
308 [1] B 3ama4e JeTeKTHpOBAHUS MAJEHNIT YeJOBeKa Ha OCHOBE CKEJIETHOTO IIPe-
craBjieHusI ero (burypbl. Beclpu3HAKOBBIN IIOIXO0J, I[IPEIIOJIAraeT IpPeCTABIeHIe
OOBbEKTOB TOIXOJIsAINeil Mepoit WX TomapHOro cpaBHenus. lcnosib3oBanue QyHK-
Y TIOMAPHOTO CXOJCTBA CKEJIETHBIX MOJEJell MeXKIy cOoDO#l MpeaoCTaB/IsieT BO3-
MO2KHOCTb COKDBITHsI OT BHEIITHEr0 HAOJIIOATE s IPEICTABIEHNAs] CKEJIETHON MOJIe-
s (cKeJsieTa) B KOODJAMHATHOM HpocTpaHcTBe. B pabore KaxKas CKeJeTHasi MOJIEIb
[peJicTaBjieHa HaDOPOM BeIeCTBEHHBIX 3HAYEHUIl, OTPAKAIOIIMX Mepy HEeCXOJCTBaA
9TOI MOJIESIN C HEKOTOPBIM (PUKCUPOBAHHBIM HaOOPOM MOjeJiell Oa3uCHON COBOKYII-
svocru [2]. Takum o6pazom, Jrobas CKeJeTHAd MOJE/Ib MOXKET OBITH [IPEJCTABJICHA
(PUKCHPOBAHHBIM HAOOPOM PACCTOAHHUI IO KasKIOr0 00bEKTa OA3MCHON COBOKYIIHO-
cTH, 0bpas3ys BekTop-crosibert. [locmemoBaTelbHOCTL BEKTOPOB (DOPMUPYIOT MaATPH-
Iy PacCTOSTHUI, KOTOPYIO MPEJJIOXKEHO HA3bIBATh KAPTOil aKTUBHOCTH. B pabore mjist
pellleHns 33,191 JeTeKTUPOBAHUS MTaJeHHI IIpe IaraeTcs: KjiacCuuKaius KapT akK-
TUBHOCTH METOJIAMU TUIyOOKOro OOyYeHUsl C IPUMEHEHNEM CBEPTOYHBIX HEHPOHHBIX
cereil.

B pabore omnpenenena GyHKINsS MONAPHOTNO CPABHEHUsI CKEJIETHBIX MOJIEJEi, a
TaKKe BBIJIEJICHBI ACIIEKThI, KOTOPble HEOOXOJNMO YUUTHIBATDH MIPU €€ BBIUYUCICHUN:
Pa3HBII POCT JIFOJIEIl U CMEIIEHNe CKeJleTa B ClIeHe OTHOCUTE/IBHO II0JIOXKEHUs KAMePbI
(nauasa xkoopauunat). I[IpoBeeHo uccienOBanue JABYX METOJOB OUEHKH POCTa s
VCKJTIOUEHUs BJIASIHUSI AHTPOINOMETPUYECKUX CBOMCTB YeJI0BEKa HA JIJINHY CErMEH-
TOB CKEJIETHON MOJIEN; OMUCAHBI TPOIEYPhl YCTPAHEHUsI BEPTUKAJIHLHOIO CMeIre-
HUSI KayKJO TOYKHU CKEJIETHOM MOJIEJIN U COBMEIEHUST CKEJIETHBIX MOJIeJIell B TOUKe
HaJvaJja KOOPJAUHAT 110 ocstM X U Z olpejiesieHa (pyHKIUsI TOMapPHOI0 HECXOCTBA, KO-
TOpasi JJisl JIBYX CKEeJIeTHBIX MOJIe/Iel IPUHUMAET BUJI €BKJIUJOBOI HOPMBI PA3HOCTH
KOODJIMHAT COOTBETCTBYIONIUX TOYEK.

B pabore npoBesien anaan3 0a3 TaHHBIX aKTUBHOCTEN JIIOJEH, 3aIMCAHHBIX [IPU
momotnn 3D ceHcopa W CONEpIKAINMUX CKEJIETHOE OIUCAHUE YeJIOBEKa JJI KaXKII0-
ro KaJipa BujeorocienoBareabocTu. Takumu 6azamu jjaHHbIX siBjsgrorcs 1ST Fall
Detection v2 [3] u NTU RGB+D 120 dataset [4]. Taxkxke onucan Habop IaHHBIX
u3 136 ckeyleTHBIX MOJIesIell, COOPaHHBII B IIPOIECcce MPOBEIeHUs JIaOOPATOPHBIX UC-
caenoBanuit. OObEKTH 3TOro0 HAOOPaA MAHHBIX OBLIN BBIOPAHBI ISl [IPECTABICHUS
06a3MCHOIT COBOKYITHOCTH.

Mesxqynapoaaasa kougepennus UOHU-14. Poccusi, r. MockBa, 6—9 nekabpst 2022 r.
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Ha ocroBe cchopmMupoBamtoit 6a3UCHON COBOKYITHOCTH ITPOBEIEHBI SKCIIEPIMEHTHI
U TIOJIyYeHbl KapThl aKTUBHOCTEN [JIs1 HECKOJIBKHUX JIEMOHCTPATUBHBIX BHIEOIOCTIE-
JloBaTejibHOCTEN. AHau3 n300pakKeHuil JJaHHBIX KapT aKTUBHOCTEN BBHISBUJI HEOO-
XOJIUMOCTD YJIy4IIeHns] KA4ecTBa KapThl aKTUBHOCTH. KadecTBO KapThl aKTUBHOCTHU
HAIPSAMYIO 3aBUCHUT OT IOPSIKA PACIOJIOXKEHNS CTPOK B HEll, KOTOPBIA M3HATATIHHO
He OIpeJesIeH.

Taxoe npe/osiozKeHne MO3BOJISET BBIIBUHYTH FTUIIOTE3Y O TOM, YTO €CJIH KAXKIbIN
3JIEeMEHT Oa3MCHON COBOKYITHOCTH SIBJISIETCS SJIEMEHTOM METPHUYIECKOrO TPOCTPAH-
cTBa, TO Kpardaimmii HesamkuyTbiii myrs (KHII) paccraBur 3/71€MEHTBI B TAKOM
MIOPSIJIKE, UTO IMEPEXOJ MEXKIY CTPOKAMHU MAaTPUIIBI PACCTOSHUN Ha H300paKeHUN
KapThl aKTUBHOCTU OyzeT OoJiee IIaBHBIM, TPAHUIIBI MEXK/Ly OTIEIbHBIMA AKTUBHO-
cTsiMu 00Jiee IBHBIMH M PACIIO3HABAEMBIMHU, & CAMO M300pakeHue 0oJiee TIIaJKIM 1
peIrpe3eHTaTUBHBIM.

jist yriopsiiounBaHusi 06bEKTOB OA3UCHON COBOKYITHOCTHU HCIIOJIB30BAJIUCEH aJIIO-
purmbl oncka KHIT mex ity obbekTaMu npejjioxkeHHsle B pabore [5]. Yoopsgoun-
BaHMe 0A3MCHON COBOKYITHOCTH CIIOCOOCTBOBAJIO TOSIBJICHUIO 0OJI€€ BBIPAYKEHHBIX W
KOHTPACTHBIX IIEPEXO0B MEXK/Iy aKTHUBHOCTSIMU.

IIpoBesienbl SKCIIEpUMEHTAIBHBIE HCCJIEIOBAHUS IIPUMEHEHUs] CBEPTOYHON Heli-
pounoit cetu ResNETH0 myia perenusi ByXKJIaCCOBOI 3aJlauu KJacCUPUKAIIUNA HA
KapTax aKTUBHOCTHU C UCIIOJIh30BaHNEM OMHAPHON KPOCC-IHTPOIINU B KaYecTBe (DyHK-
nuu morepb. O0ydaronuii HabOp JAHHBIX IIPE/ICTABIEH HADOPOM KapT aKTHUBHOCTEH
pasmepa 136x32. 3anmcanble KapThl aKTUBHOCTH IO BCEM BUJIEOMOCTIEIOBATEHHO-
crsim 6asbl ganabix TST Fall detection paspesiensl Ha aBa Kiacca: «Falls u «ADLsy.
K ruraccy «Fall» orHOCSITCST TaKKe KapThl aKTUBHOCTEH, KOTOPBIE COJIEPXKAT BHYTPH
cebsi KaJIpbl ¢ HAYaJI0M U KOHIIOM IIaJI€HUs] MJIM TOJIBKO KaJIPbI C IAJI€HUEM, OCTAJIb-
HbIE KapThl aKTUBHOCTEH npuHasexkar Kiaaccy «ADLy. Kaprer akrusHocreil, B KO-
TOPBIX KQJIPBI C MAJCHUSAME YACTHIHO IPHUCYTCTBYIOT, UCKJIIOYEHBI U3 00ydJarorei
BBIOOPKHU U UCHOJIB3YIOTCH TOJIBKO [P TECTUPOBAHUU. TeCTHPOBaHUE TaK Ke, KaK U
B mpepLLyeit pabore [6] BimosnHsATOCH O Tiporeaype Leave-One-Person-Out [7].

IIpemozkeHHbBIH TTOJIXO/T K PEIICHUIO 33/Ia9H JIE€TEKTUPOBAHUS TIAJICHUI e/ TOBEKA
MMO3BOJIMJI HE TOJILKO MOBBICUTH ONEeHKY TouHOCcTH ¢ 0.936 1m0 0.947 oTHOCHTEIHHO
IPEIBLIYIIUX Pe3yIbTaToB [6], HO U IPEB30HTH JAPYIUe AJrOPUTMbI JI€TEKTUPOBAHUSI
HaJieHnii, yKasaHHble B cTaThe [6].
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This paper considers featureless approach to pattern recognition [1] in the human
fall detection problem based on figure skeletal representation. Featureless approach
implies object representation by their pairwise comparison measure. The pairwise
similarity function of skeletal models make it possible to hide skeletal representation
in coordinate space from the external observation. Each skeletal model is represented
by a vector of real values (column vector) reflecting the dissimilarity measure of this
model with respect to a fixed set of skeletons named basic assembly [2]. Sequence of
this vectors forms a distance matrix which we define as ”activity map”. We propose
an activity map classification by CNN deep learning methods to solve the human
fall detection problem.

The work determine the pairwise comparison function of skeletal models, and
show aspects should be taken into account due to function compute: various peo-
ple height and skeleton shifts relative to camera position (coordinates origin) in the
scene. We research several height estimation methods to exclude an influence of
human anthropometric characteristics on the length of the skeleton segments, de-
scribe procedures for eliminating the vertical bias of each point of skeletal model
and combining skeletal models at the origin points along X and Z axes. And as a
result we determine the pairwise function for two skeletal models. It takes a form of
Euclidean norm of the coordinate difference between corresponding points.

In this work we performed databases containing activity monitoring data analy-
sis: TST Fall Detection v2 [3] and NTU RGB+D 120 dataset [4]. Also we describe
a set of 136 skeletal modes recorded during the laboratory research. This objects
constitute the basic assembly.

We provide experiments based on formed basic assembly and receive activity
maps for several demonstrative video sequences. Analysis of this activity maps
visualization allow to reveal the necessity to improve the quality of activity maps.
This quality directly depends on the order of rows in the distance matrix. Initially
this order not strictly defined.

This assumption allow to set up the following hypothesis. If each element of
the basic assembly is an element of the metric space, then the shortest unclosed
(SUP) path will arrange the elements in such an order that: the transition between
the boundaries will be smoother; the boundaries between the individual activities
themselves will be more explicit and recognizable; the activity map will be smoother
and more representative.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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We apply the SUP search algorithms proposed in [5] to order the basic assembly

objects. The ordering of basic assembly allows to obtain more explicit and contrast
transitions between the activities on an activity map.

In the experimental part we apply the CNN ResNETv2 with the binary cross-

entropy as loss function to solve the two-class problem on activity maps. The training
dataset is presented by activity maps with 136x32 shape. The activity maps recorded
on all video sequences from TST Fall detection database was divided into two classes:
”ADL” and "Fall”. ”Fall” labeled activity maps contain frames with start and end
of fall activity or only fall activity frames inside itself. The others activity maps
is labeled as "ADL”. Activity maps where frames with partially presented falls are
excluded from the training sample and are used only for tests. Test as in the previous
work [6], is performed according to the Leave-One-Person-Out procedure [7].

The proposed approach to solve the human fall detection problem allow to in-

crease the accuracy estimate from 0.936 to 0.947 relative to previous results [6] and
also exceed other fall detection algorithms specified in the article [6].
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'Mocksa, ®UII "Nudopmarnka u Yupasiaerne" PAH
OCKBa ockoBckuit ®uzuko-Texunyeckuit ITucruryT
M , M D T n

O1weHKa [103bI YeJIOBEKA — aKTHBHO HCCIeAyeMast 3aJa4a B KOMIIbIOTEPHOM 3PEHUMH.
Wurepec K perreHunio JaHHON 3a/1a9W OOYC/IOBJIEH OO/IBITAM KOJUIECTBOM ODJIaCTE
MIPUKJIQTHBIX IPUMEHEHNH, TAKUX KaK 0e30MacHOCTh, MEJIUITMHA, BUPTYaJIbHAs Pe-

AJIBHOCTh U JpyTrue. Pelenus 3a1a9u OIEHKH I03bI Y€JI0BEKA JIOJIPKHBI OBITh YCTOI-

9UBBbl K YACTUYHOMY WJIM IIOJIHOMY II€DPEKPBITUIO KJIIOYEBBIX TOYEK, PA3JIUYUAM B

TEJIOCTIOYKEHUN JIIOJIe M CHIIYITOB OEKAbl 1 M3MEHEHWIO KOJIMIECTBA JIIOJel B KaJl-

pe. OJHUM U3 METOJOB IOBBIIIEHUS] KAYECTBA U CTAOMJIBHOCTH PEIIEHUI SIBJISIETCS

ucnosb30Banue anpuopHoilt nadopmaruu|l]. B gactHOCTH, TaKod MOAXO01 IPUMEHS-
eTcs U B 3a7[a9aX KOMIIBIOTEpHOro 3penusi|2]. B kadecTBe anpuopnoit nadopmalmn

MOXKHO WCIIOJIb30BaTh MpONOpIuil Tera demoBeka. OauH U3 CIOCOOOB yYIUTHIBATH

AIIPUOPHBIE 3HAHUS — J00ABICHNE PETYIIPU3AINOHHOTO CIaraeMoro B (PYHKITAIO T10-

Tepb. B KavecTBe ampropHONl MOXKET PacCMATPUBATHCI MHAMOPMAIHS O Pa3INIHBIX

MIPOTIOPITUAX UesoBeka. [Ipeabyime nccaeoBaHmsl TOKA3aI1, ITO UCIIOIb30BaAHNE

HEKOTOPBIX IIPOIOPIHII B PEryJIspU3aIMOHHOM cjiaraeMoM 0oJiee 3(pheKTUBHO, YeM

WCIIOJIb30BaHue Ipyrux. B manHoil paboTe TpON3BOAUTCS AHAIN3 PA3IHIHBIX KITIOUe-

BBIX TOYEK TeJia 9eJIOBEKa U MCCICIYyEeTCs N3MEHEHNe IMHAMUKH MIPOIecca 00y IeHmsT

(UKCUPOBAHHON MOJEIN TMPH UCIOJTH30BAHUN PA3IUIHBIX MTPOIOPIINA B PEryIsapH-

3aIMOHHOM cjaraeMoM. Pa6ora seinosnena Ha naracere Human3.6m(3].

[1] Vapnik V., Izmailov R., Learning using privileged information: similarity control and
knowledge transfer, The Journal of Machine Learning Research, vol. 16, pp. 2023—-2049.

[2] Lehrmann A. M., Gehler P. V. and Nowozin S., A Non-parametric Bayesian Network
Prior of Human Pose, 2013 IEEE International Conference on Computer Vision, 2013,
pp. 1281-1288.

[38] Ionescu C., Papava D., Olaru V. and Sminchisescu C., Human3.6M: Large Scale
Datasets and Predictive Methods for 3D Human Sensing in Natural Environments,
IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 36, no. 7, pp.
1325-1339.
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Keypoint analysis in human pose estimation task

Kaprielova Mariam**x kaprielova.ms@phystech.edu
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Neychev Radoslav* neychev@phystech.edu

"Moscow, Federal Research Center ” Computer Science and Control” of the Russian
Academy of Sciences
2Moscow, Moscow Institute of Physics and Technology

Human Pose Estimation is a fundamental problem in computer vision. High
interest of pose estimation task is due to its application in a wide range of fields
such as security, healthcare, virtual reality etc. Human pose estimation methods
should be stable in cases of partly or full keypoints occlusion, various body types,
oversize clothes, different number of people in the frame. Most popular approach
of improvement models quality assumes using privileged information [1]. It is also
useful in computer vision tasks [2]. Human body proportions can be employed
as informative prior. One way to consider prior knowledge is to complement loss
function with regularization term. Resent research has shown that usage of certain
proportions in a regularization term are more efficient in comparison to others. In
this work, we analyze different keypoints of human body and investigate the dynamic
changes in model leaning process depending on various proportion in regularization
term. The research is made using Human3.6m dataset|[3].

[1] Vapnik V., Izmailov R., Learning using privileged information: similarity control and
knowledge transfer, The Journal of Machine Learning Research, vol. 16, pp. 2023-2049.

[2] Lehrmann A. M., Gehler P. V. and Nowozin S., A Non-parametric Bayesian Network
Prior of Human Pose, 2013 IEEE International Conference on Computer Vision, 2013,
pp. 1281-1288.

[3] Ionescu C., Papava D., Olaru V. and Sminchisescu C., Human3.6M: Large Scale
Datasets and Predictive Methods for 3D Human Sensing in Natural Environments,
IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 36, no. 7, pp.
1325-1339.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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HenpepbiBHOE npeacTaBieHue CUrHaaoB FrOJIOBHOMO MO3ra

Camozuna Aauna Maxcumosna'x alina.samokhina@phystech.edu
Cmpuosicoe Badum Burmoposu~' strijov@phystech.edu

Mocksa, MockoBCKHiT (bH3MKO-TEeXHUUECKN# HHCTUTYT (HAIIMOHAIBHBIH
HCCIIE/I0BATEBCKUIl YHUBEPCUTET)

Uccitemyercst mpobiiemMa MOCTPOEHUS HEITPEPBIBHOTO 110 BPEMEHU ITPECTAB/ICHUS
curHaja. B paMkax 3agadn IEKOIUPOBAHUS CUTHAJA BCTPEUAIOTCS PSILI ¢ HEPEry-
JIAPHOMN IO BPEMEHU CETKOW MJIM HU3KUM KAIeCTBOM 3AIMCH BBLIOOPKH, UTO 3aTPYiIl-
HET pellleHue 3aJa41 JeKOINPOBAHNA U IPUMEHEHNEe TPUBBITHBIX METO/I0B PabOThI
C CHTHaJIaMU, HaIlpUMep, HocTpoeHue (ha30BbIX TPAEKTOPHUN CUTHAJIOB.

Pemaercs 3amaga nmocrpoenust HeiiponrTepdeiica, paboTaAOMEro ¢ MHOTOMEPHBI-
MU BpPEeMEHHBIMH PsIaMU KaK C HEIIPEPBIBHBIMU 110 BpemeHu. J[Jist perienus mocras-
JIHHOM 331891 UCIIOJIb3YIOTCS YIIPaBJsSeMble HeipoHHbIe qudhepeHnuaibHbe yPaB-
nenus. [Ipeamosraraercs, 9T0 CKPBITOE COCTOSTHUE YIIPABJISIEMOr0 HEHPOHHOTO JIud-
depeHnnaaIbHOr0 YPABHEHUSI SBJISIETCS HEIIPEPHIBHBIM MIPE/ICTABJICHUEM CUTHAJIA.

B BbIUmcInTEeIbHOM KCIEPUMEHTE TMPOBEJICHO CPABHEHUE MOJIEJIEN, UCIIOIb3YI0-
MUX HEIPEPBIBHOE U JUCKPETHOE IIPEJICTaB/IeHNEe CUTHaJIa. B KadecTBe peasibHBbIX
JAHHBIX B3sTa BBIOOPKA BHI3BAHHBIX MMOTEHITUAJIOB, CBA3aHHBIX ¢ cobbiTmeM P300 B
3a/ate onpeesIeHnsT 00bEKTa BHIMAHUS MTOJIH30BaTe s, TaKKe MTOKa3aHO, YTO CKPBI-
TOE COCTOsTHME HEfPOHHOTrO yIpaBsseMoro auddepeHnnaabHOro ypaBHEeHUsT COXPar-
HsieT WHMOPMAIIUI0 O CUTHAJIe W CHUXKAET 3alllyMJIeHHOCThb. B KadecTBe npumepa
MIPUBOJUTCS CpaBHEHNE (pa30BLIX TPACKTOPHUIl CUIHAJIA U €0 IPEeICTABJICHMSI.

[1] Camozuna A. M., Heiines P.I., Towuapenxo B. B., ['puezopan P. K., Cmpuowcos B. B.
Mogenu knaccudukaiymy BEIGOPKU BbI3BaHHBIX noTeHnmanos P300 // Cucremsl u cpea-
crBa nHdopMaTuku, 2022.

[2] Kidger P., Morrill J., Foster J., Lyons T. Neural controlled differential equations for
irregular time series // Advances in Neural Information Processing Systems, 2020.
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Continuous-in-time representation of brain signals
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"Moscow, Moscow Institute of Physics and Technology

In this research we investigate the problem of building a continuous-in-time rep-
resentation of a signal. While solving a signal decoding task we handle some irregular
or low-quality time series. These time series make the decoding task and some of
research techniques, like investigating signal phase trajectories, difficult.

This work addresses the task of building a brain-computer interface which works
with the signal as if it were continuous in time. We suggest using the latent space
of neural controlled differential equations as a continuous-in-time representation of
a signal.

In this work, we compared both discrete and continuous time models on the
binary classification task using original dataset of P300 potentials. We also ob-
tained the continuous-in-time representation of a signal. This representation saves
all information from the original signal and reduces its noize. As an example of
representation usage we compared phase trajectories of an original signal and its
representation.

[1] Samokhina A. M., Neychev R. G., Goncharenko V. V., Grigoryan R. K., Strijov V. V.
Classification models for evoked P300 potentials dataset // Systems and Means of
Informatics, 2022.

[2] Kidger P., Morrill J., Foster J., Lyons T. Neural controlled differential equations for
irregular time series // Advances in Neural Information Processing Systems, 2020.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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PedepeHTHbIi TEeKCTOBLIN KOpMycC 1 oueHuBaHne 6amM3ocTu
KOPOTKUX TEKCTOB CMbIC/IOBOMY 3TasIOHy

Muzxatinos Jmumputdi Baadumuposun'« mdv74@list.ru
Emenvanos Iennaduii Mapmurnosuw' Gennady .Emelyanov@novsu.ru

'Benuknit Hosropos, Poccusi, HosI'Y

Ha mpakTuke mocrarouno gacto Tpedbyercss chOpMUPOBATDH MOAOOPKY ITyOJIMKA-
nuit Mo 3amanHoi Teme. IToMrMO HAyIHBIX MCCIEIOBAHUIL, TaKas 3aa9a aKTyaabHa
MIPY TIOATOTOBKE 3JIEKTPOHHOTO yIeOHOTO MaTepuaa. [Ipn 3ToM HanbOIbITYI0 3HATH-
MOCTbH, KaK IPABUJIO, UMEIOT IIyOJIUKAIUH, JJIsT KOTOPBIX [IPU MAKCUMAJIBHO HOJTHOM
PACKPBITHH UHTEPECYIOIIEH I0JIb30BATENsI TEMbl XapaKTepeH MaKCHUMYyM CPeIHero
quciia HanboJiee 3HAYMMBIX TEPMIHOB B pacUéTe Ha OJIHO IIPOCTOE PACIIPOCTPAHEHHOE
upejyioxkenue (pasy) upu MuHEMYMe €ro JyHbl (B cioBax). CoaepKarebHO ITO
COOTBETCTBYET MAKCUMAJIBHO KPATKOMY M 6MKOMY HW3JIO’KEHUIO, OTBEYAIOIIEMY ITa~
JIOHHOMY BAPHUAHTY I€Peladn CMBICJIA CPEJICTBAMU 38JJAHHOTO €CTECTBEHHOIO S3bI-
Ka. /lanroe TpeboBaHMe MOXKHO TIePeOPMYINPOBATH CJIEIYIONIUM 00PA30M: TEKCTHI
B cocraBe MOA0OPKY (KOJIIEKIIUN) JIOJIZKHBI OBITh MAKCUMAJIBHO PEJIEBAHTHBI 3a/1aH-
HOM IIpeIMETHON 00JIACTH C TOYKU 3PEHUs FKCIIEPTA KaK IO JIEKCHIECKOMY COCTaBY,
TaK U 110 BHYTPUTEKCTOBBIM CBA34M (CHHTAKCUYECKUM, CEMaHTHIeCKuM 1 T.11.). Ca-
MY TEKCTOBYIO KOJUIEKIIHIO [IPHU 9TOM HA3bIBAIOT [IPEJICTABUTENbHON (pedepenTHOI).
Eciin TekcTBl BHYTPH KOJUIEKIIMH Pa3MEYeHBI 110 OIIPEJIeJIEHHBIM IPaBHIaM (CHHTAK-
CUYeCKH, C TIPIMEeHeHneM 0a3bl POJIEBBIX 3aBUCHMOCTEH U T.11.), TO MBI UMEEM JIeJI0
¢ pedepeHTHBIM KopIrycoM, [1].

Bwmecre ¢ TeM, akTyaJbHOM 0CTAETCS 3a/1a9a MUHUMU3AIUMA DYTHOTO TPYIa IKC-
nepta mpr GOPMHUPOBAHUU TOIO0OHOTO poma Kosurekmuii. Haumbosee menecoobpasmo
371eCh UCIIOJIB30BAHNE HKCIIEPTOM KOPOTKHUX TEKCTOB, KOTOPBIE COMOCTABJISIIUCH OB
[0 CJIOBAPHOMY COCTaBy U (BO3MOYKHO) O CBSI3sIM MEXKJLY CJIOBAMU C JIOKYMEHTAM,
J106aBJIsIeMbIMU B pePEPEHTHYO0 KOJUIEKIINIO. B POJIM TAKMX TEKCTOB BIIOJIHE MOLYT
OBITH AHHOTAIMY HAYYHBIX cTaTeil Tubo Apyrue TeKCThI, Pe3IOMUPYIOIINE 3HATUMbIE
(c Touku 3penus sKciepTa) hakTh 3aJaHHON HpeaMeTHOl obactu. [Ipu ToM nmeem
3a/1a1y, 0OpATHYI0 aOCTPAKTUBHON CyMMAapU3AIUI: HANTH TEKCT, B KOTOPOM OIHUCAH-
Hble B aHHOTAIMY (KOJIJIEKIINY aHHOTAIU{) 0BIIre HIen OTpasKeHbl HanboJIee TIOJTHO.
B nacrosieit pabore ykaszaHHasl 3a/1a49a PelraeTcss Ha OCHOBe J0JIeil HeHyJIeBbIX 3Ha-
YEHUIl YaCTOTHI CJIOBA B aHAJM3UPYEMOM JOKYMEHTE, PaCCUNTHIBAEMBIX IO (hpa3am
anHoranmii. Byjaem s kaxk ot bpasbl B cocTaBe KarKJI0f aHHOTAIIUN BBIYUCIATH
nouiio HeHyJieBbix 3HadeHuil TF-mepol (oTHOLIEHUsT YKCIa BXOXKJIEHUI CJIoBa K 00-
[IeMy YHCJLy CJIOB JIOKYMeHTa, term frequency) Il BXOJSIMUX BO Gpa3y CJIOB OTHO-
CUTEJIBHO aHAIu3upyeMoro JokyMenTa. OHa bpasa 3/1eChb COOTBETCTBYET IIPOCTOMY
PACIPOCTPAHEHHOMY IIPEIJIOKEHUIO (B TEPMHUHOJIOIUU TEOPUU A3bIKa KAK [peobpa-
zoBaresis «Cwmbici<Tekers ). TIoCKOJIbKY B pealibHBIX AHHOTAIUAX JI0JIsl CJAOXKHBIX
MIpEJJIOKEHN MUHUMAJIbHA, TO IPUMEHSATH TAHHBIA TEPMUH K MPEJJIOKEHUSIM B CO-
cTaBe aHHOTAIIUI BIIOJIHE JIOMYCTUMO. B Ie/IsiXx MaKCHMAJILHOTO OTPArKEeHUST COJIePIKa-
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HUsl CTaTell MX aHHOTAIUU Oy/IeM PAcCMAaTPUBATHL BMeCTe ¢ 3arojoBkamu. 1Ipu sTom
JIOIIYCKAEeTCs, YTO OJHA U Ta 2Ke (ppa3a MOXKET BCTPEYATHCS B HECKOJIBKUX aHHOTA-
[USIX KOJUIEKIMN (HAIIPUMED, €CJIM 9TO CTATHU OJHOTO U TOTO ¥Ke aBTopa). B srobom
cydae KaxKjasi (ppasa NPUHUMAETCS K PACCMOTPEHUIO TOJBKO OJIMH Pas.

B 3aj1ave OIeHKYM KOTHUTHBHOMN CJI0XKHOCTH TeKcTa [1] mpeamosnaranocs, 1ro 95%
TOKEHOB B PedEPEHTHOM KOPIIyCe Ha KaXKJIOM U3 SI3BIKOBBIX YPOBHEIl HE IIPEBBIIIa-
10T CBOell (PUKCUPOBAHHON YacTOTHI. B Harmeit »Ke 3a/1ade pedb UAET O MUHUMAJIb-
HO HEOOXOIMMOM TIPE/ICTABIEHHOCTH CJIOB (TEPMUHOB) M3 aHHOTAIUN B JOKYMEHTe,
aHAJU3UPYEMOM Ha IpeJIMeT BKJIIOUeHHs B pedepeHTHBIN Kopiryc. Jloruuno mpe-
[TOJIOXKUTD, UTO 37ECh CJEAYET PACCMATPUBATD 5-il MEPIEHTUIb YACTOTHON XapaKTe-
PUCTUKY CJIOBA OTHOCUTEJIBHO 3aJaHHOrO JIoKyMeHTa. OCHOBHOE TpebOBaHUE K Ca-
MOl 4aCTOTHO# XapaKTePUCTUKE — HE3aBUCUMOCTb OT YHCJIA CJIOB JOKyMeHTa. Jljist
MHTYUTUBHOM HAIVISTHOCTU Jajiee Mbl OIPAHUYIUMCS PACCMOTPEHHEM JIEKCHYECKOIO
YPOBHS, JJIsl IPYTUX yPOBHEH si3blka ((bOHETHIECKOro, MOPMOIOrnIecKOro, CHHTAK-
CHYECKOT0, JIUCKYPCUBHOTO) PACCYZKIEHNUS IPOBOJATCHA AHAJOIMIHO.

IIycte d — mokymeHT-KaHIUIAT Ha BKJOYeHHE B pedepeHTHbI Kopiyc. Jlis
KaXKJIOTO CJIOBA W B COCTaBe KakKIoil ¢dpasel 1's KaxKI0#l aHHOTAIMH U3 CHOPMU-
DOBAHHOII 9KCIIEPTOM KOJIJIEKITUN BBIYUCIsSeTCsd 3HadeHne TF-Mepbl OTHOCHTEIHHO
nokymenTa d, tf (w, d). TIpu arom nosst HenyseBbix 3Hadenuit TF o otnesnsHol dbpa-
3e T's GopMaIbHO OIPEIEIIsIeTCs KaK

o(Ts,d) = |w: (w e Ts) A (tf (w,d) > 0)]

(1)
|w: w E Ts|

O6ozHaunM 5%-if KBAHTUIIb SMIMPUIECKOTO PAcIpe/eiennst Beanannbl (1) mo
JOKyMeHTy d Jjijis 3agannoil koyutekiuu aguoraimii Ts kak Cs (Ts, d). Cama Ts npu
9TOM €CTh OObeJIMHEHNe MHOYXKECTB (hpa3 Ijisd OTAeJbHBIX aHHOoTarmit. OrcopTupy-
€M JOKYMEHTBI-KaHIUIATH Ha BKJIIOYEHNE B PedEpEeHTHBIN KOPIYyC MO YOLIBAHUIO
C5 (Ts, d). Ilycrb diyax — JIOKYMEHT ¢ MAKCHMAJBHBIM 110 MHOXKECTBY JIOKYMEHTOB-
kaHugaToB D 3nadenuem Cy st dpas3 anHorarmii u3 Ts. Beemgém st KaxKoro
JokyMeHTa d € D BeKTOp 3HAYEHUl KBAHTUJIEH

V (Ts,d) = (C7 (’H‘s7d)> (2)
Ky/Ia TOMUMO YIIOMSIHYTBIX BBIIIIE 5-T0 1 95-10 mepIrieHTnIeil BOMILy T JEIUIN, a TaKXKe
nepsuiit 1 Tperuit kaptuan. ITycts V (TS, dyax) — BeKTOp BuAa (2) A1 JOKyMeHTa
dmax. ODO3ZHAYUM IIOCIEN0BATENILHOCTD YKA3AHHLIX BEKTOPOB 10 KOJUIeKInn TS m1j1s1
JOKyMeHTOB dj € D: dj # dmax, OTCOPTUPOBaHHYIO 110 yObIBaHHIO EBKI/INIOBA pac-
crostus 710 V (TS, dimax ), Kax V(Ts, D). Pazo6bém nocnenosarensocts V(Ts, D) Ha
kJjacrepbl Hy, ..., H, c IpuMeHeHHEM aJIFOPUTMA, COJIEPIKATEIBHO OJIM3KOTO AJIro-
purmaM kiaacca FOREL. Jlanee B HacTosimeir paboTe IPUMEHUTEIHHO K PA3ONEHUIO
MIOCJIeIOBATEILHOCTH Ha KJIACTEPHI Oy/IeM TOIpa3yMeBaTh UMEHHO ITOT aJTOPUTM.
IIpu sTom kmacrep H, 1o onpeaenrennio Oy1eT OTBeIATh JOKYMEHTAM C HANMEHBITTIM
PACCTOSTHUEM JI0 JIOKYMEHTA dyppax .-

~€[5,10,20,25,30,40,50,60,70,75,80,90,95]
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YrBepxkaeuue 1. Hawubosbinyro 3HaInMOCTh /15T pebepeHTHOr0 KOPIyca, OL[eHH-
Baemyto BesmunHoit Cs, umeror d € D, orHecénHbIE K Kaacrepy H,., miroc cam dyax .-

ITycrs Ts; C Ts — muo)kecTBO dpas i-it annorarmu B cocrase Ts, Cs (Ts;, dpax) —
5%-# KBAHTHJIb SMIIMPUYECKOrO PACIpeesIeH s BeJnInHbl (1) 1o JOKyMeHTY dpmax
oTHOCUTEILHO (pa3 d1oit anHOoTaruu. OOO03HAYNM JOKYMEHT C MAKCHUMAJIBHBIM 110
muoxkecTBy D snadennem semmannbl Cs it bpas B coctaBe Ts; KaK dimax(s)-

VYrepxkaenue 2. Ilo saaunmoctu st seraucaenns Cs (TS, dmax) cpean aHHOTA-

muit w3 TS MOXKHO BBIIEJIHTH CJAEAYIONHE TISTh IPYIIIL:

— aHHOTalnnu, r/e dmax = dmax(i)7 a CS (TSZ', dmax) > 05 (TS; dmax);

— amHotaiu, IAe dmax 7  Omax(i), HO Cs(Tsi,dmax) > Cs5(Ts,dmax), a
Cs (Tsi, dmax(i)) u C5 (T8;, dmax) MOryT GBITH OTHECEHBI K OIHOMY KJIACTEDY;

— amnotaipmu, 1Ae dmax 7 Omax(i), HO Cs(Tsi,dmax) > C5(Ts,dmax), a
Cs (']I‘si, dmax(i)) u C5 (T8;, dimax) JI€KAT B DA3HBIX KJIACTEPAX;

— AaHHOTalluu, Ijie dmax 7& dmax(i) u C5 (Tsi7 dmax) < C’5 (Tsv dmax); a CY5 (Tsi7 dmax(i))
u C5 (T8;, dmax) MOIyT GBITH OTHECEHBI K OIHOMY KJIACTEDY;

~ AaHHOTaluwu, rjie Amax 7é dmax(i) uCs (szy dmax) < Cs (TS, dmax)a aCs (T51a dmax(i))
u Cs (TS, dimax) J1€2KAT B PA3HBIX KJIACTEPAX.

[Tpu 3TOM HAMOOJIBIITY IO TOYHOCTD MOUCKA 3HAYMMBIX JJIs pe(DePEeHTHOrO KOPITyCa
JIOKYMEHTOB JIAIOT aHHOTAIUA U3 IEPBOIi (COmep:KaTeIbHO — MAKCUMAJILHO OJIM3K1Ie
CMBICJIOBOMY 3TaJIOHY ), BTOPOl U TPeTheii rpyIiibl. B COBOKYIIHOCTH IIPeJIOXKEHHbBIE
perieHns: (pe3yJIbTATHI SKCIIEPUMEHTOB IIPEJICTABJIEHB! B [2]) Aa0T MUHUMYM IISITH-
KpaTHOE COKpAIeHNe YnCJIa JOKYMEHTOB U3 MUHUMAJBLHO PEJIEBAHTHBIX (DOPMUDPY-
emomy pedepeHTHOMY Kopiycy. Pe3y/brarhl 9KCIEPUMEHTOB B [2] 31ech mokazaiu
[OJIHOTY TIOUCKa (OTHOINEHUE YHUCJIa JIOKYMEHTOB, OTBEYAIONIMX YCJIOBUIO Ymeep-
otcdenus 1 ¥ TPU3HAHHBIX SKCIIEPTOM 3HAYUMBIME, K OOIIEMY YHUCIY JIOKYMEHTOB
d € D u3 Npu3HAHHBIX 3HAYUMBIMHU ), TPUOIM3UTENHHO PaBHYIO 5/6. B 1essx mosbi-
MIEeHUs TOJTHOTHI TTOUCKA OIMUCAHHYIO KJIACCUMDUKAIMIO JTOKYMEHTOB CJIE/IyeT ITPOBe-
CTH HE3aBUCUMO 10 HECKOJIBKMM KOJLIEKITUSIM AHHOTAIWI cTaTell OJIU3KUX TEeMATHU-
geckux Hampasyennii. [Ipu 5Tom GoJiee BBICOKYIO OIEHKY 3HAYUMOCTH IOy Ial0T Te
d € D, xoropnbie mipu OosibiieM uucje ¢ppa3 OyayT uMersb OOJIbIIee CPeHEee TUCTIO
HanboJiee BayKHBIX TEPMUHOB B pacyére Ha OnHy dpaly IPH MUHUMYME €€ JJIUHBI.
ComepzkaTeIbHO 3TO OTBevdaeT 6ojiee KPATKOMY U EMKOMY HU3JI0YKEHUIO — IIPABUILY
«XOPOIIIEro TOHA» W3JaHUN 110 (PU3NKO-MATEMATHIECKUM U TEXHUIECKAM HAYKaM.

Pabora mogmepxana rpaarrom PODPU No. 19-01-00006.

[1] Eremeev M., Vorontsov K. Lexical Quantile-Based Text Complexity Measure //
Proceedings of Recent Advances in Natural Language Processing, 2019.

[2] Muzaiinos A. B., Emeavsanos I. M. PopmupoBanne pedepeHTHOrO TEKCTOBOIO KOPILY-
ca JiJIs1 OLleHUBaHUs GJIN30CTH TEMATUYIECKUX TEKCTOB CMBICIIOBOMY drasony // Pattern
Recognition and Image Analysis, 2022. T. 32, Ne4.
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In practice, it is quite often required to collect publications on some topic. In
addition to research work, such problem is actual in the preparation of e-learning
material. The most significant here, as a rule, are publications, for which at maximal
disclosure of the topic of the interest to the end user, a maximum of an average
number of most significant terms per a one simple spread sentence (i. e. phrase) at
the minimum of its length measured in words, is typical. Substantially, this corre-
sponds to the most brief, but succinct narration, that satisfy to the standard variant
of sense transfer in a given natural language. This requirement can be reformulated
as follows: texts in a collection should be relevant as much as possible to a given
topical area from the point of expert view both in vocabulary, and in internal text
relations (syntactic, semantic, etc.). The text collection itself here is called represen-
tative (or reference). In a case when collection texts are labeled according to some
determined rules (syntactically, by application of a base of role dependencies, etc.)
we have a reference corpus, [1].

However, the problem of minimization of the handwork of expert in the formation
of such collections is actual here. The most advisable here is to use short texts by an
expert that would be compared in terms of vocabulary and (possibly) relationships
between words with documents being added to the reference collection. In the role
of such texts abstracts of scientific articles or other texts that are resume significant
facts of a given topical area can entirely be. Here we have the problem inverse to
the well-known problem of abstractive summarization: to find a text, in which gen-
eral ideas described in the abstract (or in the collection of abstracts) are reflected
the most fully. In current paper the mentioned problem is solved by using of shares
of non-zero values of word frequency in an analyzed document, calculated by phrases
of abstracts. Let’s calculate for each phrase in each abstract the share of non-zero
values of the term frequency (TF-measure, the ratio of the number of occurrences of
a word in a document to the total number of document words) for phrase words rela-
tively to the analyzed document. Here, one phrase corresponds to a simple common
(spread) sentence (in the terminology of “Meaning<Text” linguistic theory). Since
the share of complex sentences in real abstracts is minimal, it is quite acceptable to
apply this term to sentences in abstracts. In order to reflect the content of articles
as much as possible, their abstracts will be considered together with the titles. At
the same time, it is permitted that the same phrase can occur in several abstracts
of the collection (for example, if these are articles by the same author). In any case,
each phrase is accepted for consideration only once.
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To solve the problem of measuring the cognitive complexity of text [1] the as-
sumption was make about that 95% of tokens in a reference corpus at each of lan-
guage level did not exceed their fixed occurrence frequency. In our task, we are
dealing with the minimum necessary representation level of words (terms) from ab-
stracts in a document being analyzed for adding to the target reference corpus. It’s
reasonable to assume that the 5th percentile of frequency characteristic of word rela-
tively to the given document here we should consider. The main requirement to the
used frequency characteristic itself is independence from the number of words in the
document. For intuitive clarity, we will restrict ourselves to the lexical level in fur-
ther reasoning; for other levels of the natural language (phonetic, morphological,
syntactic, discursive levels), reasoning is carried out similarly.

Let document d be a candidate for adding to the reference corpus. We’ll designate
further the set of such documents as D. For each word w of each phrase T's of each
abstract from the collection formed by an expert the value of TF-measure is calcu-
lated relative to the document d, tf (w, d). Herewith the share of non-zero TF values
for the separate phrase T's is formally defined as

lw: (w € Ts) A (tf (w,d) > 0)]

o(Ts,d) = |w: w € Ts| ' @)

Let’s designate as C5 (Ts, d) the 5th percentile of the empirical distribution of es-
timation (1) value concerning the document d for the given collection of abstracts Ts.
We'll associate Ts with the combining of sets of phrases for separate abstracts. Let’s
sort documents that are candidates for adding to the reference corpus, by decreas-
ing of C5 (Ts,d). Let dmax be a document with the maximal value of C5 among the
documents d € D for phrases of abstracts from Ts. Let’s enter into consideration
for each d € D the vector of quantiles values

V (Ts,d) = (cv (Ts, d)) 2)
into which deciles together with the first and third quartiles will be included in addi-
tion to the above-mentioned 5th and 95th percentiles. Let V (Ts, dmax) be a vector
of the form (2) for the document dp,.x. Let’s designate the sequence of mentioned
vectors obtained for the collection Ts relatively to documents d; € D: d; # dmax
and sorted by descending the Euclidean distance to V (Ts, dmax), as V(Ts, D). Let
us split the sequence V(Ts, D) into clusters Hy, ..., H, using an algorithm close in
meaning to the FOREL class of algorithms. Further in current paper, relatively to
the partition of some sequence into clusters, we mean namely this algorithm. In this
case, the cluster H, will by definition correspond to documents with the shortest
distance to the document dp,a.

~€[5,10,20,25,30,40,50,60,70,75,80,90,05]

Statement 1. The highest significance for the reference corpus, which is estimated
by the value of C, will be processed by documents d € D related to the cluster H,,
and the document d,, ., itself.
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Let Ts; C Ts be the set of phrases of the ith abstract from Ts, and Cs (Ts;, dmax)
be the 5th percentile of the empirical distribution of the estimation (1) value con-
cerning the document dp, .« relatively to phrases of this abstract. Let’s designate the
document with the maximal value of C'5 among the documents d € D for phrases
of Ts;, as diyax(i)-

Statement 2. According to the degree of significance for precise calculating the
value of C5 (Ts, dmax) among abstracts related to Ts the following five groups can
be distinguished:

— abstracts, where dmax = dmax(i) and Cs (Ts;, dmax) > Cs (TS, dmax);

— abstracts, where dmax 7 dmax(i), but Cs (Tsi, dmax) > Cs (T, dmax), moreover,
values of C (Tsi, dmax(i)) and Cs (Ts;, dmax) can be assigned to the same cluster;

— abstracts, where dyax # dmax(i), but Cs (Tsi, dmax) > Cs (T, dmax), moreover,
values of Cx (Tsi, dmax(i)) and C5 (Ts;, dmax) belong to different clusters;

— abstracts, where dmax 7 dmax(s) and Cs (Ts;, dmax) < Cs (Ts, dmax), moreover,
values of Cj (Tsi, dmax(i)) and Cs (Ts;, dmax) can be assigned to the same cluster;

— abstracts, where dmax 7 dmax(s) and Cs (Ts;, dmax) < Cs (Ts, dmax), moreover,
values of Cjx (Tsi, dmax(i)) and C5 (Ts;, dmax) belong to different clusters.

In this case, the highest search precision for documents that are important for
the reference corpus is reached with abstracts of the first, second and third groups.
In meaning, first group abstracts are closest to the semantic standard. As the recall
estimation we used the ratio of the number of documents that meet the condition
of Statement I and recognized by the expert as significant for the reference corpus,
to the total number of documents d € D from recognized as significant by the expert.
Experimental results presented in [2] demonstrate here the recall value approxima-
tely equal to 5/6. Also experiments show that the proposed solutions jointly gives
at least a fivefold reduction in the number of documents of those that are minimally
relevant to the reference corpus being formed. In order to improving the search’s
recall the described classification of documents must be carried out independently
for several collections of abstracts of articles in similar topical areas. It should be
noted that a higher significance estimation is obtained by those documents d € D
that will have a larger average number of the most significant terms per phrase at a
minimum phrase length and a greater number of phrases themselves. Substantially,
this corresponds to the most brief, but succinct narration, that satisfy to the “good
manner” rule of publications in Physics, Mathematics and Technical Sciences.

This research is funded by RFBR, grant 19-01-00006.

[1] Eremeev M., Vorontsov K. 2019. Lexical Quantile-Based Text Complexity Measure.
Proceedings of Recent Advances in Natural Language Processing.
[2] Mikhaylov D. V., Emelyanov G. M. 2022. Reference corpus formation for estimating

the closeness of topical texts to the semantic standard. Pattern Recognition and Image
Analysis. 32(4).
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Ncnonb3osaHue reHepaTuBHbLIX Mo,u,ene|7| B BOMNPOCHO-OTBETHbIX
cncremax

Cypros Bavecaas Onaezosurx surokpro2@gmail.com
Escees Imumputi Andpeesun dmitrij.euseew@yandex.ru

Mocxksa, MOTU (HIY)

lenepartusi OTBETOB Ha BOIIPOCH — HEOThEMJIEMAST YACTh PADOTHI MHOYKECTBA JIha~
JIOTOBBIX CHCTEM U 9aT-00TOB. /15t TOro, 9T00BI pedb CUCTEMBI ObLIA XKUBO U APKOIA,
OHa JIOJKHA TTPOU3BOIUTEH PA3BEPHYTHIE OTBETHI HA BOIIPOCHI.

K coxamennto, Ha JJaHHBII MOMEHT BOTTPOCHO-OTBETHBIE HAOOPHI 00y IAIOMINX JTAH-
HBIX Ha PYCCKOM si3bike (Hampumep, SberQUAD), comepxkar mubo KOPOTKHE OTBETHI,
JInbO TIOJCTPOKY TEKCTA, COJEPXKAINME OTBETHI, UTO YCJIOXKHSIET ODyJeHUEe MOJIEIH.
B To ke Bpemsi, c6op HOBOrO jlaTacera —- 3TO 3aTpPaTHas aKTUBHOCTH 10 BPEMEHH
u dunancam. Takxke ecTb mpobsemMa OIMEHKNA KAYeCTBAa MOJIEIM — C OJHON CTOPO-
HBI, OHA JIOJI?)KHA M€HEPUPOBATH JIJIMHHBI IPAMMATHYECKH KOPPEKTHBIN TEKCT, a C
JIPYTOii CTOPOHBI, B 9TOM TEKCTe JOJIXKEH COJIEPXKATHCSI OTBET Ha BOIIPOC, MIOITOMY
CTaHIAPTHBIE METPUKU, OIEHUBAIOIINE CXOACTBO CreHEPUPOBAHHOI'O OTBETA C STAJIO-
HOM HE JQJIyT [TOJTHON KapTUHBHI.

B mammoii pabore mpejjiaraeTcss aJrOpPUTM TOCTPOEHUS JJIMHHOIO OTBETA, WC-
MTOJIB3YIOIINI JIePEBbsl CHHTAKCHYIECKOro pa3bopa Bompoca u KOpoTrkoro orsera. C
[TOMOIIIBIO TOTO AJITOPUTMa OBLIM CreHepUPOBAHBI PA3BEPHYTHIE OTBETHI JJIsI IIPH-
MepoB SberQuad, Ha MoaUMUIIMPOBAHHOM JjaTacerTe ObLIN 00yYeHBI HECKOJIBKO Ba-
puanToB TH — mogeseit apxurekTypbl TparcdopmMep, UCIOIB3YIOININX aPXUTEKTYPY
encoder-decoder.

Boum uccnenosanst RuTH (Momesns or CHepbatka, npeobydeHHas Ha PyCCKO-
SI3BITHOM  Kopityce TekcroB) u mTH (mymbrusseranas momens or Google). Takxke
ObLIO M3YYeHO BJIMAHUE TpaHchepHOro obydeHus — OOyUeHUs Ha OOIIMPHOM AaH-
IJIOSI3BIYHOM HabOpe JAHHBIX C Pa3BEPHYTHLIMU OTBETAMU Iepejl 00yJYeHreM Ha PyC-
CKOSIBBIYHOM — Ha KA4eCTBO T'EHEPUPYEMBIX OTBETOB. B KadecTBe aHTJIOA3BIYHOIO
nmaracera ucmosb3osasicss MS-MARCO — BompocHO-OTBETHBIN HAOOP OCHOBAHHBINM
Ha 3aIpocax B CHCTeMY ITIOMCKa Bing.

PesynbraThl sKCIIepUMEHTOB IOKa3aJ/d, 4TO TpaHchepHoe oOydeHUe JTaéT 3Ha-
quTeNibHOE yirydlnerne MeTpuk npu few-shot noobyuenwn momenn mT5. dro o3Ha-
qaer, 9To obydeHHasi Ha OOmUpPHOM aHrIoa3brdaHoM Habope (MS-MARCO) moupensb
GbicTpee (TO eCTh, 3a MeHbIlee KOJMIECTBO [IPUMEPOB U3 TPEHUPOBOYHON BBIOOPKH )
MIOJICTPANBAETCS TIOJT PYCCKOSI3BITHYIO 3389y, YeM HeoOydeHHasi. Tak»ke, Ipu cpas-
HEHUM TaKOW Mojesn ¢ pycckosabraHoit RuTH okazaioch, 9T0 OHE HMEIOT CXOXKee
Ka4eCcTBO TeHepupyeMoro Tekcra (1o merpuke sacrebleu), omaako mT5H HECKOIBKO
TOYHEEe HAXOJUT B IIPABUJIbHBIE OTBETHI B TEKCTE.

Me>xgynapoaaas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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Utilizing generative models in question-and-answer systems

Surkov Vyacheslavx surokpro2@gmail.com
FEvseev Dmitry dmitrij.euseew@yandex.ru

Moscow, MIPT

Generative question answering —an integral part of the operation of many dialog
systems and chatbots. In order for the system’s speech to be vivid, it must produce
detailed answers to questions.

At the moment, question-answer training datasets in Russian (e.g., SberQUAD),
contain either short answers or substrings of text containing answers; this makes
model training difficult. However, collecting a new dataset —- is a time-consuming
and costly activity. There is also the problem of evaluating the quality of the
model — it must generate a long grammatically correct text, and this text must
contain the answer to the question. Therefore, standard metrics evaluating the sim-
ilarity of the generated answer to the ground truth are not completely informative.

This paper proposes an algorithm for generating a long answer using the parsing
trees of the question and the short answer. Using this algorithm, we generated
extended answers for SberQuad, and fine-tuned several variants of T5 — transformer
models using encoder-decoder architecture.

We investigated RuT5 (Russian-language model from Sberbank) and mT5 (mul-
tilingual model from Google). The effect of transfer learning — training on the
extensive English-language dataset with expanded answers before fine-tuning on the
Russian-language one — on the quality of the generated answers was also studied.
MS-MARCO was used as an English-language dataset — a question-answer set based
on queries to the Bing search engine.

Experimental results have shown that transfer learning gives a significant im-
provement in metrics on mT5 few-shot training. This means that the model trained
on the extensive English-language set adjusts to the problem on Russian language
than untrained one. Also, comparing this model with the Russian-language RuT5,
they have similar quality of the generated text (according to sacrebleu metric), but
mT5 is somewhat more accurate in finding the correct answers in the text.
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AHanu3 Ha BHYTpeHHMEe 3aUMCTBOBaHUS Kak cnocob otbopa
BbICOKOOPUIrMHaJIbHbIX JOKYMEHTOB

Cagun Kamuavr DPanucosur'« kamil.safin@phystech.edu

Yexosuyw FOputi Buxmoposuy®>
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"Mocksa, MockoBcKmit (bU3HKO-TEXHUYECKHT HHCTHTYT (HAIMOHAILHBIIH
HCCIIeI0BATEIIbCKUI YHIUBEPCHUTET )

2Mocksa, Aurumiaruar

3Mocksa, DenepalbHbIi HCCIEN0BATENbCKIN eHTD «MHpopMaruka u yupasiennes PAH

PaccmarpuBaercs 3a/ada obHapyKeHUs] HEKOPPETHBIX TEKCTOBBIX 3aMMCTBOBa-
unii. [lonck 3amMcTBOBaHUN B TEKCTOBBIX JOKYMEHTAX SIBJISETCS CJIOXKHOW, HO B TO
JKe BpeMsi BOCTPEOOBAHHOI 3ajatiei, 0COOEHHO B aKaJEMUTIECKON W CTYICHIECKOIM
cpenax [1].

MOKHO BBIIEJINTH JIBa [VIODAJBHBIX IIOXO/a K 33/a4de MOUCKA HEKOPPEKTHBIX
3aMMCTBOBAHUN B TEKCTE: MOUCK BHENIHUX 3amMcTBoBanmii (external plagiarism
detection) u mouck BHyTpennux 3aumcrBoBanuii (intrinsic plagiarism detection). Io-
WCK BHEIIHUX 3aWMCTBOBAHUIl MpejcTaBisger coboil TMOUCK 10 BHEITHEH KOJIJIEKIUN
JIOKYMEHTOB, KOTOPbIE MOIJIN OBITh UCIIOJIb30BAHBI B KAYECTBE HCTOTHUKA 3aMMCTBO-
BaHus. [lonck BHYTpPEeHHUX 3aMMCTBOBAHUIT YKe, HA0OOPOT, HE UCIIOJIH3YET BHEIITHIOO
KOJIJIEKIIAIO TIOTEHINAIBHBIX HCTOYHIKOB, & AHAJM3UPYET TEKCT U30JIMPOBAHHO.

Meromp! monCKa 3aMMCTBOBAHUIL [0 BHENTHEN KOJIJIEKIUHU SBJISIOTCS TOYHBIMU,
TaK KaK OOHAPYKWBAIOT TOYHBIE COBIIAJICHUS B AHAJIM3UPYEMOM TEKCTE M B TEKCTE
ucroanuke. OHAKO OHU SIBJISIIOTCST PECYPCOEMKHUMIE, TAK KaK pazMepbl KOJIJIECKITHIA
JITs TIONCKA KaK MPAaBUJIO OUeHb OoJibime. MeToipl ONCKa BHYTPEHHUX 3aMMCTBO-
BaHUil, HAIIPOTUB, SBJISIOTCH TOPa3/l0 MEHEee TOUYHBIMHU, TAaK KAaK BBIABIIAIOT HEPE-
IYJASPHOCTH B CTHJIE IHChbMa aBTOPA, KOTOpbIE He 00S3aTeIbHO MOTYT OKa3aThCs
3aMMCTBOBAHUSIMU.

MeTo/bl TIONCKA TEKCTOBBIX 3aMMCTBOBAHUM, UCIIOIB3YEMble B MPOMBIILIEHHBIX
cucremMax (TaKMX KaK «AHTHIIIArHAT» [2]) TOCTOSTHHO COBEPIIEHCTBYIOTCS, TAK KaK
caMy MeTO/Ibl 3aMMCTBOBAHUI TOXKE YCIOKHAIOTC. Hanpumep, MOSBUINCH METObI
oOHapy>KeHus nepedpasnpoBaHuil, IIOUCKA TIEPEBOIHBIX 3aMMCTBOBaHUH [3] min 06-
HAPYKEHUsI CKPBITHIX 3auMcTBoBanuii [4]. PasBurue Takux mMerojoB Beler K yBe-
JIMYEHUIO CJIOXKHOCTH U OOBEMOB BBIYHCJIUTEIBHBIX PECYPCOB, HEOOXOIUMBIX I
OCyIIeCTBIIeHNUsT TTPOBepOK. [Ipy 9TOM mparnka MOKA3BIBAET, YTO IPUMEHEHUE BCETO
CHEKTPa METO/IOB OOHAPYKEHUsI HEKOPPEKTHBIX 3aMMCTBOBAHUIN JIAJIEKO HE BCETJa
OIIPaBJAHHO.

[Ipensaraercss MCHOIB30BATH MOJXOJ IO IOMCKY BHYTPEHHHX 3aMMCTBOBAHUN.
Kak 06buto ckazaHo, B KadecTBe CaMOCTOSTEIBHOIO HWHCTPYMEHTA, TAKON IOIXOT
UMeeT OYeHb HU3KOe KadecTBO paboThl. Ho ero MOXKHO MCIIOIB30BaTh KaK T'PYyObIit
buabTp nepen 60see TOYHON MPOBEPKO, KOTOPBIH Oy/IeT OTCeMBATH JOKYMEHTHI,
KOTODPBIM He HYXKHA JleTaJbHas IKCIIEPTU3A.

Me>xgynapoaaas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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B pabore paccmaTpuBaercs aaropuT™ (pUILTPAINNA BHICOKOOPUTHHATLHBIX TEK-
cTOB [5], OCHOBaHHBIH Ha aHAJIM3e YACTOT YHOTPEOICHUST CUMBOJIBHBIX U CJIOBECHBIX
n-rpam. Ha ocHOBe JJaHHOTO aJIrOpUTMa peain30BaH MPOrPAMMHBIN KOMILIEKC, IIPe/I-
Ha3HAYEHHBIH JIJIsI BHEJPEHHS B CUCTEMY BBISIBJICHNS HEKOPPEKTHBIX TEKCTOBBIX 3a-
MMCTBOBAHUI € MCIOIL30BAHHEM BHEITHUX TEKCTOBBLIX KoJutekmuit. CHuKeHune Ha-
TPY3KHU MPOUCXOINUT IIYyTEM OTOOPA JOKYMEHTOB, HE TPEOYIOIINX IETAJILHON MpoBep-
k. JIoKyMeHTBI 2Ke, TpebyIolne TeTaabHOi MPOBEPKH, TPOXOIAT TOJTHYIO TPOBEPKY.

OnucbiBaeTCsl BBIYUCIUTE/IbHBIN SKCIEPUMEHT, JIEMOHCTPUPYIONHUA paboTocIo-
CODHOCTH JIAHHOI'O METOA, & TAaKXKe 0ObeM CIKOHOMJIEHHBIX BBIUMC/UTE/IBHBIX pe-
cypcoB. [loka3piBaeTcst, 9TO HA pa3MEUYEHHBIX U CHHTETUIECKUX JAHHBIX TOJIXOT TT03-
BOJISIET COKPATHUTH IMOTOK JOKYMEHTOB, KOTOPBIM HE TPeOYyeTCs AeTaabHas POBEPKa,
MTOYTH HA TPETh. IIpn 3TOM BaskKHO MOMIEPKHYTH, UYTO ITO HE TOJHKO YCKOPSET Bpe-
MsI 00pabOTKM OTIEIbHBIX JTOKYMEHTOB, a IO3BOJISIET UCIOJIb30BAThH BBIUUCIUTE b
HBbIE PeCypchl H0JIee IieJIeHAIIPABJIEHHO, TO €CTh JIeTaIbHO AHAJIM3UPOBATH UMEHHO Te
JOKYMEHTBI, KOTOPbIE HYKJIAIOTCS B TAKOIl IIPOBEPKE.

[1] Huxumos A. B., Opuaxos O. A, Yexosuw FO.B. Ilnarmar B paboTax CTyJE€HTOB H ac-
OUPAHTOB: NPOGJIEMa U METOAbI IIPOTUBOAEHCTBHs // YHUBEPCUTETCKOE YIIpaBJICHUE:
npakTuka u asanms, 2012. — (5):61-68.

[2] >Kypasaes FO. 1, Pydaxos K. B., Hnaxun A. C., Kupcanos A. A., Jlucuya A. B., Huku-
mose I. B., Ilecxoe H. B., Pomanos M. FO., SAmunos P. U., Yexosuu FO.B. Cucrema pac-
[IO3HABAHMS MHTEJUIEKTYAIbHBIX 3aUMCTBOBaHMi «AnTnnsarnars // Maremarudaeckue
MeTObl pacio3HaBaHus ob6pasos, 2005. — 12(1):329-332.

[3] Kysneuyosa P. B., Baxmees O. I0., Yexosuw I0.B. Meroapl 0O0HApy KEHUs I€PEBOJHBIX
3aMMCTBOBAHUI B GOIBITUX TEKCTOBBIX Kosuteknuax // NudopwM. u eé npumen., 2021. —
15:1 (2021), 30-41.

[4] Chekhovich Y. V., Khazov A. V. Analysis of duplicated publications in Russian
journals // Journal of Informetrics, 2022. — 16(1):101246.

[6] Cagun K. @., Yexosuu FO.B. O KOMOMHMPOBAHHOM AJIrOPUTME OOHADYZKEHUS 3aUM-
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Text plagiarism detection is a complex, but at the same time a demanded task,
especially in academic and student [1] areas.

There are two global approaches to the task of plagiarism detection in a text:
external plagiarism detection and intrinsic plagiarism detection. External plagiarism
detection is a search through an external collection of documents that may have been
used as a source of borrowing. Intrinsic plagiarism detection, on the other hand,
does not use an external collection of potential sources, but analyzes the text by
itself.

External plagiarism detection search methods are accurate because they detect
exact matches in the analyzed text and in the source text. However, they are
resource-intensive, since the size of collections to search is usually very large. Meth-
ods of searching for internal plagiarism, on the contrary, are less accurate, as they
reveal irregularities in the author’s writing style, which may not necessarily turn out
to be plagiarism.

The methods of searching for textual borrowings used in industrial systems (such
as <Antiplagiat>) are constantly improving, as the borrowing methods themselves
are also becoming more complex. For example, methods of detecting paraphrases,
searching for translated borrowings [2] or detecting hidden borrowings [3] have ap-
peared. The development of such methods leads to an increase in the complexity
and the amount of computational resources needed to perform the checks. At the
same time, practice shows that the use of the full range of methods for the detection
of incorrect borrowings is far from always justified.

For this purpose, we propose to use the approach to search for internal plagiarism.
As mentioned, as a standalone tool, this approach has a very low quality of work.
But it can be used as a filter before a more accurate check, which will filter out
documents that do not need a detailed examination.

In this paper we consider an algorithm for filtering highly-original texts [4], based
on the analysis of char and word n-gram frequencies. On the basis of this algorithm,
a software package designed to implement the system to detect incorrect textual
borrowings using external text collections is implemented. The load is reduced
by selecting the documents that do not require detailed verification. Documents
requiring detailed verification, on the other hand, undergo full verification.

A computational experiment demonstrating the efficiency of this method as well
as the amount of computational resources saved is described. It is shown that on
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marked and synthetic data, the approach reduces the flow of documents that do not

require detailed verification by almost a third. It is important to emphasize that this

not only accelerates the processing time of individual documents, but also allows us
to use computing resources more purposefully, that is, to analyze in detail exactly
those documents that need such a verification.

[1] Nikitov A. V., Orchakov O. A, Chehovich Yu.V. Plagiarism in works of undergraduate
and graduate students: problem and methods of counteraction // University Manage-
ment: Practice and Analysis, 2012. — (5):61-68.

[2] Kuznetsova R. V., Bakhteev O. Yu., Chehovich Yu.V. Methods Of Cross-lingual Text
Reuse Detection In Large Textual Collections // Informatics and Applications, 2021. —
15:1 (2021), 30-41.

[3] Chekhovich Y. V., Khazov A. V. Analysis of duplicated publications in Russian jour-
nals // Journal of Informetrics, 2022. — 16(1):101246.

[4] Safin K., Chehovich Yu. Combined method for plagiarism detection in text docu-
ments // Proceedings of the Institute for System Programming of the RAS (Proceedings
of ISP RAS), 2022. — 34(1):151-160.
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Yest0BE€1€CTBO HAKOIIMIO OTPOMHOE KOJMYIECTBO TEKCTOBBIX JTOKYMEHTOB. 3a1a-
9a M3BJICYEHHUS CMBICIIA TEKCTa U3 OOJIBIIOIO KOJUIECTBA JOKYMEHTOB CJIOXKHA JIJIs
[IOJIH30BATEJST U MOXKET IOTPebOBATh 3HAYUTENbHBIX BPEMEHHBIX 3aTpaT. 3ajada
YCJIOXKHSIETCsI, KO/ I0JIb30BaTe/Ib SBJISETCs JIUIOM, ITPUHUMAOIINM PEIIeHUs], U
JIOJIPKEH PAa3JIn9aTh CMBICI BXOJANUX TEKCTOB U IPUHUMATH PEIeHUs! 38 OrPaHU-
qennoe BpeMsi. O THUM U3 PACIPOCTPAHEHHBIX CIIOCOOOB “KOHIENTYaJbHOIO CXKATUS
TEKCTOBO MHMOPMAIINY sIBJISETCST NCIOJIB30BaHIE KOHIENTyaabHbIX Moeseil. K Ta-
KUM MOJIEJISIM OTHOCSITCS TUAarPaMMbl MEHTAJIbHBIX KapT, KOHIENTyaJIbHblEe KAPTHI 1,
YaCTUYHO, OHTOJIOTUYECKUE MOJIe/In. B HacTosiee BpeMst BeLyTCsl UCCIIEI0BaHUs 110
pa3paboTKe KOHIENTYAJbHBIX MOJEJIeil, IIPeJICTaBIeHHbIX B BUJE CJIOXKHBIX I'pado-
BBIX CTPYKTYD, TAKUX KaK Trureprpadsl, rutepcern u metarpadnl. Vcmoib3oBanue
CJIO?KHBIX TPAMOBBIX CTPYKTYP 00ECIIeINBACT 3HATUTEIHHYIO CTEIIEHD “KOHIIEIITYAJIb-
Horo cxkarust. Vcronb3oBanme KOHIENTYAJIbHBIX MOJeell B 3ajade MPUHATH pe-
HIEHUI IPEIIoJIaraeT II0CJIeI0BATEIbHOE BBIIIOJHEHNE TPEeX YKPYIIHEHHBIX TAlOB:
CHUHTE3 KOHIIENTYAJbHON MOJIEIN Ha OCHOBE TEKCTOBOI'O OIUCAHUSI; KOHIEITYaIbHOE
MOJIEJINPOBaHUE, B PE3y/IbTaTe KOTOPOTro (hOPMUPYIOTCS HOBbIE KOHIIEIITYAJbHBIE MO-
JIeJI; aHAJIN3 PEe3yIbTATOB MOJEJUPOBAHUS, TPUHATHE pPelieHnil u GpopMupoBaHue
OTYETOB HA OCHOBE IIPUHATHIX PEIIEHU.

B mannoit paboTe mpuMeHsIeTCsT TIO/IX0/T 00bETMHEHUsT KOHIIENI MeTarpadmde-
CKOM MOJIeJ M U (PPEiMOBBIX KOHIIENTOB JIJIs KOHIENTYaJbHOIO cxkarus. st aH-
[JIMHCKOrO si3bIKa 3a OCHOBY Obul B3saT garacer FrameNet [1], miasi pycckoro —
FrameBank [2].

ApxurekTypa cucTeMbl KOHIIENITYAJTHHOTO MOJIETUPOBAHUST COCTOUT U3 TPEX OO0JIb-
MAX MOJyJIeit: “MOMy/Ib aHaan3a TEeKCTa’, “MOJy/Ib TeHEepallnu TEeKCTa’ M “MOIYJIb
MOJIeJIMPOBaHUS MOHATUI MeTarpada’.

Pabora cucrembl cocTouT u3 AeBsTH OCHOBHLIX sTanos. Ha “IIlare I” yuraercs uc-
xoHbIi TekcToBbIi fokyMmeHT. Ha “Ilare IT” “momynp anaamsa Tekcra’ aHajm3upyer
JOKYMEHT, U3BJIEKAET [MOHSATUS U OTHOIIEHUs U CO3JaeT CTPYKTypy Merarpada. Ha
“IMare III” cremepupoBantas CTPyKTypa MeTarpada 3aluChIBACTCA B “XPAHUIHUIIE
noustuii merarpada’. Ha “Illare IV” “Mmomynb MojenpoBaHus MOHATHN MeTarpa-
da’ mosryyaer WCXOIHBbIE MOHSITUsI JIJIsl MOJEJMPOBAHUS U3 ‘XPAHUJIMING TOHSITHI
merarpada’. Ha “Illare V” BbImo/IHsIETCST KOHIENITyaIbHOE MojempoBanue. Mcexom-
Hble TOHATHUS B (popme mMeTarpada mepeBoasaTcs B nesesbie monarus. Ha “IIlare VI”
pPe3yJIbTaThl KOHIENTYAJLHOIO MOJEJIMPOBAHUS 3AIUCHIBAIOTCS B “XPAHUJIAIIE Me-
tarpacduaeckux noustuit’. Ha “Illare VII” “momyns remeparmm TekcTa’ MOJIydaeT
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IeJIeBbIe TIOHATHA U3 ‘XpaHuaniia moHaTuit merarpada”’. Ha “Illare VIII” “momynn
reHepanuy TeKcTa’ mpeobpa3yeT KOHIENIINY Ha3HAYUEeHUs B TEKCTOByiO0 ¢gopmy. Ha
“[MTare IX” renepupyercsi BBIXOJHON TEKCTOBBIN JOKYMEHT.

ApxXuTeKTypa CHCTEMBI TaK¥Ke BKJIIOYAET B cebsl “XpaHWIHIIE MeTarpadOBbIX
nousTuit’. OCHOBHBIE HUJIeW XpaHeHUs MeTarpadOBOil MOJIEIN B PEJISIUOHHBIX,
JIOKYMEHTHO-OPHEHTHPOBAHHBIX 1 IpadOBbIX 6a3ax JaHHBIX 0OCYKIATCS B [3].

B “momyme pazbopa TekcTra’ M3HAYAIBHO MUCXOIHBI TEKCT IMOABEPTaeTCs pa3pe-
IIEHNI0 KOpe(PepPeHTHOCTH, YTO IO3BOJISET YJIAJUTh BEPIIUHBI, He HECYIIUe I10JIe3-
HOI mHMOpMAIMK, a TaKxXKe cjaejaTb oymymmuit rpad Gosee cBszubiM. Jlasiee Tekcr
HOIA/IAeT B MOJLYJIb IIpeobpa3oBanus TekcTa Bo (dpeiivbl [4]. Tlocie aroro nosyden-
Hble (ppefiMbl CBA3BIBAIOTCS [IEJIEBBIME CJIOBAME. TakuM 00pa3oM, moJrydaercs rpad,
KayKJ[asl BEPIINHA KOTOPOTO SIBJISIETCsT CJIOBOM. ATpubyThl (bpeiiMa IIpeBpaIaioTcs B
aHaJIoruaHble y3Jibl. CBI3M MEXKJLy OCHOBHBIM Y3JIOM U y3JIOM ATPHOYTa [MOMEYAIOT-
Cs1 COOTBETCTBYIOIIMM TeroMm arpubyra dpeiima. HagpHeiinee oboramenue dpeiiMos
IIPUBOIUT K (DOPMUPOBAHUIO KOHIIEIITOB BBICOKOT'O YPOBHSI HA OCHOBE KOHIIEIITOB HU3-
koro ypoBHs. Ho B paMKax CTPyKTypPBI IIOCKOTO rpada 9T0 HEBO3MOXKHO, TIOITOMY
obparumcs K mozean Merarpada. Oborarnennbie GpefiMbl MOXKHO PacCMaTPUBATD
KaK MEeTaBepIUHbl MeTarpada. JTO CBI3aHO C BIOKEHHON CTPYKTYDPOH pe3yJIbTH-
pytonmx GpeiiMoB — dpeiiMbl MOI'YT OBITh ATOMaPHBIMU WJIU COIEPXKATH JIPyIHe
dpeiivbl. B 310l MOme M MeTaBepIIMHBI MOXKHO PacCMATPUBATH KAK KOMITO3UIUN
HU3KOYPOBHEBBIX BEPIIUH.

B “momyme renepanum TekcTa’ MOCIEIOBATENHHO BBIMOIHAIOTCS HECKOJIBKO Ia-
roB. Bo-1iepBbIx, BBIIOJIHAETCS 000CHOBAHUE 3aIIPOCA, KOTOPBIN BBIIE/ISeT KOHTEKCT
3aI1poca 1 OIpesesisieT 1esib (POPMUPOBAHUST TEKCTA. 3aTeM Ha OCHOBE 3aIpoca |
Merarpada COOpaHHBIX 3HAHUI U3BJIEKAETCs HOArpad, Ha3bIBaeMblil MeTarpadomM
orBera. lajee merarpad orBeTa pasdmUBaeTCsi Ha KOMIIOHEHTBI, KOTOPbIE ITpeodpasy-
1oTcs B hopMaT cjoBaps. 3areM 3TH cJIoBapu nepeaaiorces mogesu T5 [5] miis nepe-
BOJZIa U3 CJIOBApel B TEKCTOBOE IpejicTaBienne. Hakomer, oy YeHHble IpeIoyKe s
COPTUPYIOTCS € TTOMOIIBIO0 mpeobpazoatesisi BERT, HacTpoeHHOTO HAa COPTUPOBKY
[IpEJIJIOZKEHNIT B OTBETE.

JlJ1s OTIeHKM TPABUJILHOCTH MIPEJJIOYKEHNH, TTOJIYI€HHBIX B X0/I€ MOMIYJ/s pasbopa
TEKCTa, HeOOXONMO YIUTHIBATH CMBICJIOBOE CXOJICTBO IIPEJJIOZKEHUIA, a HEe CXOJICTBO
MIPEJIOYKEHUT 0 CPABHEHUIO C “30JI0THIM CTAHIAPTOM’, KaK 3TO JIEJIAeTCS B CyIIe-
crByromux onenkax, Takux kak BLEU, ROUGE, METEOR u apyrue. st 3Toro
MBI paspabarbiBaem Genumapk STS [6] mist pycckoro si3bika M CTPOMM OIEHKY Ha
OCHOBe TPaHC(HOPMEPOB.

IIpoBeeHHBII SKCIEPUMEHT BBITIOJIHSAETCS Ha CYIIECTBYIOMEM HADOPEe IIPUMEPOB
u3 maracera FrameBank. B naspmeiinem mianupyercs TpoBeCTH SKCIIEPUMEHT C UC-
[I0JIb30BAHUEM HOBOI OIIEHKH, & TAK2Ke C yBeJMIeHneM HAa0Opa MaHHBIX 3a CUET UC-
[I0JTb30BAaHUs JIDYTUX UCTOYHUKOB, B TOM YHUCJIE TEKCTOB, IPe0OPA30BAHHBIX B MeTa-

rpadml.
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IIpoananu3mpoBaB CyIIeCTBYIOIINE TOAXObI K IIPEICTABIEHNIO KOHIIEITYAJIHHBIX

KapT, MOXKHO CJIeJIATh BBIBOJI, ITO OCHOBHOM MPOOJIEMOI CYIIECTBYIOIINX ITO/IXO0/I0B
SIBJISIETCSI UCIIOJIb30BaHNE IIJIOCKOTO Ipada B Ka4ecTBE MOIEN JJI IPEICTABICHUS
KOHIIENITYaIbHON KapThl. Vcnosib30Banne MeTaBEePIINH JIJIsT OMMMCAHUA KOHIIETITYa b
HBIX KapT MO3BOJIIET OTKAa3aThCA OT IIPEJICTaBIEHUS KOHIENTYAJbHOM KapThl B BAIE

ILUTOCKOTO Tpada U MepeiTH K XOJOHHIECKOMY IIPOCTPAHCTBEHHOMY OIMCAHUIO KOH-
LENTYAJIbHON KapThl B Bujie MeTarpada.

1

2]

3l

(4]

5]

(6]
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Humanity has accumulated a huge number of text documents. The task of ex-
tracting the meaning of a text from a large number of documents is difficult for the
user and may require significant time costs. The task becomes more complicated
when the user is a decision-maker and must distinguish the meaning of incoming
texts and make decisions in a limited time. One of the common ways to “conceptu-
ally compress” text information is to use conceptual models. Such models include
mindmap diagrams, concept maps, and, in part, ontological models. Research is
currently underway to develop conceptual models presented in complex graph struc-
tures, such as hypergraphs, hypernetworks, and metagraphs. The use of complex
graph structures provides a significant degree of “conceptual compression”. The
use of conceptual models in the decision-making task involves the sequential imple-
mentation of three enlarged steps: synthesis of a conceptual model based on a text
description; conceptual modeling, as a result of which new conceptual models are
formed; analysis of the results of modeling, decision-making, and the formation of
reports based on the decisions made.

In this work, the approach of combining the metagraph model and frame concepts
for conceptual transformation is applied. For the English language, FrameNet [1]
was taken as the basis for the frame dataset, for Russian, the FrameBank [2].

The architecture of a conceptual modeling system consists of three large mod-
ules: the “text parsing module”, the “text generation module” and the “metagraph
concepts modeling module”.

The operation of the system consists of nine main steps. In “Step 1”7, a source
text document is read. In “Step I1”, “the text parsing module” parses the document,
extracts concepts and relationships, and creates a metagraph structure. In “Step
ITI”, the generated metagraph structure is recorded into “the metagraph concepts
storage”. In “Step IV”, “the metagraph concepts modeling module” receives the
source concepts for modeling from “the metagraph concepts storage”. In “Step V”,
the conceptual modeling is performed. The source concepts in the form of metagraph
are translated to the destination concepts. In “Step VI”, the results of conceptual
modeling are recorded into “the metagraph concepts storage”. In “Step VII”, “the
text generation module” receives the destination concepts from “the metagraph con-
cepts storage”. In “Step VIII”, “the text generation module” transforms destination
concepts into text form. In “Step IX,” the output text document is generated.

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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The system architecture also includes “the metagraph concepts storage”. The
main ideas of storing a metagraph model in relational, document-oriented, and graph
databases are discussed in [3].

In the “the text parsing module”, initially, the source text is subjected to the
coreference resolution, which allows removing vertices that do not carry useful in-
formation, and also make the future graph more connected. Then the text gets into
the module for converting text to frames [4]. After that, the received frames are
linked by target words. Thus, a graph is obtained, each node of which is a word.
The frame attributes are turned into similar nodes. Links between the main node
and the attribute node are marked with the appropriate tag of the frame attribute.
Further enrichment of frames leads to the formation of high-level concepts based
on low-level concepts. But it is impossible within the framework of the flat graph
structure, so we turn to the metagraph model. Enriched frames can be considered
as metavertices of a metagraph. This is due to the nested structure of the resulting
frames — frames can be atomic or contain other frames. In this model, metavertices
may be considered as compositions of low-level vertices.

In the “the text generation module”, several steps are performed sequentially.
Firstly, query reasoning is carried out, which highlights the context of the request
and determines the purpose of generating text. Then, a subgraph is extracted based
on the query and the collected knowledge metagraph, called the response metagraph.
Next, the response metagraph is divided into components, which are converted into a
dictionary format. This dictionaries is then passed to the T5 [5] model for translation
from dictionary to text representation. Finally, the received sentences are sorted
using a BERT transformer configured to sort the sentences in the response.

To evaluate the correctness of sentences received during the work of the text pars-
ing module, it is necessary to take into account the semantic similarity of sentences,
and not the similarity of sentences compared to the “gold standard”, as is done in
existing evaluations, such as BLEU, ROUGE, METEOR and others. To do this, we
are developing the STS benchmark [6] for Russian and building an evaluation based
on transformers.

The conducted experiment is performed on existing dataset of FrameBank ex-
amples. The results proves the idea of this system. In the future, it is planned to
conduct an experiment with usage of a new evaluation, as well as with increase of
the dataset with other sources, including texts converted into a graph.

Having analyzed the existing approaches to the representation of conceptual
maps, we can conclude that the main problem of the existing approaches is the use
of a flat graph as a model for the representation of a conceptual map. The use of
metavertices to describe conceptual maps allows us to abandon the representation
of a conceptual map in the form of a flat graph and switch to a holonic spatial
description of a conceptual map in the form of a metagraph.

[1] Baker, C.F., Fillmore, C.J., Lowe, J.B.: The berkeley FrameNet project. In: Proceed-
ings of the 36th Annual Meeting of the Association for Computational Linguistics and
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CynebHoit TpaKTUKOW MOXKHO Ha3BATh COBOKYITHOCTH HECKOJIBKUX CYy/I€OHBIX aK-
TOB, CBA3AHHBIX KaKOM-TO 0b1eit Temoii. [Ipraem aTa TeMa MOXKET OBITH IBHO 3aIaHA
B JIOKYMEHTE, HAIIPIMED, CIIOP O B3BICKAHUU JIEHEKHBIX CPEJCTB IO JOTOBOPY IIOCTAB-
ku. Vlnn MOKyMeHT MOKEeT OTHOCUTHCH K Hell JIMINb KOCBEHHO, HAIIPUMeD, KaKhe-TO
00CTOSTEJILCTBA OTHOCATCS K JIOTOBOPY ITOCTABKU, OCTAJIbHBIE KACAIOTCS JIPYTIUX TEM.

B sToit pabore K CyneGHbIM aKTaM OTHOCATCS PE3Y/IbTUPYIOIUE TOKYMEHTHI (pe-
LIEHMsI, OIIPE/IeJICHUS, TIOCTAHOBJIEHHUSI ), KOTOPbIE COCTABJIAIOTCS 110 UTOraM PACCMOT-
pennusi cynebHOTO cropa B apOMTPaKHBIX CyJax HEePBOi, alesIsIIOHHON, Kaccalu-
OHHOII MHCTaHIIUI.

K anaymuzy cyieOHOIl IPAKTHUKH OTHOCUTCsSI HE TOJIBKO COOpP CTATHCTUYECKHUX I10-
Kaszarejeil, HO ¥ PacCMOTPEHHe 00X 00CTOATEILCTB U BRIBOJIOB Cy/ia. B cBOIO Ove-
pelib, 9Ta 3aJada MAaKCUMAJIBHO OJIM3KA K 3ajade IKCTPAKTUBHOTO pedepupoBaHUs
HECKOJIbKHUX JOKYMEHTOB, TJle Ha BXO/J[ IOMAI0T HAOOD JOKYMEHTOB, & HA BBIXOJIE I10-
JIy9JaIOT TI0JIE3HbIE ab3aIlbl U3 UCXOIHOTO TEKCTA.

Hawubostee moaxoasmnumu 11 pedpepupoBanHus CyaeOHOr0 aKTa 1 Cy1e0HOi mpak-
TUKY SIBJISFOTCS METOJIbI SKCTPAKIIUU. B MepBYIO OvYepeih 3TO CBSI3aHO C Te€M, YTO
TOYHOCTH TIePE/Iadn MUCXOTHOW MH(POPMAINN SBJISIETCS KPUTUIHON JJIst 9TOM Mpe-
MeTHOI obsractu. Mauteiiniiee nckakeHne MOXKET TOBJIUSTH HA MTO3UIMIO CTOPOHBI B
crope U pe3ysbrar ero paccmorpenus. Kak ykaszano B [1], ucrosb3oBanue MeTozm0B
abCTPAKIIMK MOXKET IIPUBOJUTH K T'€HEPAINH JIOZKHBIX (PAKTOB, OIMUOKAM ¥ JIPYTUM
UCKAYKEHUSIM, UYTO SIBJISIETCS HEJOIIYCTUMBIM JIa2Ke B €IMHUYHBIX CJIYYadAX.

Xorsi HabOP JIOKYMEHTOB JIJIsl aHAJIA3a MOJ0UPAET CIIEIUAJIICT, OCHOBHYO CJIOXK-
HOCTB IIPEJICTABJISIOT BBINIEYKAa3aHHbIE MOMEHTBI C TEMaMU JOKYMEHTOB. 3a9acTyiOo
0TOOP CyEeOHBIX AKTOB IIPOUCXOIUT HE IO TeMe JOKYMEHTA, & 10 COOTBETCTBUIO JTaXKe
qacTu JOKyMEHTa HesBHOMY Bompocy. Ha mpakTnke 3amHTEpecOBaTh CIEIUAJIACTA
MOXKET OJINH WJIU JiBa ab3alla B MHOTOCTPAHUYHOM aKTe, YTO ITO3BOJIAT eMy 100a-
BUTBH TOT JOKYMEHT, KaK YaCTh CYJeOHON IPAKTUKHU.

B pesysbrare nposeneHHON paboThl [2] ObLIM CIEJAHBI BHIBOALI O HEBO3MOXKHO-
ctu pedepupoBaHus HAOOpa JOKYMEHTOB 0€3 IOMOJHUTEIBLHON IIpeIBapUTEIbHOMN
TPYIIUPOBKY, BBUY CJIO2KHOCTU IPUMEHEHUs HA NMPAKTUKE U3BJIEYEHHBIX TEKCTO-
BBIX OJTOKOB. /It MUHUMM3AIINN BIAUSIHUAS 3TOTO (haKTOpa ObLIN PACCMOTPEHBI pa3-
HBIE AJITOPUTMBI KJjtacTepusanuu. VIx 3¢ hekTuBHOCTE OlleHNBaJIaCh Ha 3apaHee TOoI-
TOTOBJIEHHOM HabOpe JIOKYyMEHTOB, KOTOPBIN MPUMEHSIICA KaK ‘30JI0TOH cTaHmapT’.
B kavecTBe OCHOBHBIX NMPU3HAKOB HMCIIOJIB30BAJIUCH KAK YACTOTHBIEC, TAK U IIPU3HA~
KM, OCHOBAHHbIE HA M3yUEeHWH IpeaMeTHo# obsactu. Takxke B paboTe TpeIIOXKEH
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METO/I, KJIACTEPU3AINK CyAeOHON MPAaKTUKM, KOTOPBIN MMOKA3aJl JIyIIUi pe3yabTrar

110 CPABHEHUIO C APYTUMHU PACCMOTPEHHBIMU MeTOJaMu.

Tak kak KjaacTepusalys CyJIeOHON MPAKTUKU SABJSIACH YaCThIO 0oJiee KPYITHOM
3a/a9u 110 aHaIu3y CyJIeOHOI MPaKTUKU, TO B paboTe OBLIT PACCMOTPEH BapUAHT OT-
Yera ¢ M3BJIEYEHUEM BBIBOJOB cya (pedepar HeCKOJIbKUX CylneOHbIX akToB). IIpu
9TOM WCIIOJIB30BAJICS HE OIUH WCXOIHBIM HAOOP MTOKYMEHTOB, 8 HECKOJBKO TPYIII
JIOKYMEHTOB, c(OOPMUPOBAHHBIX 110 UTOTaM KJacTepusanun. PedepupoBanue mpoBo-
JIUJIOCH JIJTIsT KaXKJIOW TPYIIBI B OTJAEIBHOCTH. J[OKyMEHTBI, KOTOpbIE HE TOMNAJU B
copMupOBaHHBIE IPYIIIIBI, PEEPUPOBAIUCH KAK OJUHOYHBIE JIOKYMEHTHI C UCIIOJIb-
30BaHUEM MeTo/a pedepupoBaHus CyIe6HOr0 aKTa OIUCAHHOIO B [3].

IIpemtoxKeHHBIIT METOT KIACTEPU3AINH CYIeOHOM TPAKTUKH PEATIM30BAH B MOLY-
Jie KJIACTEPU3aIlNK, KOTOPBIfl BXOAUT B THOPHUIHYIO WHTEIEKTYAIbHYIO WHpOpMa-
IIMOHHYIO CHUCTeMy pedepupoBaHus U aHAJIN3a CYAeOHON MPAKTUKU apOUTPAKHBIX
CY/I0B.

B macrosimeit pabore BBINIOJHEHBI UCC/IEIOBAHNUS 110 WHTE/IEKTYAJbHOMY AHa-
JT3Y CyAeOHOI MTPaKTUKU C UCIIOIb30BAHNEM METOIOB KJIACTEPU3AIINN, TTPEITOXKEHBI
METO/I KJIaCTEpU3aIinu Cy1e0HOM MPaKTUKN U METOT pepepUpPOBAHUSI CYIeOHOI TpaK-
TUKU.

[1] Zigiang Cao, Furu Wei, Wenjie Li, and Sujian Li Faithful to the original: fact-
aware neural abstractive summarization // In Proceedings of the Thirty-Second
AAAT Conference on Artificial Intelligence and Thirtieth Innovative Applications
of Artificial Intelligence Conference and Eighth AAAI Symposium on Educational
Advances in Artificial Intelligence (AAAI'18/TAAT'18/EAAT’18). AAAI Press, Article
586, 4784-4791. (2021).

[2] Taran, M.O., Revunkov, G.I., Gapanyuk, Y.E. Creating a Brief Review of Judicial
Practice Using Clustering Methods. In: Kryzhanovsky, B., Dunin-Barkowski, W.,
Redko, V., Tiumentsev, Y. (eds) Advances in Neural Computation, Machine Learning,
and Cognitive Research VI. NEUROINFORMATICS 2022. Studies in Computational
Intelligence, vol 1064. Springer, Cham (2023). https://doi.org/10.1007/978-3-031-
19032-2 48

[3] Taran, M.O., Revunkov, G.I., Gapanyuk, Y.E. Generating a Summary of a Court Act
Based on an Improved Text Fragment Extraction Module. In: Kryzhanovsky, B., Dunin-
Barkowski, W., Redko, V., Tiumentsev, Y., Klimov, V.V. (eds) Advances in Neural
Computation, Machine Learning, and Cognitive Research V. NEUROINFORMATICS
2021. Studies in Computational Intelligence, vol 1008. Springer, Cham (2022).
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Judicial practice can be called a set of several judicial acts related to some com-
mon theme. Moreover, this topic can be explicitly set in the document, for example,
a dispute about the recovery of funds under a supply agreement. Or the document
may relate to it only indirectly, for example, some circumstances relate to the supply
contract, the rest relate to other topics.

In this work, judicial acts include the resulting documents (decisions, rulings),
which are drawn up following the consideration of a judicial dispute in arbitration
courts of the first, appeal, and cassation instances.

The analysis of judicial practice includes not only the collection of statistical
indicators, but also consideration of the general circumstances and conclusions of
the court. In turn, this problem is as close as possible to the problem of extractive
abstracting of several documents, where a set of documents is given as input, and
useful paragraphs from the source text are received as output.

Extraction methods are the most suitable for summarizing a judicial act and judi-
cial practice. First of all, this is due to the fact that the accuracy of the transmission
of the original information is critical for this subject area. The slightest distortion
can affect the position of the party in the dispute and the result of its consideration.
As noted in [1], the use of abstraction methods can lead to the generation of false
facts, errors and other distortions, which is unacceptable even in isolated cases.

Although the set of documents for analysis is selected by a specialist, the main
difficulty is presented by the above points with the topics of documents. Often,
the selection of judicial acts is not based on the topic of the document, but on the
correspondence of even a part of the document to an implicit issue. In practice, a
specialist may be interested in one or two paragraphs in a multi-page act, which will
allow him to add this document as part of judicial practice.

As a result of the [2] work carried out, conclusions were drawn about the impos-
sibility of abstracting a set of documents without additional preliminary grouping,
due to the complexity of applying the extracted text blocks in practice. To minimize
the influence of this factor, different clustering algorithms were considered. Their
effectiveness was evaluated on a pre-prepared set of documents, which was used as
a “gold standard”. As the main features, both frequency and features based on the
study of the subject area were used. Also, the paper proposes a method for clus-
tering judicial practice, which showed the best result compared to other methods
considered.

Since the clustering of judicial practice was part of a larger task of analyzing
judicial practice, the paper considered a version of the report extracting the conclu-
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sions of the court (an abstract of several judicial acts). In this case, not one initial

set of documents was used, but several groups of documents formed as a result of

clustering. Referencing was carried out for each group separately. Documents that

did not fall into the formed groups were abstracted as single documents using the

judicial act abstracting method described in [3].

The proposed method of judicial practice clustering is implemented in the clus-
tering module, which is included in the hybrid intellectual information system of
referencing and analyzing the judicial practice of arbitration courts.

In this work, research on the intellectual analysis of judicial practice using clus-
tering methods is carried out, the method of clustering judicial practice and the
method of referencing judicial practice are proposed.

[1] Zigiang Cao, Furu Wei, Wengie Li, and Sujian Li Faithful to the original: fact-aware
neural abstractive summarization // In Proceedings of the Thirty-Second AAAI Con-
ference on Artificial Intelligence and Thirtieth Innovative Applications of Artificial In-
telligence Conference and Eighth AAAI Symposium on Educational Advances in Arti-
ficial Intelligence (AAAT'18/TAAT’18/EAAT’18). AAAI Press, Article 586, 4784—4791.
(2021).

[2] Taran, M.O., Revunkov, G.I., Gapanyuk, Y.E. Creating a Brief Review of Judicial Prac-
tice Using Clustering Methods. In: Kryzhanovsky, B., Dunin-Barkowski, W., Redko,
V., Tiumentsev, Y. (eds) Advances in Neural Computation, Machine Learning, and
Cognitive Research VI. NEUROINFORMATICS 2022. Studies in Computational In-
telligence, vol 1064. Springer, Cham (2023).

[3] Taran, M.O., Revunkov, G.I., Gapanyuk, Y.E. Generating a Summary of a Court
Act Based on an Improved Text Fragment Extraction Module. In: Kryzhanovsky,
B., Dunin-Barkowski, W., Redko, V., Tiumentsev, Y., Klimov, V.V. (eds) Advances
in Neural Computation, Machine Learning, and Cognitive Research V. NEUROIN-
FORMATICS 2021. Studies in Computational Intelligence, vol 1008. Springer, Cham
(2022).
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leHepauus BONpoOCOB Ha eCTECTBEHHOM si3blKe C NMpUMEHeHnem
noaxopa MbpugHbix utennektyanbHbix MHcpopmaumoHHbix
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Tanawox Oputi Eszenvesun' gapyu@bmstu.ru

'Mocksa, MI'TY um. H.D.Baymana

3amaBaTh BOMPOCHI — 9TO KJIIOYEBasi (DYHKIUS IETOBEICCKOTO CO3HAHUS, KOTO-
pas BeméT K 60stee 3hHEKTUBHOMY IPOIECCY OOYUEHUs U YLy IIIeHUIO0 KATeCTBa [0~
aydennoit nadopmannu. B kuure [1] Bompock! onmcaHbl Kax “pafodme JIOMAIKN B
CTpPOUTENBLCTBE (DYHIAMEHTAILHOIO 3HAHUS .

Bormpocsr Takke MOryT OBITH HCIIOJIB30BAHBI B KAUECTBE NHCTPYMEHTa 00y YeHusl,
C TIOMOIIIHIO KOTOPOT'O IIPETIOJABATEIN YIIPABIISIOT U HAIIPABJIAIOT IIPOIECC 00y YeHUS,
[IPOBEPSIIOT, HACKOJILKO XOPOIITO 00y IAIONINECS TIOHSIITH MATEPHUAJI, U OIPEIEIISIIOT Te-
MBI, ¢ KOTOPBIMU MOTYT OBITH IIPOOJIEMBI. Y MEJIOe HUCIOJIH30BAHUE BOIIPOCOB MOXKET
YIIyUIIUTH 00yUYeHNe U YBEJUIATh IPOLYKTUBHOCTD OOy Jatomuxcs [2].

Kaxk yTBepKaercst B MCCJIe0BAHUY [3], IpernojaBaTesb dalie UCIOJIb3yeT KOH-
BEPreHTHBIE BOIIPOCHI 110 CPABHEHUIO ¢ tponeaypubivu (13,3%) win guBepreHTHHIMY
(26,7%), moromy UTO 9TO B GOJIBINEH CTENEHN BOOILYIIEBJISET YIAIUXCsI OTBEYATh Ha
BOIIPOCHI TI0 MATEPHUAJY, 13 KOTOPOI'O IOJIYI€Hbl 3HAHUS.

Uccnenosanue [4] mokaspiBaer, 4To0 MHCTPYKIUE C JOTIOJHATEIBHON CEKIe OT-
BETOB Ha BOIPOCHI OoJiee 3bDEKTUBHBI, YeM MHCTPYKIMKU 6e3 Heé, a BOIPOCHI, KO-
TOpBIE 38Ja€T YINUTEb KPOME TOTO Y/IydIIaioT 00ydeHre yJallerocs, pa3BuBas Ha-
BBIKM KPUTUYIECKOTO MBINLJIEHUS, TIOJIKPEIIss TPABUIBLHOE, U UCIIPABJIAsT HEBEPHOE
[IOHMMAaHNEe KOHIIENITOB U CBA3€ii, a TaKKe [IPEJIOCTaBIIsAsi OOPATHYIO CBA3b. Bompocsr,
chOpMyJIMPOBAHHBIE YIUTEIEM, TO3BOJISIOT €MY JIyYIlle YIIPABJIATh YIeOHBIM IPOIIEC-
coM [5]. TakKe yunuTesb BOOMYNIEBIAET O0YIAIOIIXCS JIyIlle TOHUMATh MATePUAJL,
3aJiaBasi BOIIPOCHI, KOTOPbIe TpeOyOT 0000IIEeH s TPOIJIEHHOIO MaTepHaJa.

B macrosiimee Bpemst py9qHOI TPy, yIUTENsI IO CO3JAHUIO BOIIPOCOB MOXKHO aBTO-
MaTU3UPOBATH HA OCHOBE METOJOB MHTE/UIEKTYAJHLHOIO aHAJIN3a TEKCTOB, KOTOPBIE
[IPUMEHSAIOTCS K TEKCTOBBIM YIe0OHBIM MaTepPUAJAM M ABTOMATHYECKUA I'€HEPUPYIOT
BOIIPOCHI.

B [6] MBI npe/raraem UCIOIB30BATH MOAX0 Ha OCHOBe ['uGputHbIX MHTeIeKTY-
anbubix Mudopmanuonnbix Cucrem (TMUC) Kak 0CHOBY [1J1 apXUTEKTYPbI CUCTEMbI
rereparuu Borpocos. Tpu ocroBubx KoMmmoneHTa I INC 310 cpema, Mmomyss momco-
3HAHWsI, ¥ MOJYJIb CO3HaHUsI. B [6] Tak:ke IPUBOIATCS PE3YIIBTATHI SKCIIEPUMEHTOB,
[IPOBEJIEHHBIX Ha CUCTEME, IIOCTPOeHHOit 1o apxurekType [INC.

“Cpemoii” B mpejjiaraeMoil CUCTEME sIBJISTFOTCS TEKCTOBbBIE JIOKYMEHTHI U I'Padbl
suanmii. CjioBapu u Te€3aypychbl, KOTOPBIE JTOMOJHUTEIBHO UCIIOIB3YIOTCS JJIsi CMBIC-
JIOBOTO 0DOTaIleHnsi KaK TEKCTOB, TaK W IrpadOB 3HAHMI, TAKYKE MOLYT PACCMATPHU-
BATHCHA KAK JJIEMEHTHI CPEIIBI.

Mojtysib 110/1CO3HAHUS CUCTEMbBI BKJIIOYAET B Ce0s CJIEYIONINe MOJYJIN.

Me>xgynapoaaas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mexkabpst 2022 r.
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“Momynb U3BJIEUEHNST TEKCTa’ WUCIOJIb3YEeTCs M BBIIETEHNsT TEKCTOBBIX hpar-
MEHTOB, IIPeIHA3HAYEHHBIX I (DOPMUPOBAHMS BOIIPOCOB M CMBICJIOBOTO oOorarie-
HUsl TEKCTOB Ha OCHOBE CJIOBapeil U Te3aypyCcoB.

“Moysib u3BjeueHus TpadoB 3HAHWI® peajin3yeT U3BJI€UECHUE U XPAHEHUE I'Da-
¢doB 3HAHWI B PENO3UTOPUHN B Pa3JUIHBIX (popmarax. V3Bnedenne rpada 3Hanmii
He WCIOJIb3YeTCsd, eCIN MCXOIHbIE JAHHbIE SIBHO MPENCTaBeHbl B (opmare rpada
suanuii (Hanpumep, B popmare RDF).

Cremgyer oTMETHTDb, 9TO rpadbl 3HAHUN BCErJa HESIBHO IPUCYTCTBYIOT B MCXOJI-
HOM Tekcre. [loaroMy “MOMysIb U3BJI€UEHUS] IOHITANR U CBsi3eil” MO3BOJISIET CTPOUTH
rpadbl 3HAHUN HA OCHOBE MCXOTHOTO TEKCTA, BBIJE/ISA TOHSITHS U CBA3U MEXK]Ty HU-
M.

Ecnu nns remeparun BOIpoCoB NPEIIOIAraeTCs UCIOJIB30BATh TOJIBKO JIOTHYe-
CKHe METOJ[bl, TO HUKAKWUX JIOIOJHUTEIHHBIX MOmyseil He Tpebyercs. OrobpaHHbIe
u oborarieHHble (PPArMEHTHI TEKCTOB U IpadOB 3HAHUIT COXPAHSIIOTCS B PEIO3UTO-
pUU ¥ B JAJIbHEHIIEeM UCIIOIB3YIOTCS sl JIOTHIECKO rereparuu Bopocos. Ho ecym
JUIsT T€HEePaIuu BOMPOCOB IIPEIITOIAraeTC MUCIOJIb30BaTh METO/bI, OCHOBAHHBIE HA
MAITHHHOM OOYYEeHUH, TO JJIT TEKCTOB U rpadoB 3HAHUIT HEOOX01MMO (POPMUPOBATD
BEKTOPHBIE IIpejcTaBienust (3mbenqunrn). s perenust 9T0ii 382491 UCIOIb3YIOT-
cs “MOJLyJIb BEKTOPU3AIMK TeKCTa | “MOJLyJIb BEKTOpU3alyy rpada 3HaHUR .

st XpaHeHUst THOPUIHBIX UCXOIHBIX JAHHBIX HEOOXOIUM PErro3UTOpHii, obecrre-
YUBAIONUI XpaHEHNE U3BJIEUEHHBIX U OOOTAIEHHBIX TEKCTOB M IpadOB 3HAHUIT KaK
B MCXO/IHOM, TAK W B BEKTOPHOM IIpejcTaBjeHnn. Jjis peajsn3anun XpaHuInina pe-
KOMEH/IyeTCsl UCII0JIb30BaTh MOJIEb JIAHHBIX HA OCHOBE MeTarpada, IO3BOJISIOILYIO
CO3/IaBATh CJIOKHBIE CBSI3M MEXKJIy SJIEMEHTAMH XPAHWJINING, IPEJICTaBJIEHHBIMU B
TEKCTOBOM, I'Pa(pUIeCKOM U BEKTOPHU30BAHHOM BHJIE.

MojtyJsib CO3HAHMS CUCTEMBI BKJIIOUAET B Ce0si CJIELYIONNE MOJIYJIH.

Moyysib “stormaeckux MeTOMOB” UCIOJIb3YEeTCs JJIs T€HEPAIINY BOIIPOCOB HA OCHO-
Be U3BJIEYEHHBIX (DparMenToB rpadoB 3HAHUN, NCXOIHBIX TEKCTOB, & TAKXKe TOHITHIA
U CBsI3€il MeXK/1y HUMU, U3BJIEIEHHBIX M3 UCXOIHBIX TEKCTOB. [Jisi reHepannu BOIpo-
COB JIAaHHBII MOJIYJ/Ib UCIIOJIb3yeT METOJIbI, OCHOBaHHBIE HA ITPABUJIAX.

Moytysib “MammmHEHOTO 00y YeHUsT” UCIOJIb3yeT METOIbI, OCHOBaAHHBIE HA MAIIIMHHOM
oOydennn. BXOIHBIMEU JAHHBIME J[JIS TOTO MOJLYJIsI SIBJISFOTCSI BEKTOPHBIE ITPEJICTAB-
JIeHUsI TEKCTOB U I'padOB 3HAHUIA.

“Momyb JIOTUYIeCKO KOPPEKITUU BOIPOCOB” MOKET JOTOJHHUTEIHHO 00pabaThi-
BaTh BOIIPOCHI, Cr€HEPUPOBAHHBIE MOJYJIEM “MAaIlMHHOIO O0ydYeHusi. DTOT MOILYJIb
TaKKe OCHOBaH Ha MPABUJIAX U IIPeJHA3HAYEH JIJIs UCIPABJICHUS BO3MOXKHBIX OIIHU-
OOK, JIOIyIIEHHBIX [IPU HUCIOJIH30BAHUU METOJOB MAIUHHOrO 00ydenusi. B kadecTBe
HCIPABJICHUS MOTYT OBITh HCIIOJIB30BAHBI MIEPECTAHOBKHU CJIOB, M3MEHEHUE YACTei
CJIOB C IIEJIbIO COIVIACOBAHUS POJOB, MAJIEKeH, CKIIOHEHUN, CIIPAXKEHUN 1 T.1., a TaK-
2Ke TpoBepKa (aKTOB B TEKCTEe M 3aMEHa HEBEPHBIX (rakTorpadpuiecKux JIaHHBIX
(Takux, Kak MMeHa, reorpaduuecKre HAMMEHOBAHUS, JIATHI).
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“T'uOpuAHBI MOMIY/Ib T€HEPAITUN BOIIPOCOB’ MOKET MCIIOJb30BATDH JU0O JTAHHBIE
U3 PENO3UTOPHSI, JIMOO BBIXOIHBIE JAHHBIE MOJYJIeH TeHEPAIIH BOIIPOCOB B KadIeCTBe
BXO/IHBIX JIAHHBIX. B cJly4yae MCIIOIb30BaHUs Pe3y/IbTaTOB pabOThI IPEIbILYIINX MO-
JIyJIeii, STOT MOJIYJIb PEAJM3yeT aHCAMOJIEBYIO MOJIETh.

“Momysib oreHKN KadecTBa CPABHUBAET KAYECTBO Cr€HEPHUPOBAHHBIX BOIIPOCOB
Ha OCHOBE METPHUK KadecTBa. I10b30BATEIIO0 MPEICTABIAIOTCI BAPUAHTHI CTEHEPH-
POBaHHBIX BOIIPOCOB C METPUKAMU KadeCTBa.

Takum obpasoM, npeiaraeMblii moaxon Ha ocHoBe I'IMC mosBossieT sKcepu-
MEHTUPOBATH C PA3JINYHBIMU BapUaHTAMU apXUTEKTYP MHTEJJIEKTYAJbHON CUCTEMBI
TeHEePAIiy BOIPOCOB. DTO MOTYT OBITh BAPHUAHTHI APXUTEKTYPBI, PeaJIn30BaHHBIE
KaK Ha OCHOBE IMPABUJI U HAa OCHOBE METOJOB MAIIIMHHOTO O0YJeHNsI, TAK W Ha OCHOBE
rUOPUIHOTO BapUaHTa, BKJIIOYAIOIIETO 00a MOIX0/1a.
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Thought & Action 26 (2010): 127-134.
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Asking questions is an essential function of the human mind that leads to an
improvement of the learning process and the enhancing of the received information
quality. The book [1] stated that “questions are ‘workhorses’ in building foundational
knowledge”.

Questions can also be used as a teaching tool by which instructors manage and
direct learning, test student understanding, and diagnose problem areas. The skillful
use of questioning can enhance learning and increase student performance. [2]

As stated in the research [3], the teacher uses convergent questions sufficiently
more frequent, than procedural (13.3%) or divergent (26.7%) questions, and this is
used to encourage students to answer based on the material.

In general, research [4] states that instructions with questioning are more effec-
tive than those without it, and teacher-initiated questions enhance student learning
by developing critical thinking skills, reinforcing student understanding, correcting
student misunderstanding and providing feedback for students. Teacher generated
questions are questions that keep control of the learning process in the hands of the
teacher [5]. Teachers engage students by asking questions that require generative
answers.

Currently, the manual work of the teacher in creating questions can be automated
based on text mining methods that are applied to text-based educational materials
and automatically generate questions.

In [6] we propose Hybrid Intelligent Information Systems (HIIS) approach to
be used as a basis of the new architecture for question generation. Three main
components of the HIIS are the “environment”, the subconsciousness module, and
the consciousness module.

In this research we additionally provide results of the experiments, conducted on
the system, that was constucted following this architecture.

The “environment” in the proposed system are text documents and knowledge
graphs. Dictionaries and thesauri, which are additionally used for semantic enrich-
ment of both texts and knowledge graphs, can also be considered as elements of the
environment.

The subconsciousness module of the system includes the following modules.

The “text extraction module” is used to highlight text fragments intended for the
formation of questions and the semantic enrichment of texts based on dictionaries
and thesauri.

The “knowledge graph extraction module” implements the extraction and storage
of knowledge graphs in the repository in various formats. Any knowledge graph

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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extraction is not required if the original data is presented in an explicit knowledge
graph format (for example, in the RDF format).

It should be noted that knowledge graphs are implicitly present in the source
text. Therefore, the “concepts and links extraction module” allows you to build
knowledge graphs based on the source text, highlighting concepts and links between
them.

If only logical methods are supposed to be used to generate questions, then
no additional modules are required. The selected and enriched fragments of texts
and knowledge graphs are stored in the repository and are subsequently used for
the logical generation of questions. But if it is supposed to use methods based on
machine learning to generate questions, then for texts and knowledge graphs it is
necessary to form vector representations (embeddings). To solve this problem, the
“text vectorization module” and the “Knowledge graph vectorization module” are
used.

Hybrid source data corresponds to a repository that provides storage of extracted
and enriched texts and knowledge graphs in both the original and vectorized repre-
sentation. To implement the storage, it is recommended to use the metagraph data
model, which allows creating complex links between the storage elements presented
in text, graph, and vectorized forms.

The consciousness module of the system includes the following modules for ques-
tion generation.

The “logical methods” module is used to generate questions based on the ex-
tracted fragments of knowledge graphs, source texts, as well as concept and links
between them, that are extracted from source texts. It uses rule-based methods to
generate questions.

The “machine learning” module uses machine learning-based methods to gener-
ate question texts. The input data for this module are vectorized representations of
texts and knowledge graphs.

The “module of logical correction of questions” can additionally process questions
generated by the “machine learning” module. This module is also rule-based and is
designed to correct possible errors made by machine learning methods. Permutations
of words, changing parts of words in order to harmonize genders, cases, declensions,
conjugations, etc., as well as fact-checking in the text and replacing incorrect factual
data (such as names or dates) can be used as the correction methods.

The “hybrid question generation module” can use either data from the repository
or the output of the generating questions modules as its input data. In the case of
using the results of the work of the previous modules, this module implements the
ensemble model.

The “quality assessment module” compares the quality of the generated questions
based on quality metrics. Variants of generated questions with quality ratings are
presented to the user.
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Thus, the proposed HIIS-based approach allows experiments with various ar-
chitectures of an intelligent question generation system. These can be architecture
options implemented both on the basis of rules and based on machine learning meth-
ods, as well as on the basis of a hybrid option that includes both approaches.
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"Mocksa, BI ®UII 1Y PAH

Coszanne cucTeM aBTOMATUYECKOI'O IIEPEBOJIA SIBJISIETCs OJHON M3 CJIOXKHBIX 3a-
Jad aHajn3a TEKCTOB €CTECTBEHHOrO s3biKa. OOydeHme ajropuTMOB, JIEXKAIIUX B
OCHOBE TaKWX CHCTEM, Tpebyer GOJIBIIOro KOJMIECTBa MapaslIeIbHBIX TEKCTOB HA
PA3HBIX SI3bIKAX M CYIECTBEHHO 3aBUCUT OT KAYECTBA ITUX JAHHBIX U CTEIEHHW WX
BBIPABHEHHOCTH. BBUy BBICOKOI cTOMMOCTH pabOThI IIPOgEeCCUOHAIBHBIX IIEPEBOJI-
YUKOB JAHHBIE JJIst OOyYeHUsl aJrOPUTMOB [TEPEBOJIA CODUPAIOTCS aBTOMATUYIECKH C
[TOMOIIBIO IBPUCTUYECKAX AJTOPUTMOB. IIpr 3TOM BBICOKAsS CTEIeHb BHIPDABHEHHO-
CTH OTJIEJIBHBIX O0YYaIOIINX IIPUMEPOB HE TAPAHTUPYETCs, ITO MO3BOJISIET COONPATDH
6oJIbITIIE OOBEMBI TTAPAJIIETHLHBIX TEKCTOB.

AJtropuTMBI TIEpeBOIa IPU 00yYEeHUH BOCIIPOM3BOJIST JIaHHBIE Ha BXOI 00YYa0-
mue npuMepsl [1]. I110X0 BbIpaBHEHHBIE NPUMEDPHI IPUBOJAT K IMOSIBJIEHHIO TAKAX
CHCTEMATHIECKUX OIMMOOK MEPEBOJIA, KAaK HEIOMEePEBOIbI U N30BITOYHBIE IEPEBOJIHI,
KOIJ]a B TEPEBEIEHHOM TEKCTE JINOO TePseTCs YaCTh HUCXOIHOTO CMBIC/A, JIHOO M10-
OaBJyIsIeTCsT KaKOW-TO HOBBIi. 11 60pHOBI ¢ 3TUMM OMMOKAMU MOYKHO HCIIOJIH30BATD
obyuenne ¢ HeratuBHbIME TpuMepamu [2]. IIpu Takom moaxome BBIXOJ aJrOpUTMAa
[IePeBO/Ia PACCMATPHUBAETCS KaK HEKOTOPOE €CTECTBEHHOE PAHKHUPOBAHHE THIIOTE3,
B KOTOPOM CI€HEPUPOBAHHBIE T'UIIOTE3bI OTCOPTUPOBAHBI IO BEPOSITHOCTU TEKCTA C
TOYKHU 3PEHUsT MOJEH MEPEBOIA. YJIYUIIeHNs KadecTBa MEPEeBOa MPU TAKOM IIOJI-
XOJIe MOYKHO JIOCTHYb 3a CUET yBEJIMYEHUSI BEPOSITHOCTU HEKOTOPOIO IIEPEBOJIA Y4
MIPEJJIOXKEHNST & OTHOCUTEJIHLHO OoJiee ILIOXOTO TEPeBOJIa Y TOTO Ke MPEJIOXKEHUST
T C IIOMOIIBI0 MAKCUMAJIBHON I1eJIeBO (DyHKIIUU MHTEPBAJIA!

L(z,ys,y—) = max(0,log P(y_|z) — log P(y,|x) + ).

B mpocrom cirydae mosyants Oostee TLIOXOM II€PEBOJ Y U3 MEPEBOJA Y4 MOXK-
HO C IIOMOIIBIO IBPUCTUYECKUX ayrMeHTaruil. Tak, ¢ IOMOIIbIO yaJIeHus: U J1y0su-
pOBaHUs CJIy4YailHBIX CJIOB B I€PEBOJIaX YAAETCS YIYyUIIATH Ka9eCTBO CHUCTEMbBI 3a
CYET yMEHBIIEHUsI KOJIMYEeCTBA OIMOOK HEJOIEPEBOIOB U MU3OBITOYHBIX II€PEBOIOB
[2]. TakKe, ¢ MOMONIBIO CIIyYANHBIX M3MEHEHUH IPAMMATHIECKUX (HDOPM CJIOB IKC-
[IEPUMEHTAJIBHO Y/IAJO0Ch JOOUTHCS YIIYUIIEHUs COTJIACOBAHHOCTUA TEKCTOB C TOUYKH
3peHus HOPM SA3BbIKA.

OJtHAKO ONMUCAHHBINA MOIXOM, ¢ CHHTETHIECKUMHI PUMEPAMU TIO3BOJIsIeT HOPOTh-
Csl TOJIBKO C OIIPEJIeJIEHHBIMU BHJIAMU ONIUOOK IIEPEBOJIa, 3aJaHHBIMU C ITOMOIIBIO
9BPUCTUKU B ayrMeHTAImu. B TO ke BpeMs CJIOKHOCTb T'€HEPUPYEMBIX ITPUMEPOB
TaK>Ke OTPAaHUYEHA CJIOYKHOCTHIO YBPUCTUKM. BCE 9TO OrpaHMYIMBaET IIMPOKOE IPHU-

Me>xgynapoanas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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MEHEHHe JAHHOTO MOIX0Ja W CHUKAeT 3P@PEKT OT yaydIleHns paHKupoBanns. bo-
Jtee OBIIIM peIieHreM MOIJIO ObI OBITH UCIIOIH30BAHNE YEJIOBEYECKUX HUCITPABJICHIH
MaIlIMHHO-TIEPEBEIEHHOTO TeKCTa. TaKue JaHHbBIE [MO3BOJISIA Obl UCIIPABJISTH JIFOOOI
BUJ CHCTEMATHIECKUX OIMUOOK, BCTPEUYAIOIINXCSA B MEPEBOJIAaX, HO ITO PEIeHNe BCE
eIre TPYIAHO MACIITAOUPYEMO M3-33 CJIOXKHOCTU 33J[AHMUS.

B mammoit pabore npesaraercs 6osiee TPOCTOil CIOCOD MHTErPAINN I€IOBEKA B
[IPOIIECC YJIydIeHus mepeBojia. BMecTo Toro, 9To0bl MPOCUTH TEPEBOJIUTH TEKCT WA
UCIIPABJISITH B HEM OIMUOKY, 6y/1eM IIPOCUTH PAa3METUYNKA BBIOPATh U3 JBYX IIEPEBOIOB
siyarnuii. B coorBercTBUEM ¢ pa3MeTKoil OylieM IIpejCTaB/IsiTh MOJEJU B IIPOIECCEe
00yU€eHUsI COOTBETCTBYIOIINE Y U Y_ JIJIs YIIYUIIeHUs] DAHKUPOBAHUSI.

DKCIIEPUMEHTAIBHO MOITBEPKIAETCS, UTO JMAHHBIN TOIXO TO3BOJIAET 3aMETHO
VIIyYIIATH KAYeCTBO MEPEBOJIA B CPEJIHEM, a TAKXKe MO3BOJISIeT 3HAYNMO YMEHBITUTD
KOJIMYIECTBO HEJONEPEBOJIOB U N30BITOYHBIX IIEPEBOJIOB 0€3 MCIIOJIb30BAHUS CHHTETH-
JecKux npumMepoB. Bojiee Toro, oOydenue ¢ yIydieHneM PaHXKUPOBAHUS Ha aHIJIO-
pycckoM Hatpasjieranu B 16% cirydaes renepupyer 60Jiee XOpOIue IIePeBObI ¢ TOUKH
3peHusT PA3METINKOB, HE YYACTBOBABIIUX B CO3JAHUN 00YUIAIONINX JAHHBIX.

Mojiesb Oyuknus nmorepben-ru-wmt-19, BLEU
0a30Bast MOJIEb 115 35.6
o000y 4. Ha pa3sMeTKy 12 36.7
ioobyu. ua pazmerky| L(x,yy,y—) 37.3

Kpowme Toro, yiydinenne kadecTBa yJAJI0Ch EPEHECTH HA S3BIKOBBIE HAIIPABJIE-
HU$ OTJIMYHBIE OT aHIJVIO-PYCCKOI'O, JJIs KOTOPBIX HE COOMPAJINCH JIaHHbIE PA3METKH.
ITpu o6yueHnn MHOTOSI3BIKOBBIX Mogesieit tuna Many20ne [3] ¢ npe/yiokeHHbIM Me-
TOJIOM yJIAJI0Ch TOBBICUTH KadecTBO IepeBona B 5-10% ciyvaes Ha dpaHIy3cko-
PYCCKOM W HEMENKO-DYCCKOM HAIIPABJIEHUSIX IEePeBOJa 3a CUYET IMepeHoca 3HAHUN
MEXKTY S3BbIKaMU.

Taxxxe, 6iaromapst IpeJIJIO2KEHHOI MIPOIEAyPe YIIYUIIeHUs C YeJIOBEYeCKON pas3-
METKOU YJIaJI0Ch JOOUTHCS JOMEHHOHN A allTAllui MOJIEJIH TI0JT A3bIKOBOHI JIOMEH, Ha
KOTOPOM He YJaJIOCh COOPaTh MapaJjjiebHbIX JaHHBIX. Be3 MpeIoKeHHOr0 MOIX0Ia
JIaHHAs TIPOIEypa MoTpeboBasia Obl CYNMIECTBEHHON pabOThI IIEPEBOIINKOB.

Takum obpa3om, Oarogapst OMUCAHHBIM METOIAM YIIOPSIOIHBAHUS TUIIOTE3 TIe-
PeBOIa YAJIOCh HHTEIPUPOBATH YeJIOBEYECKYIO PA3METKY B IIPOIIECC 0Oy UeHUs MOJIe-
Jieit iepeBoyia. JIaHHBIN 110/IX0/T TOKA3bIBAET 3aMETHDIN IIPUPOCT KAMeCTBA MO/IeJIei
[I€PEBO/Ia, YMEHbIIIEHNE JI0JIell CHCTEMATUIECKIX OIMMOOK ITEPEBOJIA, & TAKXKE OTKPhI-
BaeT BO3MOXKHOCTH J[jist O0Jiee OBICTPOIT JOMEHHO a[allTaIliy MAIIMHHOTO [IEPEBO/IA.
[1] Feliz Stahlberg (2019) Neural Machine Translation: A Review
[2] Yang, Zonghan and Cheng, Yong and Liu, Yang and Sun, Maosong (2019) Reducing

Word Omission Errors in Neural Machine Translation: A Contrastive Learning

Approach, Association for Computational Linguistics, pp 6191-6196
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[38] Johnson, Melvin and Schuster, Mike and Le, Quoc V. and Krikun, et. al Google’s
Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation //
CoRR, 2016.
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Hypotheses re-ranking in translation models using human markup
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The creation of automatic translation systems is one of the complex tasks in
NLP. Learning neural translation models requires a large amount of parallel texts
in different languages and significantly depends on the quality of this data and the
degree of the alignment. Due to the high cost of professional translators, data for
training translation algorithms is collected automatically using heuristic algorithms.
At the same time, quality of individual training examples is not guaranteed, which
allows to collect large volumes of parallel texts.

Translation algorithms during training reproduce the input data [1]. Poorly
aligned examples lead to such systematic translation errors as undertranslations
and redundant translations, when a part of the original meaning is either lost in the
translated text, or some new one is added. To fix these errors, one can use training
with negative examples [2]. With this approach, the output of the translation algo-
rithm is considered as ranking, in which the generated hypotheses are sorted by the
probability of the text from the translation model’s point of view. Improving the
quality of translation with this approach can be achieved by increasing the proba-
bility of some translation y; of the sentence x relative to a poorer translation y_ of
the same sentence x using the maximum margin loss:

L(z,y+,y—) = max(0,log P(y_|z) — log P(y+|z) + ).

In a simple case, one can get a worse translation of y_ from the translation of y,
using heuristic augmentations. Thus, by removing and duplicating random words
in translations, it is possible to improve the quality of the system by reducing the
number of errors of undertranslations and redundant translations [2]. Also, with the
help of random changes in grammatical forms of words, we improved the consistency
of texts in terms of language fluency in our experiments.

However, the described approach with synthetic examples allows to deal only
with certain types of translation errors specified using heuristics in augmentations.
At the same time, the complexity of the generated examples is also limited by the
complexity of the heuristics. All this limits the wide application of this approach
and reduces the effect of improved ranking. A more general solution could be to use
post-editing of machine-translated text. Such data would make it possible to correct
any kind of systematic errors encountered in translations, but this solution is still
difficult to scale due to the complexity of the task.

This paper presents a simpler way to integrate a person into the process of
improving translation. Instead of asking to translate the text or correct errors in it,

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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we will ask the assessors to choose the best of the two translations. In accordance
with the markup, we will feed the model with the corresponding y; and y_ to
improve ranking.

It is experimentally confirmed that this approach makes it possible to signifi-
cantly improve the quality of translation on average, and also significantly reduces
the number of undertranslations and redundant translations without using synthetic
examples. Moreover, training with improved ranking in the English-Russian direc-
tion in 16% of cases generates better translations from the assessor’s point of view.

Model Loss Functionen-ru-wmt-19, BLEU|
base model CE 35.6
training with markup CE 36.7
training with markup| L(z,y,,y—) 37.3

In addition, the quality improvement was transferred to language directions other
than English-Russian, for which markup data was not collected. French-Russian and
German-Russian translation directions have been improved in 5-10% cases due to
the transfer of knowledge between languages when teaching multilingual models of
the Many2One type [3] with the proposed method of improving ranking.

Also, thanks to the proposed procedure for ranking improvement with human
markup, it was possible to adapt the translation model to the language domain on
which parallel data could not be collected. Without the proposed approach, this
procedure would require substantial work of translators.

Thanks to the described methods of ranking improvements in translation models,
it was possible to develop an approach for embedding human markup in the learning
process of translation models. This approach has shown noticeable increases in the
quality of translation models, a decrease of systematic translation errors share, and
also opens up opportunities for faster domain adaptation of machine translation.
[1] Feliz Stahlberg (2019) Neural Machine Translation: A Review
[2] Yang, Zonghan and Cheng, Yong and Liu, Yang and Sun, Maosong (2019) Reducing

Word Omission Errors in Neural Machine Translation: A Contrastive Learning Ap-

proach, Association for Computational Linguistics, pp 6191-6196
[3] Johnson, Melvin and Schuster, Mike and Le, Quoc V. and Krikun, et. al Google’s

Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation //

CoRR, 2016.
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Mlerposasosck, TleTpo3aBoCKIil TOCYJAPCTBEHHbIH YHIBEPCUTET

s pereHnsi pa3indHBIX BOIPOCOB, CBI3AHHBIX C AHAJIN30M TEKCTOB, aKTHB-
HO WCITOJIB3YIOTCS KOMITBIOTEPHBIE TEXHOJOIMH U MaTeMmaTudeckue Merobl. Cyre-
CTBYeT PsiJi CIIOCODOB, TIPE/LyCMATPHUBAIOIIIX PEIIeHNEe COOCTBEHHO JTMHTBUCTHIECKIX
3a/189 (TaKnUX, KAK MAIIUHHBIA [1epeBoji, KiIaccudUKaIysl TEKCTOB, FeHePaIis TeK-
CTOB, OIpEJEICHNUE IJIArkaTa U T. I1.) C NPUMEHEHHEM METOIOB MAIIUHHOTO 00Y-
YeHUsl U MCKYCCTBEHHOrO mHTe/utekTa. [IpenmMyrnecTBa momobHOrO MaTeMaTHIeCKO-
IO TOJXOJa OYEBUIHBI — C €0 MOMOIIHI0 MOXKHO OTBICKATH PA3JIMYHBIE CKPBITHIE
3aKOHOMEPHOCTH, KOTOPBIE, CKOpee BCero, He OyyT OOHAPYKEHBI CIEIHaJIICTOM-
dunonorom. Hampumep, HeiipoceTeBble TexHOJOIMM (Takue, Kak recurrent neural
network, convolutional neural network, Transformer) cnoco6Hb! 3pdbeKTUBHO BBIIE-
JITH CKPBITHIE sI3BIKOBBIE 3aKOHOMEDHOCTH, HO HY2KIAIOTCs IIPU 9TOM B TOHKOI Ha-
CTpOiiKe, a TaKXKe B IIPUBJIEIeHAN OOIBINOr0 00 beMa A3bIKOBBIX MaHHBIX. Eie onun
3HAYUMBII MUHYC TTOJJOOHOTO ITOJIX0/Ia COCTOUT B TOM, UTO MOJIy9IEHHBIE PE3yJILTATHI
3a9aCTyI0 He MMEKT B SIBHOM BUjie C(DOPMYJIUPOBAHHOIO O0OCHOBaHUsI (UTO BBI3BI-
BaeT 3aKOHOMEPHBIE BOIIPOCHI U BO3PaKeHUs y (DUJIOJIOTOB, a, CJIeJ0BaTe/bHO, OHU
He MOr'YT OBbITh BBEJIEHDBI B HAYUYHBIH 060pOT).

CruteMeTpust — 9TO HAIIPABJIEHHUE HMCCIEIOBAHUN, KOTOPOE AKTUBHO 33 I€HCTBY-
eTcs B PElIeHHU 3aJ1a4, CBA3aHHBIX ¢ aTpubynueil TeKCToB (B XOJe TAKOro aHaJIu-
3a MOXKHO TOJIY9IUTh KOHKPETHBIE CTATUCTUYIECKUE MApPAMETPbI, KOTOPHIE MO3BOJIST
ueHTudUIIpPOBaTh aBTOpcKuii crriib) [4]. CloKHOCTH MOIXOA 3aKIII0UAETCS B TOM,
9TO TEKCT 00JIa/1aeT CTPYKTYPOii, COCTOSIE N3 MHOXKECTBa yPOBHEN U ILIAHOB CO-
nepxKanust. Teker Moxker ObITh pas3apob/eH Ha CTPYKTYpPHbIE YPOBHU (K [IpUMEDY,
dbonernveckuit, MopdoIOrnIecKuil, CHHTAKCUIECKU, CeMAHTHYECKUA U T. I1.) CO CBO-
UMU KOMIIOHEHTAMH, & TAKXKe MOYKET [IPEeLyCMATPUBATEL PA3HBIE TUIBI CBA3ei MEXK Ty
TaKUMU KOMIIOHEHTaMU — U, KaK CJIEJICTBIE, MOXKET OBbITh CMOJIEJIUPOBAH II0-PA3HOMY.

TlosryyerHble MOJEIN TEKCTOB MOI'YT OBITH IIPEJCTABJIEHBI KaK I'padbl, COCTO-
AIIe U3 BEPIINH-OOBEKTOB M pebep — CBaA3edl Mex Iy 9TuMu O0beKTaMu. Takroil
0/1X07, K (DOPMUPOBAHUIO TEOPETUKO-TPAdOBBIX MOJIeeil 00/1a/1aeT MPEenMyIIeCTBa-
Mu B perennn 3agad. PopMupoBanre 0OODIIMEHHONW MOJEIN MO3BOJISIET U3BIEKATD
KOMILJIEKCHYTO0 MH(OPMAITUIO U3 UCCJIEYEMBIX TEKCTOB, UYTO OYEHb BaXKHO B aHAJIU3E
JIUTEPATYPHBIX U (POJHKIOPHBIX UCTOUHUKOB (KOJJICKIUU TAKUX JIOKYMEHTOB MOTYT
OBITH HEBEJIUKU 110 OOBbEMY, & YBEJIMYUTh WX HE MPEJCTAB/ISIETCs] BO3MOXKHBIM; TaK-
K€ HepeIKa CUTyalus HecOATaHCUPOBAHHOCTU BBIOOPOK — OOBEM TEKCTOB IIEPBOTO
ABTOPaA MOXKET OBITh 3HAYUTEJILHO GOJIbIIIE, YeM y BTOporo apropa). Cunres pasimd-
HBIX MOjIesiell (B TOM 9mCJie TeX, KOTOpble ObLIM arpoOuPOBaHbl paHee, KaK, HAPU-
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Mep, MoJieJIell, U3JIOXKEeHHBIX B paborax [1, 5|) nossosser dpopmupoBars rubpuHbie

CTPYKTYPBI, KOTOPbIE ITOTEHITNAJILHO ABJISIOTCS O0JIee COBEPIIIEHHBIMH, YeM BbIJIEIs-

eMble O/IMHOYHbIe npu3Haku. CpaBHEHUE PE3YJIbTATOB, MOJIYYEHHBIX C HUCIOJIb30Ba-

HUEM Pa3JIMYHBIX METOJIOB, TO3BOJIUT BBIJEUTD T€ U3 HUX, KOTOPhIe OYIyT Hanbosee

adpderTuBHLI. Bee 310 omuepKuBaeT BasKHOCTH €IMHOOOpa3Us B OMUCAHUN PA3HBIX

THUIIOB TEOPETUKO-TPAGOBLIX MOENEH, UX CUCTEMATA3AINYA U KJIACCUPUKAIIN.

B pa6ore [2] mpenmcrasieHa oGOOIIEHHAST KOHTEKCTHO-3ABUCHMAS TEOPETHKO-
rpadosas mMozmenb tekcra G = (V, H, E, «, B, p,7y), 3a/laHHast peKypPCUBHBIM 00pa-
30M. MuHMMAIBHON CTPYKTYPHOH eIuHUIell MOJe I gaBJsercs ¢jaoso wy € W (k =
=1,2,...,K, tme K > 0 — konmuecrBo cioB B Tekcre T'). IMomamuoxkecTBa cjioB
OOBEIMHAIOTCA B BEPIIUHBI, OIPE/IEISIONIHEe MHOXKECTBO V, IPUYEM OHO U TO Ke
CJIOBO MOXKET WMEeTh OTHOINEHHME K Pa3HbIM BepminHaMm. 'padoBble MOACTPYKTYPHI
uz muoxecrsa H = {{v;}]_y U{G; = (V;, H;, E;)}7,} n pebpa n3 MHO)KecTBa
E C H x H orpaxaior JIEKCHYeCKUe, CHHTAKCHUIECKHE W CEMAaHTUYIECKHE CBS3U
TEKCTa. XAPAKTEPUCTUKAME MOJIE/IN SBJIAIOTCS €€ HEYeTKOCTD (3ajanHasa (pyHKIM-
eit 4 : HUE — [0,1]), nepapxuanocts (onpenensiercs H) u temnopasnbrocTs (K
COOTBETCTBYET IIOPSIJIKY HOABJIEHUs CJI0BA Wy B TekcTe). yHKimnu v u [ 3a1a10T ar-
pubyThl (METKH) BepIImHaM U pebpaM coorBercTBeHHO. COOTBETCTBUE MEXKIY O0b-
eKTaMu TeopeTuko-rpadosoit mojenu x; € H U E u nogmuoxkecrsamu cjios W, C W
3a/1a€TCs C TOMOIIBIO (DYHKITHH 7.

Meronuka moOCTpOeHUsT TEOPETUKO-IPadOBBIX MoOje el Oblaa anpobupoBaHa Ha
Pa3JIMYIHBIX PYIIIAX TEKCTOB, CPeIu KOTOPBIX Oecémmble mecHu; (pOIbKIIOPHBIE Ma-
TepHuasbl U TEKCTBI, CTHJIM30BAHHbBIE 107 (DOJBKIIOD; AHOHUMHbBIE M IICEBIOHUMHBIE
MyOJIUIIUCTUYIECKNE CTAaThbU, HAIMCaHHBbIe B cepeqanne XIX Beka. Hekoropbie mpu-
Mepbl Mojiesieil npejcrasiensl B [2, 3]. st XpaHeHUsl U [OCJEJYIONIEro aHAJIU3a
TEKCTOB B MH(MOpMAITHOHHON cucteme «DobKIop» 6611 peanu3oBan dpopmar SNG.
DroT hopMaT IpeACTABIAET COO0I TEKCTOBBINM (haiiyi, KOTOPBI MOXKHO JIETKO PeIaK-
tupoBaTh. Pailyn AeauTcs HA MATH YacTeil: o0Ie XapaKTepUCTUKHN TEKCTa, CJIOBA,
00'bEKTHI, CBSI3U U MATPHIA MHIIMICHTHOCTY (TEXHUYECKU YaCTU Pa3iesIeHbl MEXK Ly
€000l OJIMHOYHON CTPOKOI ¢ KOMMEHTAPHUSIMU, HATMHAIOIIUMUCS ¢ CUMBOJIOB / /) [2].
Omnucanne equHOrO MOAX0/1a K ITOCTPOEHUIO PA3IUIHBIX TEOPETUKO-IPADOBBIX MO/IE-
Jieif TEKCTOB MTO3BOJISIET HAXOAUTH PACCTOAHUS MEXKIY HUMU. DTO MO3BOJUT PEIaTh
3a/1a9M KJIACCU(MUKAIUU U KJIACTEPU3AINNNA PA3JIMIHBIX TEKCTOB WU UX (bparMeH-
TOB, YTO IIOJIE3HO HE TOJIBKO IIPU PEIeHWN 3aJa49d aTPHOYINH, HO U IPHU IOUCKE
HEOJIHOPOJHBIX (PPArMEHTOB B TEKCTE.

[1] Munos JI. B.,  Bopodxun JI. H., Heanosa T.B.,  Hebepexymuna E. B.,  Ioasn-
cxas U. B., Pomanxosa H. B., Capxucosa I. U. Ot Hecropa mo ®oususmna: Hosbre
MeTO/bI orpejiesienus apropcrBa, Mocksa: [Iporpecc, 1994. — 445 c.

[2] Mockun H. J[., Pozos A. A., Boporos P.B. OG6001ieHHast KOHTEKCTHO-3aBUCUMAS
TeopeTuko-rpadoBas MoueIb (OIBLKIOPHLIX U JUTepaTypHbIX Tekcros // Tpyasr Un-

cruryTa cucremuoro nporpammvuposanus PAH, Mocksa: ICII PAH, 2022. — T. 34.
No. 1. — C.73-86.
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[3] Mockun H. /]. Teoperuko-rpadosbie Mozeau HOIbKIOPHBIX TEKCTOB U METOIbI X aHAa-
mu3za, [lerposasojck: Uzn-so Ilerpl™Vy, 2013. — 148 c.

[4] Poeos A. A., A6pamos P. B., Byunesa /. /1., Bazaposa O.B., Kyaaxos K. A., Jle6e-
des A. A., Mocxun H. /I., Omausanwux A. B., Casunos E. /]., Cudopos IO. B. TIpo-
6sema aTpubynuu B x)KypHasax “Bpems”, “Onoxa” u exxenenenpuuke “I'parxkganun”, [Ter-
pozasojck: Uzm-Bo “Octposa”, 2021. — 391 c.

[6] Cesbo U. II. I'paduveckoe IpeCcTaBieHUe CUHTAKCUIECKUX CTPYKTYD W CTUJIACTHYe-
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Computer technologies and mathematical methods are actively used to solve var-
ious issues related to text analysis . There are a number of ways to solve linguistic
problems themselves (such as machine translation, text classification, text genera-
tion, plagiarism detection, etc.) using machine learning and artificial intelligence
methods. The advantages of such a mathematical approach are obvious — with its
help, you can find various hidden regularities that, most likely, will not be discov-
ered by a specialist philologist. For example, neural network technologies (such as
recurrent neural network, convolutional neural network, Transformer) are able to
effectively identify hidden language regularities, but at the same time they need
fine adjustment, as well as attracting a large amount of language data. Another
significant disadvantage of this approach is that the obtained results often do not
have an explicitly formulated justification (which raises legitimate questions and ob-
jections from philologists and, therefore, they cannot be introduced into scientific
circulation).

Stylometry is the direction of research that is actively used in solving problems
related with the text attribution (during such analysis, it is possible to obtain spe-
cific statistical parameters that will allow identifying the author’s style) [4]. The
complexity of the approach lies in the fact that the text has a structure consisting
of many levels and content plans. The text can be divided into structural levels (for
example, phonetic, morphological, syntactic, semantic, etc.) with its own compo-
nents, and can provide different types of connections between such components —
and, as a result, can be modeled in different ways.

The resulting text models can be represented as graphs consisting of vertices-
objects and edges — connections between these objects. This approach to the forma-
tion of graph-theoretic models has advantages in solving problems. The formation
of a generalized model allows you to extract comprehensive information from the
studied texts, which is very important in the analysis of literary and folklore sources
(collections of such documents may be small in volume, and it is not possible to
increase them; the situation of unbalanced samples is also not uncommon — the vol-
ume of texts of the first author may be significantly larger than the second author).
The synthesis of various models (including those that have been tested earlier, such
as models described in the works [1, 5]) allows us to further form hybrid structures
that are potentially more perfect than isolated single features. Comparing the re-
sults obtained using different methods will allow you to identify those that will be
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354 MNudopmannoHHbIi IOUCK U AHAJIN3 TEKCTOB

most effective. All this underlines the importance of uniformity in the description of

different types of graph-theoretic models, their systematization and classification.

At work [2] a generalized context-dependent graph-theoretic model of text G =
= (V,H,E,«,(,u,v) is presented, given recursively. The minimum structural unit
of the model is the word wy € W (k= 1,2,..., K, where K > 0 is the number of
words in the text T'). Subsets of words are combined to the vertices defining the set
V', and the same word can relate to different vertices. Graph substructures from the
set H = {{v;}]_ U{G; = (V}, H;, E;)}L,} and edges from the set I C H x H reflect
the lexical, syntactic and semantic connections of the text. The characteristics of
the model are its fuzziness (defined by the function p : H U E — [0,1]), hierarchy
(defined by H) and temporality (k corresponds to the order of appearance of the
word wy, in the text). The functions « and 3 set attributes (labels) to vertices and
edges , respectively. The correspondence between the objects of the graph-theoretic
model z; € H U F and subsets of words W; C W is set using the function +.

The method of constructing graph-theoretic models was tested on various groups
of texts, including conversational songs; folklore materials and texts stylized as folk-
lore; anonymous and pseudonymous publicistic articles written in the middle of the
XIX century. Some examples of models are presented in [2, 3]. For the storage and
subsequent analysis of texts in the information system “Folklore”, the SNG format
was implemented. This format is a text file that can be easily edited. The file is
divided into five parts: general characteristics of the text, words, objects, connec-
tions and the incidence matrix (technically the parts are separated by a single line
with comments starting with characters //) [2]. Description of a unified approach
to the construction of various graph-theoretic models of texts makes it possible to
find the distances between them. It will allow solving the problems of classification
and clustering of various texts or their fragments. It is useful not only when solving
the attribution problem, but also when searching for nonuniform fragments in the
text.

[1] Milov L. V., Borodkin L. 1., Ivanova T. V., Neberekutina E. V., Polyanskaya I. V., Ro-
mankova N. V., Sarkisova G. I. From Nestor to Fonvizin: New methods for determining
authorship, Moscow: Progress Publishing House, 1994. — 445 p.

[2] Moskin N.D., Rogov A.A., Voronov R. V. Generalized context-dependent graph-
theoretic model of folklore and literary texts // Proceedings of ISP RAS, Moscow: ISP
RAS, 2022. — Vol. 34. No.1. — P.73-86.

[3] Moskin N.D. Graph-theoretic models of folklore texts and methods of their analysis,
Petrozavodsk: PetrSU Publishing House, 2013. — 148 p.

[4] Rogov A. A., Abramov R. V., Buchneva D. D., Zakharova O. V., Kulakov K. A., Lebe-
dev A. A., Moskin N. D., Otlivanchik A. V., Savinov E. D., Sidorov Y. V. The problem
of attribution in the magazines “Time”, “Epoch” and the weekly “Citizen”, Petroza-
vodsk: Islands Publishing House, 2021. — 391 p.

[5] Sewvbo I. P. Graphical representation of syntactic structures and stylistic diagnostics,
Kiev: Naukova Dumka, 1981. — 192 p.
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3Mocksa, PenepabHbIi HCCIEI0BATEIbCKH TeHTp «HdopMaTuka u ynpasitennes PAH

ITpu moucke 3amMCTBOBaHUII B MUCbMEHHBIX paboTax 3HAYUTEILHON IIPOOJIeMOi
SIBJISIETCsI PACIIO3HABAHUE OTIEbHBIX CTPYKTYPHBIX JIEMEHTOB JIOKYMEHTA: TabJINII,
WLTIOCTPAIuii, oryiaBienusi, oubsmorpadun. Be3 Tounoro ompezeennst CTpyKTyp-
HOTO 3JIEMEHTa, K KOTOPOMY OTHOCHUTCS KOHKPETHBIH (PparMeHT TeKCTa, HEBO3MOXKEH
ydIeT OCOOEHHOCTEN ITOro CTPYKTYPHOI'O SJIEMEHTA [IPU BBISBJIEHUU 3aMMCTBOBAHUI.
Pacrer KoJImuecTBO JIOYKHOIIOJIOKUTE/IBHBIX U JIO(KHOOTPUIIATEILHBIX OIUOOK, KaK U
KOJIMYECTBO METOJ0B MACKUPOBKHU 3aMMCTBOBAHMUIA JIJIs HETOOPOCOBECTHBIX II0JIB30-
Bareseil [1]. B nokiae npemiaraercs MyJIbTUS3LIYHBI METOJ[ PACIIO3HABAHUST Tal-
JINIL.

Mgt cBenn IpobIeMy PaCIIO3HABAHUS TAOIUIL K 33/1a49€e KJIACCUPUKAIINT OT/IE/Tb-
HBIX CJIOB JIOKyMEHTa II0 IapaMeTpaM OIMCBIBAIONIErO WX IPSIMOYTOJIbHUKA (IaJiee
TOKEHA): BBICOTE, IIIMPHHE U TI0JIOXKEHNIO Ha cTpaHue. Takoe peleHne aBToMaTuie-
CKHU OyJIeT MYJbTUS3BIYHBIM U TO3BOJIUT 00padaThiBaTh BCE CTPAHUIIBI MHOIOCTPa-
HAYHOTO JOKyMEHTa He3aBUCHMO. Jlajiee TOKEHBI, OTHOCSIIIECS K TabaumaM, OymayT
00603HaTEHbI KaK TAOJIUIIBI, 8 TOKEHDBI, He OTHOCSIIHECST K TabauimaM Kak TekcT. Ko-
OP/IMHATHI BCEX TOYEK Ha CTPAHUIIE HOPMHPOBAHBI TaKMM 00pa3oM, 4TOOBI OBITH B
npezenax [0, 1]. Torma cama crpanuma Beerma 6yaer pasmepowm (1, 1).

st 06y aenust momesn Mol cozgasu 10000 cuHTeTHYECKUX JOKYMEHTOB PA3MEPOM
B 1 cTpaHuIly, B KOTOPBIX PAHIOMU3NPOBAJIN BCE HEOOXOIMMBIE TAPAMETPHI TAOJIHII,
90% cuHTETHIECKHUX JTOKYMEHTOE COJEPKAT W TEKCT, U Tabauibl. Mbl pasMeTuin To-
KeHBI 110 pa3Mepam mipudra. st KaxKI0ro MOKyMeHTa TOKEHBI TAOIUIbI, TEKCTA U
nonuceii K TabJIUIAM UMEIOT PasHbIe pasMephl (a1, az, a3) B paMKax OJHON CTpaHU-
bI, HO M€Ky CTpaHMIaMu Habop uuces (ai,as,as) BeOUpaerca ciaydaitno. Kpome
CHHTETHYECKUX JAHHBIX MBI UCIOIb30Baan 2008 pa3MedeHHBIX BPYUHYIO CTPAHUIL
73 PeasbHBIX JOKYMEHTOB. /3 MMEIOIuXCcs TaHHBIX MBI COOpaJn 3 BHIOOPKU TAKUM
obpazoM, ITOOBI 70/ TOKEHOB TabJnIl ObLJIa MPUMEPHO PaBHA TAKON y peabHBIX
JIAHHBIX, TO €CTb OKOJIO 7%. OGy4aromas BbIOOPKa COAECPIKHAT PEabHBIC U CHHTE-
THUYEeCKUe JaHHble B cooTHOmmeHuu 1:1, BajmmanmonHasi BbIOOpKa 2:1, a TecroBas
BBIOOPKA COJIEPXKUT TOJILKO PeajbHbIE JTaHHBIE.

Me>xgynapoaaas koHgepernnus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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LogRegDecTreeSVMCatBoostRandForest

Precision 0.73 0.80 0.59 0.87 0.88
Recall 0.55 0.81  0.69 0.84 0.86
F; 0.63 0.80 0.64 0.85 0.87

Tabaumna 1. CpaBHeHue MOjeell Ha KIacCUpUKAIAN JTHHAN

Ilockosbky peasnbHble (hOPMATHUPOBAHHBIE TOKYMEHTBI COCTOST W3 CTPOK, JIJIs
KasKJIOTO TOKEeHa MBI YCTAHOBUJIM €T0 MPUHAIJIEXKHOCTH K CTPOKe JOKyMeHTa (JaJree
JIMHWHN) U TeM CaMbIM CBEJIM UCXOJHYIO 3a/auy K Kiaccudukaryn gunuii. Ha ocHoBa-
HUU UMEIOIIUXCS JTAHHBIX MbI HCIIOJIB30BAJIM HAOOD MPU3HAKOB JIJIs KaXKJION JIMHWHY,
110 KOTOPBIM €€ MOXKHO OBLIO OblI KJIaCCH(UITMPOBATH: YUCJIO TOKEHOB HA CTPAHUIIE,
K KOTOPO#l IPUHA/JIEYKUT JIMHUS, IUCJIO TOKEHOB B JIMHUH, OTCTYII 0 JIEBOI'O KPast
CTPAHUIIBI, OTCTYII /IO IIPABOT'O Kpasi CTPAHUIIBI, [IOJIO2KEHNE JIMHUU 10 OCH OPIUHAT,
PacCCTOsTHYE JI0 IPeIblIyINeil IUHUN, PACCTOSIHUE JI0 CJIEYIOIIel JIMHUN, CyMMa, -
PUH TOKEHOB B JIMHUU, IIAPWUHA JIMHUK OT JIEBOI'O JIO IIPABOTO Kpasi, JIOJIsl JIMHUM,
3aT0JTHEHHAsT TOKEHAMU.

B kadecTBe MOme/ M MBI BRIOpAJIH CJIy YaifHbBIi JIeC, KOTOPBIi TOKa3aJsl ces JIydine
JIPYTUX KJIACCHYECKUX MOJeJIell Ha IOJIyIE€HHBIX MPU3HAKAX HA TECTOBOI BBIOODKE
pu KJIacCuUKAINY JIMHAN 70 HACTPONKM MapaMeTpOB.

ITocTporieccuar BKJIOYaJ B ¢e0s MOJICIET B3BEIIEHHOTO CPEIHEr0 BEPOSITHOCTU
P; C COCETHUMU JIMHUSIMU C yIETOM DACCTOSHUS JI0O HUX 110 OCU OpJAWHAT d:

22121‘72 DPrWk [|k—i|—2] di 1
pi= " wp=a" (1-—%)"a=1.12,b=194
k=i—2 Wk V2

st epBBIX JABYX JIMHUI W MOCJEJHUX JIBYX JIMHAN (opMyJsia HE IPUMEHsIeT-
ca. Iesib ycpeiHEeHUsT BEPOSITHOCTE C COCEJIIMEU B TOM, YTOOBI CHU3UTH KOJIMIECTBO
JIOXKHOOTPHUIATE/IBHBIX U JIOXKHOIIOJIOXKUATEIbHBIX OJUHOYHBIX OIMIMOOK, CBSI3AHHBIX C
HEJOCTATKAMU AJITOPUTMa MPUHAJJIEXKHOCTH TOKEeHA B JinHuu. Hampumep, ecju mo-
cJie TOKeHA B TabJIUIE CTOUT MEPEHOC CTPOKU, TO CJIEAYIONUI TOKEH yiKe He Oyier
CYUTATHCSI CTOSIIAM C HUM B OJJHO JIMHUH, JJasKe eCJIH UX KOOPJMHATHI TI0 OCU OPJIH-
HaT coBlagaoT. Ho 0ueBUIHO, UTO coce/lHUe JIMHUN JIOJI2KHBI OKA3bIBATH MEHBIIIEee
BJIMSIHME HA KOHEYHYIO BEPOSITHOCTBH, YeM BEPOSITHOCTH caMoil JimHun. MHOXKUTEH
w!*=11=2| xak pas pemaer 3Ty HPOGIEMY: BEKTOP BEpOSTHOCTEIl JIMHEE U €€ COCe-
neit p yepenusercs ¢ secamu (1,a,a?, a,1). Bropoit muoxkuTess (1 — %)b TO3BOJISIET
y9IeCTh PACCTOSHUS MEXK/Ly JIMHUSIMU: OoJiee JTAJIeKO OTCTOSIIINE JTMHUN JTOJIKHBI BHO-
CUTh 3HAYUTEILHO MEHBINI BKJIa/]. MHOXHUTEIb CKOHCTPYUPOBAH TaKUM 00Pa3oM,
9TOOBI PEIUTD TPODJIEMY YTEHHUsI JOKYMEHTa He IO MOPSIKY: He BCEerIa MOAPSIT ULy~
Iyie JINHUW B CIHUCKE JEeHCTBUTEIHLHO HAXOMATCS PSJIOM JIPYT € APYTOM Ha CTPAHU-
me. Oyuknusa oT d JOMKHA JOCTATOIHO OBICTPO yOBIBATH, HO SKOHOMUTH MAIIMHHOE
BpeMsi, TI0O9TOMY OblLiIa BbIOpaHa cTeneHHas MYHKITH C TOI0NPAEMbIM TTOKA3aTEIEM.
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Paccrostinme HOPMUPOBAHO Ha /2, TAK KAK 3TO HAMOOJIbIIEE BO3MOKHOE PACCTOSHHE
MezKJly TOYKaMu Ha crpanure pasmepom (1, 1).

ITopor kiaccudukanun pasen 0.387. Tak »Ke Bce JIMHUU JIONOJHATEIHLHO KJIACCH-
GUIMPOBAJIUCEH C YI€TOM OTHOIIEHUN PACCTOSIHUS JIO TPEAbIIAYINEil U MOC/IeMyoIeii:
TEKyIIeil JTMHUN ¢ IPUCBANBAJIACh METKA OT IPEIbIIYIIEHl JUHUHU, TIOKA BBIIOJIHSIETCS
KpuTepuii: % > 0.97. Bce mapaMerpbl MOIESN U TOCTIPOIECCUHTA TTOAOUPAJIIUCH C

TIOMOIIbI0 OmbImoTEKN hyperopt.

max_depthmin samples leafn estimators
20 2 325

Tabauna 2. [TlapaMeTpbl CJIy9aifHOrO Jieca Imocjie TIOHHHTa

Mper nposenn cpasHenue ¢ apyrumu pemenusivu: PDF Plumber [2] u CascadeNet
[3]. Cxopoctb paGorsl Beex pemtennii, kpome CascadeNet, nmposepsiiach Ha OHOM
n Toit ke MamuHe, CascadeNet momosauTesnbHo norpedosas nojkaodenns GPU.
IIpemyioxkeHHBIIT METO, TOKA3AJ JIydIliee KAYeCTBO U CKOPOCTb PabOThI, YeM aHAJIO-
TUYHBIE METOJbI PACIIO3HABAHUS TAOJINII.

PDF PlumberCascadeNetIIpeaiioxkeHHbIiT MeTO

Precision 0.29 0.88 0.83
Recall 0.62 0.85 0.93

Fy 0.39 0.87 0.88

taw, C/CTD 0.16 0.88 0.02

Tabmuma 3. Merpuku KayecTBa U CpejiHee BpeMsi pabOTHI gy

[1] Bakhteev O., Khazov A. Author masking using sequence-to-sequence models: Notebook
for PAN at CLEF 2017

[2] Singer-Vine J., Jain S. https://github.com/jsvine/pdfplumber

[3] Prasad D., Gadpal A., Kapadni K., Visave M., Sultanpure K. CascadeTabNet: An
approach for end to end table detection and structure recognition from image-based
documents, CoRR, 2020
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When searching for a plagiarism in written works, a significant problem is the
recognition of individual structural elements of the document: tables, illustrations,
contents, and bibliography. Without a precise definition of the structural element
to which a particular text fragment belongs, a differentiated approach to identifying
plagiarism is impossible. The number of false positives and false negatives increases,
as well as the number of ways to mask plagiarism by unscrupulous users [1]. The
method of table extraction will be presented in this report.

We have reduced the problem of table extraction to the problem of classifying
individual words of a document according to the parameters of the rectangle de-
scribing them (hereinafter referred to as a token): height, width and position on the
page. This solution would automatically be multilingual and allow to process all
pages of a multipage document independently. Further, tokens related to tables will
be labeled as tables, and tokens not related to tables as text. The coordinates of
all points on the page are normalized to be within [0, 1]. Then the page itself will
always be of size (1, 1).

To train the model, we created 10,000 one-page synthetic documents in which
we randomized all the required table parameters. 90% of the synthetic documents
contain both text and tables. We marked the tokens by font size. For each document,
table tokens, text, and table captions have different sizes (a1, as, az) within one page,
but for different pages a set of numbers (a1, az, as) is selected at random. In addition
to synthetic data, we used 2008 manually labeled pages from real documents. From
the available data, we collected 3 datasets so that the share of table tokens was

LogRegDecTreeSVMCatBoostRandForest

Precision 0.73 0.80 0.59 0.87 0.88
Recall 0.55 0.81  0.69 0.84 0.86
F; 0.63 0.80 0.64 0.85 0.87

Table 1. Model comparison by a classification of lines

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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max_depthmin_samples_leafn_estimators
20 2 325

Table 2. Random forest parameters after tuning

about the same as the real data, that is, about 7%. The training set contains real
and synthetic data in a 1:1 ratio, the validation set 2:1, and the test set contains
only real data.

We chose a random forest as a model, which showed itself better than other
classical models on the generated features on the test sample when classifying lines
before any tuning of the parameters.

We also applied postprocessing, which includes calculating a weighted average
probability p; with neighboring lines, taking into account the distance to them along
the ordinate axis d:

i+2
iy w ; d

D = %’wk =qllk=il=2l(p — ZEb o= 112, =194
k=i—2 Wk V2

For the first two lines and the last two lines, the formula does not apply. The
purpose of averaging probabilities with neighbors is to reduce the number of false
negatives and false positives of single errors, associated with the shortcomings of the
token belonging algorithm in the line. For example, if there is a line break after a
token in the table, the next token will no longer be considered to be in the same
line with it, even if their coordinates on the ordinate axis coincide. But obviously,
neighboring lines should have less effect on the final probability than the probability
of the line itself. Multiplier w!!*~=2l just solves this problem: the probability vector
of the line and its neighbors p is averaged with weights (1,a,a?,a,1). The second
multiplier (1 — d—\/%)b allows you to account for distances between lines: lines that are
farther apart should contribute much less. This multiplier is designed to solve the
problem of reading the document out of order: not always the neighboring lines in
a list are actually next to each other on the page. The function of d must decrease
fast enough, but save machine time, so a power function with a selectable power was
chosen. The distance is normalized to v/2, since this is the largest possible distance
between points on a page of size (1, 1).

PDF PlumberCascadeNetPresented solution

Precision 0.29 0.88 0.83
Recall 0.62 0.85 0.93

Fy 0.39 0.87 0.88

tav, S/Dage 0.16 0.88 0.02

Table 3. Metrics and average time per page tq.
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The classification threshold is 0.387. Also, all lines were additionally classified
taking into account the distance ratio between the previous and the next line: the
current line 7 was assigned a label from the previous line, as long as the criterion:
Zlf—i > 0.97 is fulfilled. All parameters of the model and postprocessing were chosen
using the hyperopt library.

We made a comparison with another solutions: PDF Plumber [2] and CascadeNet
[3]. The working time of all solutions has been tested on the same hardware, except
CascadeNet. We have to use GPU to launch CascadeNet. The presented solution
showed better quality and speed than similar methods of table recognition.

[1] Bakhteev O., Khazov A. Author masking using sequence-to-sequence models: Notebook

for PAN at CLEF 2017
[2] Singer-Vine J., Jain S. https://github.com/jsvine/pdfplumber
[3] Prasad D., Gadpal A., Kapadni K., Visave M., Sultanpure K. CascadeTabNet: An ap-

proach for end to end table detection and structure recognition from image-based doc-

uments, CoRR, 2020
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B pabore paccmarpuBaercsi 3ajia9a [MOMCKA MOYTH-yOJIMKATOB TEKCTOB IIKOJIbHBIX
COYMHEHWI B OOJIBINNX KOJIJIEKIUSAX JTaHHBIX. [IpearmochikaMu K PeIneHnio JaHHOM
33791 SIBJISIETCS BO3MOYKHOCTD IMKOJBHUKOB MMPUMEHATD /I HAINCAHUS BHITYCK-
HBIX COUMHEHWI 3apaHee 3aroTOBJIEHHBIE TEKCTHI, B TOM UHCJE MOJyYeHHbIE U3 OT-
KPBITBIX KOJIJIEKITUI IIKOJIBHBIX COUMHEHN. AKTYaJIbHOCTD 3aJIa49U TIOITBEPK IAETCS
paboramu [1, 2|, IOCBAIIEHHBIMU AHAIM3Y HAPYIIEHUH Y HAIIMCAHUU aKaJIeMUIe-
CKUX HCIIBITAHWI, & TAKXKe YACTHIHOMY IIePEXOy IIKOJbLHOTO 0O6pa30BaHusl Ha yiia-
JICHHDBINA PEXKUM.

Bagaua moucKa MMOYTH-AyO0IUKATOB PACCMaTPUBAETCS KakK 3aJada HH(OpMAaIu-
OHHOTO TIOWCKA, T/ COUYNHEHUIO CTABUTCSI B COOTBETCTBHUE 3aMMCTBOBAHHBIN TEKCT
n3 KoJuleKInu. B paMkax paccMaTpuBaeMoii 3a/a9u COUMHEHUE [IPEJICTABJISIETCS Ha-
60pOM U300parkeHMii PYKOIMCHOI'O TEKCTa, HAIMCAHHOTO ABTOPOM, B TO BPEMs KaK
JIOKYMEHTBI M3 KOJLJIEKIIUU ITPEJICTABAMBI B BUJIE MAITAHOIUTAEMBIX TEKCTOB.

B mannoit paboTe cpaBHUBAIOTCA IBa MOAXO0Ia K IMOMCKY IMOYTH-TyOJIMKATOB: O~
WCK Ha OCHOBE METOJOB TIIyOOKOrO OOYHUEeHHWsS M IMOWCK HA OCHOBE AHAJM3a ITOCTIe-
JIOBATEIbLHOCTEH JJINH U3BJIEKaeMOoro Tekcra. Ilonck Ha oCHOBE METOJIOB ITyOOKOro
00y JeHUsT UCIIOJIb3yeT HEPOCETEBYIO MO/IE b, OIITUMU3AIUsT KOTOPO# ITPOU3BOIUTCS
B pexuMe 0o0ydeHUsi ¢ yuuresieM. Pabora Moaxo/1a Ha OCHOBE TUIyOOKOIro O0yJeHUs
COCTOUT U3 JABYX ITANOB. Ha mepBoM 3Tame Ipou3BOAUTCS PACIIO3HABAHIE PYKOIIIC-
HOTO TekcTa. Ha BTOpOM 3Tame MpOW3BOANTCS pa3bHeHne IMOJYyUIeHHOTO TEeKCTa Ha
GurpaMMbl U MX TIONCK B WHJEKCe Koyleknuu. Bropoit meron (3, 4] mpeamomaraer
pPacCMOTpEHUE TEKCTa, HAXOSIIErocs B CKaHAX IIKOJIbHBIX COYMHEHMIT, KaK ITOCJIe10-
BATEJIbHOCTH OJHOPOJIHBIX XapaKTEPUCTUK TEKCTa, HAIIPUMED, JJINH ODHAPYKEHHBIX
B TeKcTe coB. [Ipom3BoguTcs BBIAEIEHNE CJIOB U3 M300parkKeHus 0e3 JaJIbHEHITero
ero pacmnosnaBanus. [10 BBIIEJIEHHBIM CJIOBAM CTPOUTCS MTOCTAEIOBATETHHOCTH HOP-
MHUPOBAHHBIX JIJTUH CJIOB, KOTOpas SBJISETCS WHBAPUAHTHON I PYKOIMUCHBIX U Ma-
IMMMHOYUTaAEMbIX BapI/IaHTOB HaIIUCaHUA TEKCTAa. B pa6OTe CpaBHI/IBaeTCH Ka4geCTBO
[OKCKa Ha NPUMEpe JBYX BBIOOPOK: BHIGOPKU COYMHEHUH [4], HAIMCAHHBIX Ha GJIaH-

Me>kgynapoanas koHgepennus MOH-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.
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KaX CIEIUAJHLHOTO BUJIA, COOTBETCTBYIOMMX OJTAHKAM TOCYIAaPCTBEHHOTO dK3aMEHA,

7 BBIOOPKW COYMHEHUH, HAIMMCAHHBIX HA PA3JUYHBIX BHUIAX OJIAHKOB W TETPAIHBIX

jmcTax. B KadecTBe KOJJIEKINN JIjIs TIOMCKA, TTOUTU-TyOJTUKATOB BBICTYTIAET IOJIBbI-

BopKa OTKPBITON KoJIIeKIuu TeKcToB Taiira [5].

PesymbraTer skcmepuMenTa JeMOHCTPUPYIOT MPUMEHHMOCTH ODOMX METOIOB K
paccMoTpenHoit 3amade. IlokazaHo, 9YTO HeHpoceTeBas MOMETb SBJISIETCS OoJiee
YCTOMYNBOIT K HEOTHOPOIHOCTHU JAHHBIX, M B YACTHOCTU JIyUIlle CIIPABJISIETCS C HEO/I-
HOPOCTBIO TIOJIJIOYKKU COUMHEHUsI, 8 TaKKe OCBEIEHHOCTU U KadeCcTBa CKAaHOB. B To
2K€ BpeMsl, IIPU XOPOIIeM KadeCTBe CKAHMPOBAHUS M300parKeHMil M UCIIOJIb30BaAHUT
CTaHIAPTU3NPOBAHHBLIX OJJAHKOB COUYMHEHUT, 006a MeTOa MOKA3LIBAIOT IIPHUEMJIEMOE
KavIeCTBO ITONCKA.

Pabora nogznep:xkana rpantom PODU No 19-29-14100.
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This paper considers the problem for searching of near-duplicate of school essays
in large data collections. The problem is conditioned by the availability of school
essay collections, which can be used for writing essays and essays by school students.
The relevance of the task is confirmed by the works [1, 2] devoted to the analysis
of violations in writing academic tests, as well as the partial transition of school
education to remote mode.

The near-duplicate search problem is considered as an information search prob-
lem, where an essay is matched with a reused text from the collection. In the
framework of the problem, an essay is represented as a set of scanned images of
handwritten text, while a collection of essays is represented by machine-readable
texts.

This paper compares two approaches to near-duplicate search: a deep learning-
based search and an approach based on text length sequence analysis. The deep
learning-based search uses a neural network model that is optimized in a supervised
manner. This approach consists of two stages. The first stage performs Optical
Character Recognition (OCR). The second step is bigram search in the collection.
The second method [3, 4] involves treating the text in scans of school essays as
a sequence of features extracted from the text. The method extracts words from
the image without further recognition. Based on the extracted words, a sequence
of normalized word lengths is constructed, which is invariant for handwritten and
machine-readable variants of the text. This paper compares the quality of the search
with two datasets: a dataset of essays [4] written on special forms corresponding to
the forms of the state exam, and a dataset of essays written on various types of
forms and notebook sheets. A subsample of the Taiga open corpus [5] is used as a
search collection.

The results of the experiment demonstrate the applicability of both methods to
the considered problem. It is shown that the deep learning-based approach is more
robust to data heterogeneity, and in particular, it copes better with the heterogeneity

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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of the essay layout, as well as the general quality of scans. At the same time, with
good image scanning quality and the use of standardized essay forms, both methods
show an acceptable search quality.
This research is funded by RFBR, grant 19-29-14100.
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CTpeMuTebHBII POCT YNC/Ia HAYIHBIX ITyOJINKAINi, THTEHCUBHOE MOSIBJIEHNE HO-
BBIX HAIIPABJICHUH U IIOXO0/IOB CTABUT IIE€PEJ] HAYIHBIM COODIIIECTBOM 3312y CBOEBPE-
MEHHOT'0 BBIABJIEHUS TPeHI0B. 1101 Tpen oM OHNMAaeTC s CEMaHTUYECKH OTHOPOIHAS
TeMma, KOTOpasi XapaKTepu3yeTcsl yCTOWYUBBIM BO BPEMEHU JIEKCHYIECKUM sIJIPOM U
PE3KUM, 329aCTYI0 IKCIOHEHINAIBHBIM, POCTOM dncia mybukanuii [1]. IIpumepamu
TpeH0B B MammHHOM 00ydennn sBisiiorcs «LSTM», «deep learning», «word2vecs,
«BERT», «fake news detection».

s BbIIIEJIEHUST TPEHJOBBIX T€M B IIOTOKE HAYYHBIX IIyOJIUKAIUil B peaJbHOM
BPEMEHM MbI UCIIOJIB3YEM HHKPEMEHTHBIE METOJbl BEPOSITHOCTHOIO TEMAaTHIECKOrO
MoiesimpoBanus. [lpu momMomum 1moax0/1a, OCHOBAHHOIO Ha, A IUTUBHON peryJisipu-
sanun Temarndeckux mozereil (ARTM) [2], yaasoch npeB30HTH pe3ysibTaThl Psijia
KJIACCUYECKUX U HEHPOCETEBBIX MOJIEsIell, NCIOMb30BABIIIXCS PAHEE [JIsI BBISABIICHS
HOBBIX TPeHJIOB. Jlj1s OlleHKN Ka4eCcTBA BBIABJIEHUS TPEHJIOB MBI BPYUHYIO cPOpPMU-
poBasim u crenaiu obmegsoctynsbiM garacer AITD, cocrosimuit u3 91 Tpenga mo
TeMaTHKe MAIUHHOTO OOy JYEeHUS.

OKCIIEPUMEHTHI 110 BBISIBJIEHUIO TPEHJIOB ITPOU3BOIUINCH HA KOJIIEKIH u3 73959
crareii, omybsukoBanubIX ¢ 2000 o 2021 rox Ha KOHMEPEHIINX I0 MAITAHHOMY 00Y-
qeHnio ¢ h-wamexkcom, mpesbimatomuM 100. Bammmannonnbiii maraceT OXBaThIBAET
TPEHJIbl B 00/IACTH MAIIMHHOTO O0yYeHusI U UCKyccTBeHHOro muTeaaexkTa 2009-2021
IOJIOB, KaKJIbIil 13 KOTOPBIX XapaKTePU3yITCs HAOOpOM u3 He MeHee, YeM 10 Kirroue-
BBIX cTaTeil u 5 KIUeBbIX TepMuHOB. OOyueHne Mojeseil Mpou3BOINIOCH Oe3 yuu-
TeJisd, a BAJIMJIAIMOHHAS PA3METKA, UCII0/IH30BaJIACh TOJIBKO st (DUHAIBHON OIEHKHN
KavIeCcTBa.

BeposiTHOoCTHAST TeMaTnyecKast MOJETb KOJIJIEKIIMH TEKCTOBBIX JOKYMEHTOB 3a-
maéres aBymst marpunamu, ¢ pasmepa WXT u © pasmepa T'xD, rome W — ko-
HEYHOE MHOXKECTBO (CJIOBApb) TOKEHOB (€JIoB), D — KOHEUHOe MHOXKeCTBO (KOJLIEK-
us) JOKyMeHToB, T — MHOXKecTBO TeM. Kaxpiil crosnber marpurpl P onucnisa-
er TeMmy t € T JAUCKPETHBIM pacipe/iejieHneM BepogTHocTel csioB p(w|t). Kaxkmpiii
croJiber;, MaTpuIlbl © omnuchiBaeT JOKyMeHT d € [ NUCKPEeTHBIM pAaCIpeeeHrneM
BeposTHOCTER TeM p(t|d).
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Puc. 1. Binounas crpykrypa W xT-marpunst ® n T'x D-marpunsl © B HHKPEMEHTHOI Te-
MaTugeckoit Mosiesn. HysteBbie 6,10KHM: HOBbIE TOKEHBI B cTaphix Temax W' x T, HOBbIE TeMbI
B cTapbix JgokyMmenTax 1" x D. Henynesble 6J0KH: HOBbIE TOKEHBI B HOBBIX Temax W' xT',
HOBBIE TeMbl B HOBBIX JOKyMeHTax 1’ x D’

YT00BI OTC/IEKUBATH TMOSIBJICHNE HOBBIX TEM, IMPEIaraeTcs o0yJIaTh OTIeTbHbIE
MOJIEJIN JIJIA KaXKI0r0 BPEMEHHOIO0 MHTEPBaJia. [Ipu HOCTyIIEHN: HOBOM IOPIUHU J10-
kymenToB D’ maTpuna ® npeaplLyieii MoIesn HCIO0Ib3yeTcs B KauecTBe HaualbHOTO
IPUOJINKEHNST; CJI0Baph HMONOIHAETCA HOBLIME TepMuHaMu W' u MoryT o6pa3oBaTh-
cs HoBble Tembl 1. IlpeamosnaraeTcs, 9To HOBad JICKCHKA, HMOSBUBIIASCH B HOBBIX
JOKYMEHTaX, OTHOCUTCS IPENMYIIIECTBEHHO K HOBBIM TemaM, Puc. 1. JlomosHuTe H-
HblE OIPDAHMYEHUs] Ha TEMATUYECKYIO MOJE/b HAKJIAALIBAIOTCA B PAMKaX IIOAXOJA
asumTuBHOM peryasipusanun ARTM ¢ ucnosbs3osanmem 6ubmmorekn BigARTM (3]
C OTKPBITBIM HCXOIHBIM KOJOM. B 4aCTHOCTH, MCIIOJIB3YIOTCS PErYJISPU3aTOP JEKOP-
peJINpOBaHUsT TeM KaK CTOJIONOB MaTpuilbl ¢ u peryssipu3atop pa3peKuBaHUs Te-
MAaTHIECKUX BEKTOPHBIX MPEICTABICHUI JOKYMEHTOB KaK CTOJIOIOB MaTPHUILI O.

st onpeieieHns YUCiIa HOBBIX TeM Ha KayK/IOM BPEMEHHOM MHTEPBAJIe OlleHNBa-
€TCsl OTHOCUTEJIbHOE IIPUPAIeHNe YHC/Ia TOKEHOB B CJIOBape Ha TEKYIeM BPEMEHHOM
mare. IIpu 3TOM IIpeosaraeTcsi, YTO YUCJIO0 YHUKAJIBHBIX TOKEHOB B KasKJIO# TeMe
IPUMEPHO OJUHAKOBO.

Ha BbIxXOme MOmem KaXK10ii BBIIEIEHHON TeMe COOTBETCTBYIOT PAHZKMPOBAHHBIE
CTIMCKH KJTIOYEBBIX JJIA TeMBI TOKYMEeHTOB Dygpic 1 ¢710B Wigpic. [Ipeamaraemserit namu
BasuganuoHHbiil matacer AITD Tak»ke COCTOMT M3 MHOXKECTBA TPEHIOB, KOTOPBIM
COOTBETCTBYIOT PAH>KUPOBAHHBIE CIIUCKH KJIFOYEBBIX JIOKYMEHTOB Diyenq U TEDMUHOB
Wirend, & TaKKe Ha3BaHUS TPEHIOB Strend. 1TOOBI COIMOCTABUTH PE3YJIBTATHI MOJIE/IU
PeaJIbHbIM TPeHJaM, BBIUUC/IsIioTcs Tpu MeTpuku Recall@k:

|Xtopic [k] N Xtrend ‘

XRecall@k = 3 (1)

rae X[:k] — nmepseie k asementon cnucka X, a X npununmaer 3Havenuss W, D, S.
Jljist mojicyeTa METPUKY JIjist JIOKYMEHTOB, CJIOB U HA3BAHUU HCIOJIB3YIOTCA Pa3HBIE
3HadeHus k, KOTOpble 0003HaYaloTCsI Kak kp, ky 1 kg < kyy COOTBETCTBEHHO.

Mps1 mpoBeJsin CEPUI0 SKCIIEPUMEHTOB, Il PACCMOTPENN BEPOSITHOCTHBIE TEMATH-
yeckue mojesin PLSA, LDA u ARTM, a rak:ke Heiipocerepoii noaxos BERTopic.



Information retrieval and text analysis 367

MpI cpaBHWIN HAIlle PEIEHNE ¢ BBIMEEPEINCICHHBIMIA Ha, OCHOBE TPeX KOH(U-
ryparuit, BKIIOYIAIONNX B cebsl CJIeIyIoIIne mapaMeTph:
— Configl: DRecall@k > 0.1
— Config2: WRecall@k > 0.3 u SRecall@k > 0
— Config3: DRecall@k > 0.1 , WRecall@k > 0.3 u SRecall@k > 0

Bnecy Configl cOOTBETCTBYET COMOCTABJ/IEHUIO W3BJIEYEHHBIX TEM W TPEHJOB II0
nokymerTam, Config2 — TOJIBKO 1O KJIIOYEBBIM cjioBaM, a Configd oObenuHsier B
cebe JIBe TPeabIIyIIe O,

Hawtyamme pesysnbrarer mokasasa mozenb ARTMi — mogens ARTM ¢ peryiis-
pU3aTOPOM JleKoppesinpoBanus ® u peryssipus3aTopoM paspexkuBaHusd O, obydaro-
masicss naKkpemeHTHO. ARTMi snerekTupyer npaBujibHbIE TEMBI JOCTATOYHO IOJHO
u OBICTPO Jlake B HamboJiee ClOKHOU KoHurypamuu Configs, XOTs B HEKOTOPBIX
CIIy9Jasix MOXKET M3BJICKATH CyMMAPHO MeHbIe TpeHnoB. B kouduryparmuun Configl,
OCHOBHO{ TIEJIHIO KOTOPOIT SIBJISIETCS TIPABUJILHOE pa3IeeHne JOKYMEHTOB IO TEMaM,
ARTMi usBjiekaeT OYTH [TOJIOBUHY TPEHJIOB 3a IIEPBBIE J[Ba MECSIA.

Takum 06pa3oM, MOJIE/Tb TTOJIXOUT JIJIsi PAHHETO BBISBJICHUS HAYYIHBIX TPEHJIOB.
Takzke crouT ormMeTUTh, 910 MoAe L ARTMI ciocobHa BBIABIISATEH TPEHIBI HEITOCPE -
CTBEHHO B MHTEPBAaJie UX BO3HUKHOBeHUs /it Configl. 9To CBA3aHO € T€M, YTO HEKO-
TOpBIE U3 TPEHIOB, OTHOCAIINECS K TUITY «3aJa9a», He UMEIOT KOHKPETHOT'O TIEPBOTO
JIOKYMEHTA.

[1] Kontostathis A., Galitsky M. L., Pottenger M. W., Roy S., Phelps J. D. A Survey
of emerging trend detection in textual data mining // Springer New York, 2004. —
Pp. 185-224.

[2] Kochedykov D., Apishev M., Golitsyn L., Vorontsov K. Fast and Modular Regularized
Topic Modelling // Proceeding of The 21-st Conference Of FRUCT (Finnish-
Russian University Cooperation in Telecommunications) Association. The seminar on
Intelligence, Social Media and Web (ISMW). Helsinki, Finland, November 6-10, 2017.
Pp.182-193.

[38] Vorontsov K., Frei O., Apishev M., Romov P., and Dudarenko M. BigARTM: Open
source library for regularized multimodal topic modeling of large collections // AIST,
Springer International Publishing, 2015. — Pp. 370-381.
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The rapid growth in the number of scientific publications, the intensive emergence
of new directions and approaches poses a challenge to the scientific community to
identify trends in a timely and automatic manner. By trend we mean a semantically
homogeneous theme that is characterized by a steadily time lexical kernel and a
sharp, often exponential, increase in the number of publications [1]. In addition,
a trend is often characterized by a main term, such as the name of a problem, a
theory, or a method. Examples of trends in machine learning are: “LSTM”, “deep
learning” “word2vec”, “BERT”, “fake news detection”.

In order to extract trend themes in a stream of scientific publications, we use
incremental methods of probabilistic topic modelling. To assess quality, we man-
ually formed and made publicly available a dataset of 91 trends named Artificial
Intelligence Trends Dataset (AITD), in which each trend is characterized by a set
of at least 10 key articles and 5 key terms.

Trend extraction experiments were carried out on a collection of 73959 articles
published between 2000 and 2021 at an h-index over 100 machine-learning confer-
ences. The publication date of each article is known. The models were taught
entirely unsupervised, and validation dataset were used only for final quality assess-
ments.

The probabilistic topic model of a text documents collection outputs two ma-
trices: ® matrix of size WxT and © matrix of size T'xD, where W is a finite
set (dictionary) of tokens (words), D is a finite set (collection) of documents, T is
a set of topics. Each column of the ® matrix describes a topic t € T by a discrete
probability distribution over words p(w|t). Each column of the © matrix describes
a document d € D by a discrete probability distribution over topics p(t|d). Addi-
tional restrictions on the topic model are imposed within the additive regularization
(ARTM) approach [2] using the open source BigARTM [3] library. In this work, we
apply the topic decorrelation regularizer to the columns of the ® matrix and also we
apply the sparse topical representations of documents regularizer to the columns of
a O matrix.

To obtain real-time predictions and reduce training time, we suggest incremental
training of the topic model. After a new batch of documents D’ appears, the model

International Conference IDP-14. Russia, Moscow, December 6-9, 2022
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Fig. 1. Block structure of ® matrix of size WxT and © matrix of size T'xD in an in-
cremental topic model. Zero blocks: new tokens in old topics W’'xT, new topics in old
documents T"x D. Non-zero blocks: new tokens in new topics W’xT", new topics in new
documents T"x D’.

considers a set of emerging new words W’ and updates current topics T' by adding
new topics T’, Figure 1. Generally, topic modeling approaches operate with matrices
® and O representing word-topic and topic-document distributions respectively. We
suggest an incremental update to each of them. So, we initialize the matrices ®,,41
and ©,,41 in the current step using the matrices ®,, and ©,, from the previous step.

To select the number of new topics, we propose a criterion based on the number
of terms that have increased significantly since the last update of the model.

Let Direna and Wirena be the labeled sets of documents and words associated
with the given trend respectively. Apart from that, we consider “golden” set of topic
names Sirend - Here, Sireng contains from one to three synonymous collocations, each
of which can be used as the name of the trend. At the output of the model, each
topic is represented by two ranked lists denoted as Dyopic and Wigpic. Also, we define
Stopic = Wtopic~

To perform matching, we firstly calculate three Recall@k based metrics:

XRecallQk = |Xt0pi0[5k1€m Xirend| Q)

Here, X[:k] denotes first k elements of the list X, and X is replaced with W, D
or S. We use three different values of the parameter k for documents, words and
topic names, which are denoted as kp, kw and kg < ky respectively.

We matched the extracted topics with the labeled trend topics using three com-
binations of thresholds:

— Configl: DRecall@k > 0.1
— Config2: WRecall@k > 0.3 and SRecall@k > 0
— Config3: DRecall@k > 0.1 , WRecall@k > 0.3 and SRecall@k > 0

Here, the Config! option matches trends based on documents only, Config2
is based on keywords only, and Config3 is the joined option.

Our experiments demonstrate that the suggested ARTM-based approach named
ARTMi outperforms the classic PLSA, LDA models and a neural approach based
on BERT representations.



370 MNudopmannoHHbIi IOUCK U AHAJIN3 TEKCTOB

The best results was achived by ARTMi model is the ARTM model learning
incrementally with a decorrelation ® and sparse © regularization. ARTMi outper-
forms both BERTopic and LDA model. The ARTMi model generates the correct
topics quickly enough even with the rigid configuration Configd compared to other
topic models, although it can sometimes extract fewer trends in total. In the con-
figuration Configl, when the main goal is to correctly divide documents by topic,
ARTMi extracts almost half of the trends in the first two months. Thus, it is well
suited for qualitative identification of trends in the problem of early detection.
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Russian University Cooperation in Telecommunications) Association. The seminar on
Intelligence, Social Media and Web (ISMW). Helsinki, Finland, November 6-10, 2017.
Pp.182-193.

[3] Vorontsov K., Frei O., Apishev M., Romov P., and Dudarenko M. BigARTM: Open
source library for regularized multimodal topic modeling of large collections // AIST,
Springer International Publishing, 2015. — Pp. 370-381.
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[esbro aBTOMATHIECKOH CyMMapHU3aIii 0OBIYHO SIBJISIETCSI CHHTE3 KPATKOTO U3-
JIOZKEHU AL IIO,/:L60pKI/I TEKCTOBBIX JOKYMEHTOB JIJIgd 6bICTpOFO IIOHUMaHNAd KJIIOYEBBIX
uneit. Mbl paccMaTrpuBaeM IOJyaBTOMATUYECKYIO CyMMAPU3AIUIO MOA00POK Hayd-
HBIX TYOJIMKAINN, KOTOpasi UMeET JAPYIYIO MeJib — IIOMOYb TIOJIHb30BATENIO0 PEaTH30-
BaTh CBOI aBTOpCKHUil 3aMbices1. OO30phI, HAIIMCAHHBIE IO OJIHOI W TOM K€ TOI00P-
K€ Pa3HbIMU aBTOPAMU U/WiIM JJId PA3HBIX Hesieil (auccepraius, oTYéT, yIeOHUK )
MOTYT Pa3JIMIaThCs CYIECTBEHHO. B TaKMWX CJIydasix MOJIb30BATEIO HYXKEH He Io-
TOBBIfl TEKCT, & PEKOMEHIATEIbHBIA CEPBUC, BBIMOJHSIONMNNA PYTUHHBIE OIEPAIN
nHGOPMAIMOHHOIO IIOUCKa, HAIIPUMED, TOJA0UPAIOIUil pejieBanTHbIE dhpasbl. Takue
CUCTEMBI HA3BIBAIOTCS A68MOMAMUUPOSAHHOT A8MOPCKOT CYMMAPUIAUUET, MEKCMOEs
(machine aided human summarization, MAHS).

B nannoii pabore npeyaraercs nporecc MAHS, ocHOBaHHBIN Ha pEIIEHUN CEPUN
3a/1a4 MaIIMHHOTO o0yueHust [1].

Bamaya 1: Ilocmpoenue cuenapus ob63opa. Hara moabopka TeKCTOB, Tpedyercs
PaHKUPOBATh UX B TOM IIOPsiJIKE, B KOTOPOM OHM OyIyT yIoMuHATHCsS B 0030pe. Oby-
JAOIAast BEIDOPKA MOXKET OBITH COCTABJIEHA ABTOMATUYIECKU 1O GOJIBITON KOJIJIEKITHN
HayJHBIX cTaTei. Kaxkmass crarbs mopoxkaeT o0ydaomuit 00beKT, B KOTOPOM pPOJIb
MOJOOPKY BBITIOJIHSAET CIIMCOK JIATEPATYPHI, a 00ydJaloNuM PaHXKUPOBAHUEM SIBJIsI-
ercsl TI0CJIEI0BATEIbHOCTD CChIJIOK B 0030pHON 4YacTu craTbu. MHOOpMATUBHBIMU
NPU3HAKAME SIBJISIIOTCS TOJT IyOJIMKAIUE, €€ IUTUPYEMOCTD, IIUTHPYEMOCTD €6 aBTO-
POB, ceMaHTHYeCKast OJIU30CTD MyOauKamm K 0630py, K €ro JOKaJIbHOMY KOHTEKCTY,
u T

3amada 2. Panowcuposarue @pasz-nodckasok. st KazKI0ro J0KyMEHTa U3 01
GopKu (B TOPsIIKE, ONPEJIEJEHHOM CIIeHAPUEM) CHCTeMa IIPeJJIAaraeT MOJIb30BaTeT0
PAHXKUPOBAHHBINA CHUCOK (PPas3-moJICKa30K, U3 KOTOPLIX OH MOXKET BBIOUpATh (bpa-
3Bl JIJIsI IPOJIOJIZKEHUsI CBOero 0030pa. CymecTByeT MHOXKECTBO PAa3yMHBIX CIIOCODOB
orbopa u pamxkupoBanus ¢pa3. OHU peaqu3yoTcs B cuCTeMe Kak (DYHKIUU paH-
JKAPOBaHUs, Ha3blBaeMble cydaépamu. B roap3oBaresibckoM naTepdeiice cydaép —
9TO KHOIKA, HasKaTHe KOTOPOH IepecTpanBaeT paHKMPOBAHHBINA crucok ¢dpas. Ha-
upumep, cydaép annomavyuu (abstract prompter) — 910 mpocreiimas HeoOyYaeMast
dyHKIWA, KOTOpas BbIAAET (hpas3bl U3 AHHOTAIMKA CTATHUA B MX MCXOJHOM MOPSIJIKE.

Bagaua 2.1: Obyuerue axcmpaxmushozo cypaépa (extractive prompter). Kiac-
CHYEeCKHe METO/IbI 9KCTPAKTUBHON CyMMapHU3aIi OCHOBAHBI Ha BBIJIEJIEHUN HANOOIee
Ba>KHbIX IIpeﬂﬂO)KeHHI’I B JIOKyMEHTeE. Ba)KHOCTI) MOZKeT OIIpeJe/IAThCA II0-Pa3HOMY,
B TOM YHUCJIe OTHOCUTEJIFHO ACIIEKTOB «aKTYAJIbHOCTHY, KHOBU3HBI», < METOJIOB», «BbI-

Me>xgynapoaaas koHgepennus MOHW-14. Poccusi, r. MockBa, 6—9 mekabpst 2022 r.



372 MNudopmannoHHbIi IOUCK U AHAJIN3 TEKCTOB

BOJIOB», «IIPEUMYIIECTB», «HEJOCTATKOB», U T. /1. st obydenus cydiépa mo Kaxio-
My U3 aCIIEKTOB CTPOHUTCs 00y YaIoNiasi BIOOPKA JOKYMEHTOB, B KayKJ[OM U3 KOTOPBIX
Pa3METYUKH BBIJIEIAIOT (PPa3bl, PEJICBAHTHDBIE ACIEKTY.

Bamaua 2.2. O6yuenue yumupyrowezo cydaépa (citance prompter). Ocoben-
HOCTBIO HAYYHBIX ITyOJUKAIMIL SIBJISIETCS HAJMYIUE IUTUPYIOMUX CTaTeil, KOTOpbIe
OTpakKaroT BJUSHHUE UCCJIEyeMOil CTaTbu Ha HaydHOe coobimecTBo. [Ipeiaraercs
U3BJIEKATH HanboJiee pesieBaHTHBIE (DPArMEHTBI, COJEPIKAIIHE ITUTATHI, U PAHKIPO-
BaTh WX JJIsi cocTaBeHust pedepara. HazoséMm Takne pparMeHThl — yumupyouumu
Ppaemenmamu. 3a1a9a JOKAJIU3AINI IUTUPYIOMKX (pparMeHToB TpedyeT pa3MedeH-
HOU 0Oy4JaroNiell BEIOOPKU BUJIA «IUTaTa, MUTHpyoonmii ¢pparments. Takyio 3agady
MOXKHO 1epeOpMYy/IUPOBATh B TEPMHUHAX BOIMPOCHO-OTBETHOTO TIOMCKA B 3aaHHOM
dparmenrte Tekcra. [Ipw 9T70OM B KadecTBe 3ampoca pacCMaTPUBATDH IUTATY, & B Ka-
YecTBE TEKCTa JJIsl [MOUCKA OTBETA — TEKCTOBOE OKHO, COIEPXKAIIEe IPEJIOKEHIe
€O cchLIKOi. [ljist perieHust Takoro TUNa 3aJa9 OTJUYHO IMOIXOIST IIPei00yYeHHbIe
Ha OOJIBIIIOM TEKCTOBOM KOPILYCE MOJE/M Ha OCHOBe TpaHchopMepa.

Bamaua 2.3. O6yuenue ccowounozo cydaépa (reference prompter). AnprepHa-
TUBHBII [TOJIXO0/T 3aKJII0YAETCS B TOM, 9TOOBI BEIOPATH U3 TEKCTa IIUTUPYEMO CTaThu
dpasbl, ceMaHTHIECKHU OJIM3KNE K JIOKAJIHHBIM KOHTEKCTAM IUTAT B YIOMUHAIOIIIX
craTbsix. HazoBéMm Takume pparMeHTbl — CCOLA0UHBIMU ppazmenmamu. Tlpu sToM
TOYHOE OIIpEJIe/IEHNEe TPAHUI] UTUPYIOMUX (PParMeHTOB yKe He Tpebyercs, a Iu-
TUPYIOMUN CydAEP CTAHOBUTCSI PA3HOBUJIHOCTBIO SKCTpakTUBHOrO. Jlis oOyveHust
Takoro cydJépa TpebdyeTrcsa pasmMedeHHast 00yvaionas BbIOOPKU BUIA «JIOKAJIHHBIH
KOHTEKCT I[UTATHI, CChLIOYHBIN dhparmMenTs. 3a1ady o0ydeHus MOKHO CHOPMYIHPO-
BaTh, Kak 3aJady OMHAPHON KiacCupUKAIUU BXOXKICHUS KayKIOrO IPeIJIOKEHN
CTaThU B KAKOH-JINOO CCHIIOYHBIN (bparMenT. JIjis ONeHKN CeMaHTUIeCKON CXOKECTH
bparMeHToB MOAXOIST MOJE]N I'PAJIMEHTHOr0 OycTwHra ¢ (DUKCUPOBAHHBIM HAOO-
POM TEKCTOBBIX IIPU3HAKOB, & TAKyKe Mpeo0ydeHHble TEeKCTOBbIE MOJIEIN HA OCHOBE
Tpancdopmepa.

Bagaua 3: Ouenusarue xavecmsa cucmemovt, cydaépos. Obydaroniast U BanIa-
[IMOHHAsI BHIOOPKA COCTABJISIFOTCSI aBTOMATUYECKHU 110 OOJIBIION KOJIIEKIMH CTaTel,
aHAJIOTUYIHO [TePBOIi 3a1a4e. B posin mon0opKu BBICTYIIAET CIIUCOK JINTEPATYPhI, B PO-
JIU «UACAJTHHOTO» 0030pa — 00beanHEeHne 0030PHBIX PAa3esIoB cTaTbu. JJIs1 KazKI0ro
IpEeIJIOYKEHUsT TToIonpaeTcst cyDép, JAIoMuit caMmyio OJm3KyIo (ppasy cpemu mepBbIxX
k mo3uImii CriMcKa, MONCKOBOM BBIIAYN 110 METPUKE KAYIECTBA B CPABHEHUU C TAJIOH-
HbIM pedeparoM. JIerko mpOBOIUTCS AHAJIOTHUs C I0JIb30BaTEIEM, IIOCIEI0BATE b
HO TPOCMATPUBAIONIUM BBIJIAYy JJIsl MOUCKA, HAMITYdInedl ppasbl JiJisl MPOIOJIZKEHIUS.
Ornenkoii KadecTBa pabOTHI CyhIIEPOB SABJISETCHA CPEJIHsIs MO3UINS HanboJiee pesie-
BaHTHBIX (pp