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TOBKE TEHIEPHOU TOKyMeHTallluu1, B yacTu onpeaeneHus kona OKII 2 k dopmupyeMoii 3as1B-
Ke. JIs pelieHUs 3agauu aBToMaTUUecKoi Kiaccudukanuu 3asaBok B coorBeTcTBUr ¢ OKIT/
2 pa3paboTaH aJITOPUTM CUCTEMBI CPABHUTEJILHOTO aHaIM3a MojieJieil KilacCu(pukaTopoB, OCy-
1IecTBJIeHa MpeaodpaboTKa M 3alMCh B 0a3y JaHHbBIX cCOOpaHHON MHPOpMalL1 B (hopMaTe json.
PasmeTka 1 moAroToBKa JaHHBIX JUIST OOYYEHUSI MOACIeH KiIaccu(UKaTOPOB OCYIIIECTBICHA B
cpene PolyAnalyst. B kauecTBe Mojeeil MHOTOKJIaCCOBBIX KJIacCU(PUKATOPOB U3 OUOIMOTE-
ku Scikit-Learn BeIOpaHbl HauBHBIN OaiieCOBCKUil Kinaccugukatop, SVM-knaccudukaTop u
KJaccu@uKaTop Ha OCHOBE CyJyaiiHOro Jjeca. B KauecTBe BeKTOpU3aTOPOB BHIOpaHa MOJIEb
TFIDF u word-haching. B kauecTBe yeTBepTOTO KjaccugukaTopa BblOpaHa HeilpoceTeBast MO-
nenb ruBert-base. [IpoBeneHo oOyyeHMe KaaccupUKATOPOB M OLIEHEHO KaueCTBO UX PaOOTHI.
ITo pe3ynpratamM BaMaauy U TECTUPOBAHUS JTYYIIMMHU OKa3aJMCh 1Be Moaeau: ruBert-base u
MOJieJIb HAaMBHOIO 0ailecoBCKOTO Kiaccudukaropa ¢ Bekropuzatropom word-hashing. Ha oc-
HOBE pe3yJIbTaTOB MPOM3BeAeHA TeCTOBas KjaacCuduUKaIMs 3asIBOK.
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Abstract. As a result of the analysis, the relevance of developing services that contribute to the
preparation of tender documentation, in terms of determining the OKPD 2 code for the generated
application, is indicated. To solve the problem of automatic classification of applications in
accordance with OKPD 2, an algorithm for the system of comparative analysis of classifier models
was developed. Further, preprocessing was carried out, and the collected information was written
to the database in json format. Labeling and preparation of data for training classifier models was
carried out in the PolyAnalyst environment. As a result of the analysis, a naive Bayes classifier,
an SVM classifier, and a random forest classifier were selected as models of multiclass classifiers
from the Scikit-Learn library. The TFIDF and word-haching models were chosen as vectorizers.
The ruBert-base neural network model was chosen as the fourth classifier. Classifiers were trained
and the quality of their work was assessed. According to the results of validation and testing, two
models turned out to be the best: ruBert-base and a model of a naive Bayes classifier with a word-
hashing vectorizer. Based on the results, a test classification of applications was made.
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Beenenue

PasButue coBpeMeHHBIX MH(GOPMALIMOHHBIX CUCTEM U TEXHOJOTHI CITIOCOOCTBYIOT OBICTPOMY POCTY
LU POBU3ALIMY BO BeeX cpepax rocyIapCTBEHHOTO yIIpaBIeHHs, B TOM YHCJIe U TOCYIapCTBEHHBIX 3aKy-
nmok. OCHOBHYIO POJIb B 3TOM Mpoliecce UrparoT L poBbie MIaTGOPMBbI, TTOCKOJIbKY UMEHHO OHU (hop-
MUPYIOT Cpely 3JeKTPOHHOTO B3aMMOJCHCTBUS MOTEHILIMAIbHBIX 3aKa3UMKOB U TTOCTaBILIUKOB, SBJISISICH
IpoBaiiaepoM chepbl 3TeKTPOHHBIX 3aKYITOK.

C 2016 roga B Poccuu BBeneHa B akcryatanuio Equnas nndopmamnmonHas cuctema (EMC) B chepe
3akynok [1]. EMC co3gaHa B 1eax nHGOPMaLMOHHOro 00ecrneyeHnsl KOHTPaKTHOM CUCTEMBI B cdepe
3aKYITOK TOBapoOB, paboT, YCIIyT IJis 00eCIieueHUsI TOCYIapCTBEHHBIX 1 MYHULIMITAJIBHBIX HYXK]I, 3aKYITOK
TOBapOB, pabOT, YCJIYT OTACIbHBIMU BUIAMU IOPUANYECKUX JUILI.

B Hacrosiiee Bpemsi mpoleaypbl MPOBEAEHUS TEHAEPOB 3aHUMAIOT KJII0YEBOE MECTO B pabOTeE OTea
3aKyMNOK KOMITAaHWH. BOIBIIMHCTBO COBPEMEHHBIX PEKOMEHIATEIbHBIX CEPBUCOB U cUCTeM [2—4]| DyHK-

© Seliverstov Y.A., Komissarov A.A., Lesovodskay A.A., et al., 2022. Published by Peter the Great St. Petersburg Polytechnic University
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LIMOHUPYIOT Ha BeO-Tutomaakax. K ux unciay oTHoCSITCS peKOMeH1aTeIbHbIe CEPBUCHI TPOBEACHMS TEH-
nepoB [5], BeIOOpa TEHIAEPOB C BEPOSITHOCTHIO OLIEHKM BBIMTPBIIIA YYACTHUKOB TeHIaepa [6], mpoBepKu
KOPPEKTHOCTHU TeHAEPHOI JOKyMeHTaluu 7] u ap.

OaHUM U3 BaXKHBIX 3TarioB ()OPMUPOBAHMSI 3JEKTPOHHOM TEHACPHOM TOKYMEHTALIMU SIBJISIETCS ITPO-
neaypa (hopMHUpOBaHUS 3asiBKM 1 BEIOOpaA COOTBETCTBYIOIIEro kogudukaropa u3 nepeunss OKIII 2 —
OO01epoccuiicKoro KiaccudukaTopa IpoayKILIMK 10 BUJAM 9KOHOMUYECKOU AesSITeIbHOCTH.

CTpeMUTEbHBII POCT pa3IMUHBIX CEKTOPOB IMPOU3BOJCTBA U paclliMpeHre MHOroo0pasusl co3iaBa-
€MBbIX TOBAPOB, IIPOAYKTOB U YCIIYT, a TAK3Ke MepenpoInpoBaHue MpeIpUHIMATEIbCKOM NeSITeTbHO-
CTU CaMOCTOSITEJIbBHOTO CYObeKTa YCIOXKHSIIOT 3a/auyy TOUHON MAESHTU(UKAIIMU MTPOAYKTOBBIX IPAHMUIL
OTpacjieBOro pbiHKa B pamkax O0111epoccuiickux KiaccuGuKaTopoB BUIOB MPeATPUHUMATEIbCKOM Jie-
sreapHoct (OKII 2) [8].

ITo gannbiM [9], OKII/, 2 conepxut okoso 38 Teicsad rmo3uunii. CToyb 00JbIasi BeJIMYMHA 3aTPY/I-
HSIeT TTIOMCK U YBEJIMYMBAET BpeMEHHbBIE 3aTPaThl HA €r0 TOUHOE ONpeaeIcHUE.

Vxazanue HenpaBmwibHOTO Koga OKII/I 2, ero He3HaHME MJIX HECOOTBETCTBUE PealbHOI 9KOHOMU-
yeckoi aesiteabHocTy Koay OKIIJ 2, ykazaHHOMY CyOBbEKTOM MPU perucTpalivu, BJie4eT MHOXECTBO
HeXeJIaTeJbHBIX MOCASACTBUI, TAKUX KaK OMpele/eHIue CTABKU B3HOCOB MTPU BOBHUKHOBEHUN HECUACT-
HBIX cTydaeB; o(popMIEHNE MTATEHTOB; ITOTEPsI HAJIOTOBBIX JIBIOT, MPEIOCTABISEMbIX TOCYIAPCTBOM 10
HEKOTOPbIM BUAaM 3KOHOMUYECKOW JesTeIbHOCTH; OJOKMpPOBaHWE TUIaTeXeil Mpyu BHYTpeHHe OaH-
KOBCKOIl MpOBEpKe; HaJ0XeHHWE BBICOKMX IITpa(HbIX CAHKUMN MPU BHECEHUU OIIMOOYHOro Kojaa
OKII/ 2 B Ennnyio nHgopMalmoHHyI0 cucTeMy B cdepe 3akynok [10, 11].

IMocnenHee moguepkMBaeT akTyaJbHOCTh pa3padOTKU M BHEAPEHUS] PEKOMEHIaTebHbIX CEPBUCOB
MPOBepKU KoppeKTHOCTHU 3as1BKU [12] B uacTu Beioopa OKII/I 2 B cucTeMbl 2JIEKTPOHHOI'O COITPOBOXKIIE-
HUSI KOPIIOPAaTUBHOIO TEHAEPHOTO TOKyMeHTooOopoTa [13].

AHanm3 npeaMeTHo# obnacTu. B HacTosiiee BpeMsi peKoOMeH1aTeJIbHbIM CUCTeMaM TTOCBSIILEHO MHO-
JKECTBO PadOT POCCUICKUX U 3apyOeKHBIX YUCHBIX.

TeopeTUKO-MeTOIOIOTUUECKIE OCOOEHHOCTU PEKOMEHIATEIbHBIX CUCTEM, a TAKXKe Pa3IMIHbIC Xa-
PaKTEPUCTUKU U BO3MOXHOCTU METOAO0B MPOrHO3UPOBAHUSI B COBPEMEHHbBIX PeKOMEHAATEIbHBIX CHU-
cTeMax paccMoTpeHbl B [14, 15].

ITonoxon coBMecTHOI (pUIbTpallii, OCHOBAaHHBIM Ha HAMBHOM 0aiieCOBCKOM KjlaccupuKaTrope, u3y-
yeH B [16]. [IpemnoxeHHas B [ 16] GaiilecoBcKast MOZEIb HE TOJIBKO TIPEAOCTABISIET PEKOMEHIALINI, HO U
JaeT OObSICHEHUSI 3TUM MPOTHO3aM.

B [17] onmucana cucTeMa, MCIOAb3YIONIasl KJIAaCTePU3aLMIO U CIIyYaliHbIN JIEC B KA4eCTBE MHOTOYPOB-
HEBbIX CTpATeTU 151 TPOrHO3UPOBAaHUSI PpEKOMEHIallMii Ha OCHOBE OLIEHOK IM0JIb30BaTesieii, OpUeHTH -
PysICh IPU 3TOM Ha MBIIUIEHNUE MOJIb30BaTe/Ieii U TEKYIIe TeHASHIIUN.

Pemasg npenckaszaTebHy0 3a1a4y MOACIMPOBAHUS TMHAMWYCCKUX MPEAITOYTECHUI TTOIb30BaTeIeit
Ha OCHOBE MX MCTOPUYECKOrO IoBeAcHMs, B [18] nmpencrapieHa riry0oKas AByHarpaBIeHHasI ITOCIEeN0-
BaTesIbHas MoeJib ox Ha3BaHueM BERT4Rec nj1sg nociaenoBaresibHOM pekomeHpaunu. [1pu o6ydyeHun
MoJeu IpuMeHsieTcs 3agada Cloze, KoTopas IpecKa3bIBacT 3JIEMEHThI, UCIIOJIB3YsI KaK JICBHIM, TaK U
TTPaBBIA KOHTEKCT.

BinsiHue cucteM moKMcKa M peKOMeHJalMii Ha TIpOoJakKy B 2JIEKTPOHHOI Toprosjie u3ydyeHo B [3]. B
CTaThe MOKAa3aHO, KAaK pa3Hble KJIACChl MHCTPYMEHTOB IMOMCKA U peKOMEHAALINI BIMSIOT HA pacrpene-
JIEHWE TPOoAaX IO MPOAYKTaM, 001N 00BEM MPoJak U UBJIMIIEK MOTpeOUTeei.

B [19] aBTOpBI paccMaTpUBalOT TeMAaTUUECKYIO IUBEepPCU(DUKALIMIO, HOBBI METO, pa3paboTaHHbBII
I O6anmaHca U JuBepcU(UKALUM TTepCOHATM3UPOBAHHBIX CITMCKOB PEKOMEHIALIMIA, YTOOBI OTPa3UTh
MOJIHBII CIIEKTP MHTepecoB moib3oBarelis. CormacHo [19] anropurmbl nuBepcuUKaIIUM UCITOIb3YeT
Amazon 1jis yJaydlieHusl CBOMX PEKOMEHIALINIA.

B [20] pemraeTcs 3amaya MHOTIOKJIACCOBO# KilacCU(UKALIMU CIA00TOKCUYHOIO 00pa30BaTeIbHOTO
KOHTEHTA OHJIAH IIIKOJI C MCTIOIb30BaHNeM HelipoceTeBoil Mmoaenan RoBERT.
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B [21], onupasich Ha MHGOPMALIMOHHO-METOAUYECKOe obecrieueHue [22] Ha OCHOBe HEMPOHHOI ce-
T TpaHchopMepa, pa3padaTbIBaeTCsl METOJ MHOTOKJIACCOBO KilacCU(PUKALIMU YTPO3.

B [23] u [24] paccMOTpeHBbI CMCTeMbl Ha OCHOBE MoJiefieit KiacCuUuKaliy TPAaHCITOPTHBIX TaHHbBIX B
YacTH OIpeJeeHUST COCTOSIHUSI KauecTBa 1opor. B kauecTBe Moneneii B3siThl Kiaccudukatopbl SVM u
HaMBHOTO Oalieca.

B [25] u3yuyeHbl METOJbI MAllIMHBI OMOPHBIX BEKTOPOB U JIATEHTHO-CEMaHTUYECKWI aHaIu3 ¢ pas-
JIMYHBIMU BEKTOPU3aTOPaAMMU JIJIsI IOCTPOSHUSI MOJIEJI MHOTOKJIACCOBOM KilacCU(UKALUU ClI1ab0CTPyK-
TYPUPOBAHHBIX TEKCTOBBIX JOKYMEHTOB.

B [26] BBIMONTHEH TIOAPOOHBINM 0030 MOAXOA0B MHTEIUIEKTYaAIbHOTO aHAJIM3a TEKCTOB Ha PYCCKOM
SI3BIKE.

ITpoBeneHHbBI aHATN3 CBUIETEILCTBYET O TOM, UTO MOJEIN KJIacCU(HUKATOPOB HaA OCHOBE HAUBHOTO
0alieCOBCKOTO aJlTOPUTMa, MAIIMHEI OITOPHBIX BEKTOPOB, CIIyYaifHOTO Jieca M HelpoceTeBbIe aJlTOPUT-
Mbl, Takue Kak BERT, mmpoko ncnonab3ytoTcst B pa3IMUHbIX MH(GOPMALMOHHBIX CUCTEMaX, CBSI3aHHBIX
¢ (punbrpanueit u Ki1accudukalyeil Be0-KOHTEHTA.

ITocTanoBka 3agaun. Llesrb HacTosIIIEl pabOTHI — B MCCIICIOBAHINI COBPEMEHHBIX ITPOTPAMMHEBIX Me-
TOAOB KJlaccuduUKaLMu AJIs onpeneeHus Harbosiee TOYHOM MO KilacCU(pUKaIMY MPUMEHUTETbHO
K 3ajaye KiacCU(MUKALIMU 3asIBKU TEHAEPHOI TOKYMEHTALIMKM K COOTBETCTBYIOIIEMY KiIacCU(pUKATOPY
n3 OKII/ 2. JlanHy10 Mozelib KJIaCCU(UKAILIMY B TTOCICAYIOLIEM TIpeAroaraeTcs UCIoJIb30BaTh B pa3-
paboTKe peKOMEHIaTeIbHOIO CEpBHUCA, MOMOTAIOIIEro CIELMAIUCTY B chepe 3aKYIOK 110 MH(popMaluu,
cojepKalleiicss B MMOATOTABIMBAEMON K TEHAEPY 3asiBKe, ObICTPO U TOYHO OMPEIETUTh COOTBETCTBYIO-
muit eit kon nepsoro yposHst OKII/I 2.

CepBuUC TJIaHUPYETCSI UCIIOJIb30BaTh COBMECTHO ¢ EnuHo MHMOpMaLMOHHONI cucTeMoil B cdepe
3aKynok (moprai https://zakupki.gov.ru/).

B pamkax uccienoBaHus IJIaHUPYeTCsl pa3paboTaTh KpayJiep /sl cOopa JaHHbIX, OCYIECTBUTH COOP
JaHHbIX ¢ noptaja EMC, mpou3BecTy MOATOTOBKY M pa3MeTKy JAHHBIX C MUCIIOJIb30BaHUEM MPOrpaMM-
HBIX METOJIOB, ITIOCTPOUTh U OCYILECTBUTh CPABHUTENIbHBIN aHAIN3 YEThIPEX MOJAENIeil MYJIBTUKIACCO-
BOI1 KjaccuguKalMi: HaMBHOTO OaliecoBckoro kiaccudukaropa (Naive Bayes), kinaccudukaropa Ha
OCHOBe ajiropuTMma ciydaiiHoro Jjieca (Random Forest), kinaccugpukaropa Ha OCHOBE MalllMHBI OMOP-
HbIX BeKTOopoB (SVM) u HeiipocereBoii Momenu ruBERT (Bidirectional Encoder Representations from
Transformers) [27]. O61uee KonmyecTBO KilaccoB — 88. B kauecTBe BEKTOPU3aTOPOB IJIAHUPYETCST pac-
cmotpeTh aBa Metoga — TFIDF u word hashing [28].

OcHOBHAs YacTh

[TocTpoeHue maaHa UccleA0BaHMs 11eJeco00pa3HO HauaTh ¢ pa3paboTKu 0000I11EHHOTO aIropuTMa
CHCTEMBbI CPaBHUTEJbHOIO aHaIM3a Mojelell KiiacCu(PUKATOPOB. AJITOPUTM B OOIIIEM BUIE COCTOUT U3
Mpolieayp, MpeacTaBleHHbIX Ha puc. 1.

Ha nepBoM aTtamne ocyiecTisieTcsi coopa JaHHBIX 3as1BoK. JlIsd 9TUX 1eseil pazpadoTtaH Kpayaep Ha
s3bike Python3 ¢ ucnonb3oBanueM 6ubanoTeku Requests. C momolibio pa3padoTaHHOTO KpayJiepa ocy-
LIECTBJIEH cOOp 3asiBOK 3aKyMOK ¢ roptaia https://zakupki.gov.ru (puc. 2).

MHudopmalius o 3akynkax JOCTYITHA MO rocteBomy goctyny (puc. 3) u xpanutcst Ha FTP-cepBepe
(ftp://ftp.zakupki.gov.ru) B Buae nammnoB B (popmate xml B qupekTopuu fcs_regions (puc. 4).

COop naHHBIX OCYILIECTBJISIETCS MO ClIeaylolleMy aaropuTMy: 1) Kpaysiep 3axoauT Ha ftp-cepsep non
TOCTEBBIM JIOCTYIIOM B IMPEKTOpHUIO fcs_regions; 2) mpoxoauT 1o pernoHam u 3arpyxxaetr RETR-3amnpo-
COM M0 oYepeau Kaxablii xml-daiisl 3aKyMnoK B MaMsITh; 3) «Ha JIETy» U3 IMaMSITU OCYIIECTBIISIET ITaPCUHT
MeTaJaHHbIX, cofepxKalluxcs B xml-aiisie, mpeodpasyst X B jSON B COOTBETCTBUU C 3aJaHHON CTPYKTY-
poii; 4) 3amchIBaeT json B 6a3y JaHHBIX; 5) yaansgeT xml-daiii n3 naMsTi; 6) IepexoauT K CIeIyIoIeMy
1o ouepeau xml-gaitay 3aKymnox.
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baza maHHBIX

(json)

Hapcmxr METa/laHHbIX
3as4BKHU jSOl’l B CsSV

l

3arpy3Ka csv B cUCTeMy

Kpaynep (Python)

| 1
| i
| 1
! = TocreBoii mocTym k ftp-cepepy; |
! = COop J1aMIIOB 3aKyIIOK B |
| ¢opmare xml; 1
I = [lapcunr xml B json; 1
| 1
| 1
| 1
| 1
| 1

PolyAnalyst
= Coxpanenre json B BJ[ l
IIpenoOpabotka u
FTP Server Jlupexropust pa3MeTKa JIaHHBIX B
(ftp.zakupki.gov.ru) fes regions PolyAnalyst
MOH(EHL HOPHHER Mopens SVM Mopens RF Mopens BERT
OaifecoBCKOTO
KJIaccugukaropa KJIaccugukaropa Ki1accudukaropa

BIA0CT PMKATOpa (SGDClassifier) (StreamingRFC) (ruBert-base)
(MultinominalNB) g

| | | |
|

ACCURACY, PRECISION, RECALL,F1

Puc. 1. Cxema 0060011IeHHOI'O aJITOPUTMa CUCTEMbI CPAaBHUTEILHOIO aHAIM3a MOJeJIeil KJIacCU(UKATOPOB
Fig. 1. Scheme of the algorithm of the system for comparing classifier models

e o0
. ENC @ TexHuyeckan NoAaepHKa @ YacTo safjaBaeMble BOMpOChI
3AKYTMKU

18 Bce pasgenbi Bakynku KOHTpaKTbl 1 JOroBopbI MnaxupoBarne  Katanor  [lokyMeHTbI Hosoctu

0.
ﬁ MocTaBlKam > E 3akasumkam > Sﬁ'j OpraHam KoHTponst >

Puc. 2. ITopran zakupki.gov.ru
Fig. 2. Portal zakupki.gov.ru

Llukn moBTOpsieTcst A0 TeX Mopa, MoKa Bce MeTaJaHHbIe 3asIBOK 3aKYITOK He OyIyT 3arpy>kKeHbl B 6a3zy
JAHHBIX.

CrpyKrypa json-caiiia 3aKyrnok B 6a3e TaHHbIX MpeJcTaB/eHa Ha pUC. 5.

Ha BTOpOM 3Tamne ocy1ecTBsIeTCs IApCUHT JIOTOB 3a8BOK B 0a3e JaHHBIX U TTIepeBO]I json B csv-dop-
MaT ¢ MCHOJb30BaHMEM CKpHUIITa, HanmucaHHoro Ha Python3, u 3arpyska csv B cuctemy PolyAnalyst.
B pesysabrare mapcuHra json popmupyeTcsi cieayolias CTpyKTypa csv (hbaitia MeTagaHHbIX 3aKYIOK:
id — Homep 3asBKU Ha ftp-cepBepe moprtana zakupki.gov.ru; number — peecTpoOBbIii HOMEp M3Bellle-
HUS;, reg — MECTO MonaBeAcHuUs uToros; publish data — mara myOnmkamum 3asBku Ha moprtaie ENC;
purchaseResponsible — HanMeHOBaHME OpraHU3aINM 3aKa3unKa; maxPrise — MakcuMabHas lieHa KOH-
TpakTa 3akynku; purchaseObjectinfo — nndopmanms o 3akyrnkax; name_purchaseObject — HauMeHO-
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m Beeoute uMa 1 naponb ans cepeepa «ftp.zakupki.gov.ru».

MopgknioveHne: ° Kak roctb
(—y Kak 3apervcTprpoBaHHbIi Mosib3oBaTenb

OTMeHUTD " Mopkniouutbes |

Puc. 3. OxHo rocTeBOrO NOCTyMa K cepBepy ftp://ftp.zakupki.gov.ru
Fig. 3. Guest access window to the ftp://ftp.zakupki.gov.ru server

B free@ftp.zakupkigov.ru

_readme.txt 94fz Tect.ixt customer_verification fes_banks fes_banks_hidden fes_discussion fes_fas

fes_rules fes_se fes SFM offline_rw prevMaonth mp fes_nsi fes_regions

Puc. 4. Iupexropun EWNC Ha cepBepe ftp://ftp.zakupki.gov.ru
Fig. 4. Data directories on the ftp server ftp://ftp.zakupki.gov.ru

BaHUe o0beKTa 3akynok; OKPD2 codes — kog OKITA2; OKPD2 names — HaumeHoBanue OKIT/I2;
OKPD codes — xon OKII[; OKPD_ names — nanmenoBanue OKII/I; KRTU codes — xom KPTY;
KRTU_names — HaumeHoBaHue KPTY.

Crpykrypa csv aiina 3akynok zakupki_all.csv mist 3arpy3ku B cuctemy PolyAnalys pist mocnenyro-
et 06paboTKM U pa3MeTKu (puc. 6).

Ha tpetbem aTarne B cpene Polyanalyst [29] BeimosiHsieTcs 00paboTKa 1 pa3MeTKka faHHbIX. [paduye-
CKO€ TMPeCTaBIeHNE BEIUMCIUTEILHOIO CKPUITA MPEICTAaBIeHO Ha puC. 7.

BbruucinutenbHbI CKPUIIT CONEPKUT CIEIYIOLINE Y3IIbl:

1) y3en npou3BOJHbIC KOJOHKU SUm text — B JaHHOM y3Jie (popMUpPYETCsI HOBOE TT0Jie sum text myrem
00bearHeHUsI TH(GOPMALIMKU U3 CMEXKHBIX MSITU MOJICH:

sum text = [purchaseObjectInfo] + "\n" + [name_purchaseObject] + "\n" + [OKPD2_names] + "\n
"+ [OKPD_names] + "\n" + [KTRU_names];

2) y3en mMonudUKaALMKU KOJOHOK — B JJAHHOM y3/ie UAET MeperuMEHOBAHME T10JIs sum text B mosie
description;

3) y3en CRC — B gaHHOM y3J1e KaxXI0i YHUKAJIBLHOI CTPOKE IIPUCBaNBaeTCsl YHUKAIbHbBII HOMED;

4) y3en o0pabOTKM YHUKAJIBHBIX OMMUCAHUI — B JaHHOM Yy3Jie 1o HomMepaMm CRC ycTpaHsitoTes ay-
OJIMKAaThI 3aITMCel, C TIOMOIIBIO (DUJIBTPA PYCCKOTO SI3bIKA JaHHbIE OT(PUIBTPOBBIBAIOTCS OT JIIOOBIX APY-
I'MX MHOCTPaHHbIX CJIOB, YCTPaHSOTCS opdorpacdruuyeckue OlMOKU U «€» 3aMEHSIETCS] Ha «€»;

5) y3esl o0beAMHEHUSI — B JAHHOM Y3Jjie (DOPMUPYETCSI UCIPABJICHHBINA TEKCT C IPUCBOCHUEM €MY
CRC;

6) y3en puIBTpalliM CTPOK — B TAHHOM Y3JIe YOAISIOTCS IycThie Tolig description, T. €. Te MOJis, B
KOTOPBIX HET ONMCAHUSI 3asIBKU;

7) y3en zakupki_clean.csv — ucrnpaBieHHBIN 1 pa3medeHHbI Kitaccudukaropamu OKITI u OKITI2
TEKCT COXpaHSIETCs B CSV.

Ha yetrBepTOM 3Tare ocyliecTBAsIETCS pa3padoTKa M CpaBHEHUE MOJEJei KjlacCU(PUKATOPOB Ha
sa3bike Python 3. KonnuectBo kinaccoB OKII 2 — 88, T. K. KitaccuguKauus oCylleCTBISIETCS TOJIbKO
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1 123,
s

“currency”
"eode! "RUB™
"name" s Pnttuu{ Kl pybas"

¥,
YmaxPrice: 245@99.1,
"restrictInfo": “we ycrawosnewa",
“financeSource": "cpepgcrea T® OMC KypraWwckoW oBnactu”,
“purchaseObjects”: {

"totalSum": 245099.1,

“purchaseObject™: {

"sum™: 245099.1,

YOKEI": {
“code": 236,
y “nationalCode": "KANM"
'
"OKPD": {
“code": "40.30.10.111",
“name”: "TennoBas IHEPrHA, OTNYWEHHAA TENAOBLMK 3ACKTPOC TAMLHAMA"

h
“name" : "TennocHabxenne" ,
“price': 1287.15,
"quantity™: {
"value": 198.42
}
}

1
“guantityUndefined": false,
“eustomerRequirements”: {
"eustomerRequirement”: {
“customer": {
"reghum®: 2431000024

1
“maxPrice": 245@99.1,
“deliveryTerm": "¢ 01.81.2014r. no 31.12.2814r.",
"deliveryPlace": "Poccwickas ®enepauns, 64080818, Kyprawckaa ofmacte, Kypraw r, Coserckas, 81, = "
}
}

"F\ref": “nttp://zakupki.gov.ruf/epz/forder/notice/epdd/view/common-infe.html?noticeld=123",
T

"url™: :'http:!!zakupki.gou.ru.r‘fepzfarder}nnticefprintforrn..’viw.html?noticela=123"

)
p'Lac mg'uay" : {

"attachments": {
“attachment”: {
"url": "htt f/zakupki.gov. ruHaMfz,-’f:.lestnr&.-’pub'l.lcfl 8/download/priz/file.html?uid=EF3FB4CFE41EOBABER4IACTIIOT25D56E",
"fileName" ol’aocuosanne odt"
"docDescr Lpt ion": "obocHo naHue

}
"docPublishDate": "2014-01-89T09:48:28.348+04: 00",
“purchaseNumber™: 243100002414000428,
"purchaseObjectInfo”: "TennocHabmenwe 3nanuA T® OMC Kyprawcekol ofnacte cosetckas, 81",
"purchaseResponsible®: {
“responsible0rg”: {
"reghum': 2431000024,

"fullName" : PPMTOPHanbHEA $oHn 06A3aTeNbHOro MEMLUMHCKOrD CTPaxXoBaHWA Kyprawckol oénacm
"factAddress “PoccwAckas Gepepauws, 648818, Kyprawckas ofn, Kypraw r, Coserckas, n.81, - ,
"postAddress": "PoccwAckan ®enepauwA, 640018, Kyprawceas oﬁn. Kypraw r, Coserckas, n.81,
.
"responsxblelnfo s
"contactFax": "7-3522-463142",
"contactEMai "ur@ktfoms.orbitel.ru"
'contactPhone '7-3522-413637",
"contactPerson'

"lastName”: "B
"firstName'

“middleName": "lpuropbesmy”

"6rgFactAddress": "PoccwAckan ®enepauws, 640018, Kyprawckaa ofn, Kypraw r, Cosevckas, n.81, -
"orgPostAddress”: "Poccwickan ®enepauws, 640018, Kyprawckaa ofn, Kypraw r, Coservckas, n.81, -

},
“responsibleRole”: “CUY

Puc. 5. CtpykTypa MeTagaHHbIX 3asiBKM B 0a3e JaHHBIX
Fig. 5. Json file of purchases in the database

10 epBoMy ypoBHI0. [IpenodpaboTka TabJMYHBIX pa3MEeUEeHHBIX JaHHBIX zakupki clean.csv ocyiiecTt-
BJISIETCS C MCITOJIb30BaHUEM OubaMoTeku Pandas, 1ieMMmaTr3aiys TeKCTa — ¢ MCTIOJIb30BaHUEM OUOIM -
OTeKHW pymystem3, cepranunzanus 1 necepranusaius oObeKToB (3aMuch, YTEHUE 1 3arpy3Ka J1aMIIOB)
— C MCIIOJIb30BaHUEM MOMYJIs picle, ¢huabTpaius CTON-CA0B ¢ ITIOMOIIbI0 Oubanoreku nltk, ouncrka
TeKCTa OT JIMIITHUX MPOOESOB M 3HAKOB MPEMUHAHUS OCYIIECTBIISIETCS C MTOMOIbIO PETYJISIPHBIX Bbl-
paxeHuit. Moaean MHOTOKJIAcCOBBIX KiaccudukaropoB MultinominalNB (HauBHbBIN OaiiecOBCKMIA
knaccudukarop), SGDClassifier (MammHa onopHbIX BeKTopoB), StreamingRFC (cayuaiiHblii iec), a
takxke TFIDF BektopuzaTtop uMnoptupytorcs u3 ouodauoreku sklearn. Bekropuszarop word hashing
CO3[1aeTCsl Ha OCHOBE TPUTPAMM C MCITOJIb30BaHUEM (DYHKIIMU permutations U3 OUOJIUOTEKH itertools.
Monenb HelipoceTeBoro kiaccudukaTopa Ha ocHoBe ruBert-base ot CoepbdbaHka [29] ¢ TokMHe3aTo-
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B wm x AT H LD RN

Opnosckas onacrs

* 2] d 2] number eg [ publish date  [Ti] purchaseResponsible  [1i] maxPrice = [Ti] purchaseObjectinfo  [Ti] name_purchaseObject [Ti] OKkPD2. Ti] OKkPD2_names [Tt OKPD_cod.
4481, 25,912,884 00,000,000,000  Pecnynuka Kapel 3/30/2021  YIIPABNIEHUE OELEPATIGHOI 10455220 | MocTasia kapTpwmkeii s KapTpupk Q26124 ana o

4481 25,912,902 00,000,000,000 | PecnyGrmka Kapel 3/12/2021  [OCYOAPCTBEHHOE BIOXE  941,078.00 | MOCTaEKa A3 MHTPAOKYS_/IM43a WiTpROKYNAPHER ANA 3

4481 25,912,903 00,000,000,000  Pecnybnuka Kapel 3/12/2021  MYHULMMATIGHOE KASEHHO  1,335,081.60 6naroycrpox 68.10.11.000
4481 25,912,957 00,000,000,000  Pecnytinika Kapel 3/12/2021  AIMMHWCTPALIMA ONOHELIK  837,000.00 MproSpeTenme GnaroyCTpoe YCnyrit o NOKYNKE 1 Mpofax| 68.10.11.000
4481 25,913,087 00,000,000,000 | PecnyGnuka Kapel 3/12/2021 | FOCYIAPCTBEHHOE KA3EHH 34,077.00 | Mocraska xoasiicTenix T Ysmeepcansisie canderkn s | 1392.20.190
4481 25,913,095 00,000,000,000 | Pecnytinka Kapel 3/12/2021  TOCYIAPCTBEHHOE KASEHH  612,040.00  noCTaBKa aTOMOGHIISHOMO  BeH3itH aBTOMOGNEHsIH AV-9

4481 25,913,166 00,000,000,000 | PecnyGnka Kapel 3/12/2021  MYHAUMMATIGHOE KASEHHG  1,339,502.40 naroycrpol 68.10.11.000
4481 25,913,213 00,000,000,000 | Pecnynuka Kapel 3/12/2021  [OCY[APCTBEHHOE KAJEHH  1,880,000.00 | NOCTaEKa CBTORGIO W 38y MeTausii MAKDOGOH Cry/ul 26.40.41.000 26.40.
4481 25,913,244 00,000,000,000 | PecnyGnmka Kapel 3/12/2021  [OCYOAPCTBEHHOE BIOXE  1,511,973.60 | MoCTaska Kcpecc-Tecros| HaGop pearenTos AnA miMyHC 2120.23.11
4481 25,913,252 00,000,000,000 | Pecnynka Kapel 3/12/2021  MYHULMMATIGHOE KASEHHO  1,719,691.20 6naroycrpox 68.10.11.000
4481 25,913,350 00,000,000,000 | Pecnyinuka Kapel 3/12/2021 MYHWUMIATIBHOE KASEHHG  1,976,097.60 | MprobipeTenme 6naroycTpos. AsyxxomHaTas Gnaroycrpoer 68.10.11.000
4481 25,913,425 00,000,000,000 | Pecny6ruka Kapel 3/12/2021  MYHULMMATIGHOE KASEHHO  1,989,360.00 6naroycrpox 68.10.11.000
4481 25,913,491 00,000,000,000 | Pecny6ruka Kapes 3/12/2021 MYHWUMTATIBHOE KAGEHHO  2,528,697.60 | MpAoGipeTenie 6naroycTpos TpexkomaTHas 6/aroycTpoen 68.10.11.000
4481 1,407,288 00,000,000,000 | Opnosckas o6nac 7/1/2014 | ApwnucTpaums Opnoscxoro 1,133,543.48 Y00 oM wnoe nom 70.12.11.000 | Yenyru no nokyne u n

Sanves N 4 4481472 b M m35668,414

Dasmuie | Cratucruca | Viukaneisio aanicn

[T okPD_nam...
28.23.25.000 28.23. Yact u npusaAnexs:

T KTRU_cod

32.50.13.120-00327 /w3 wHTpacKynsg
Yeayr no nokynke 1
Yanyr no nokynke 1
Viagenan TexcTubHy
19.20.21.125-00001 BeHuH asTomoGMnE
Yeayr no nokynke 1
MukpOGOHS! M NoACT
Npenaparsi Avartoc
Yeayr no nokynke 1
Yenyr no nokynke 1
Yeayr no nokynke 1
Yenyr no nokynke 1

Puc. 6. Ctpykrypa csv (aiina 3akymnok (zakupki all.csv) B PolyAnalyst

Fig. 6. csv-file (zakupki all.csv) in PolyAnalyst

2a

h 4

zakupki_clean.csv

Ob6paboTka
YHAKANbHbIX
/ onucaHmi \
) ,E:’la ¥
zakupki_all.csv MpoussoaHbIe Moaudukauma CRC ObbeguHeHne DUNLTPaLUMA CTPOK
KONOHKM KONOHOK not
sum_text isnull([description])
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Puc. 7. BeramcimTenbHbBIN CKpUNT 00paboTKM JaHHBIX B PolyAnalyst

Fig. 7. Data processing script in PolyAnalyst

classiﬁer nb tfidf

Train [ ] Accuracy = 54.99%, Precision = 46.71%, Recall = 41.61%,

100%|—| 459/459 [00:30<00:00, 15.00it/s]

Val [1 / 5] Accuracy = 42.21%, Precision = 40.54%, Recall =

100% | [ 51/51 [00:01<00:00, 38.40it/s]

Train [2 / 5] Accuracy = 54.34%, Precision = 47.06%, Recall = 48.03%,

100%|—| 459/459 [00:30<00:00, 15.22it/s]

Val [2 / 5] Accuracy = 40.58%, Precision = 40.53%, Recall = 35.63%,

100%| GGG 51/51 [00:01<00:00, 39.04it/s]

Train [3 / 5] Accuracy = 53.68%, Precision = 46.12%, Recall = 49.75%,

100% |G 259/459 [00:30<00:00, 15.26it/s]

Val [3 / 5] Accuracy = 39.94%, Precision = 40.07%, Recall = 35.77%,

100%| G 51/51 [00:01<00:00, 39.16it/s]

35.26%,

Val [4 / 5] Accuracy = 39.63%, Precision = 40.11%, Recall = 35.95%,

100%| G 51/51 [00:01<00:00, 38.87it/s]

Train [5 / 5] Accuracy = 53.03%, Precision = 45.45%, Recall = 50.88%,

100%|—| 459/459 [00:29<00:00, 15.34it/s]

Val [5 / 5] Accuracy = 39.53%, Precision = 39.80%, Recall = 35.99%,

100% 51/51 [00:01<00:00, 38.83it/s]

Train [4 / 5] Accuracy = 53.28%, Precision = 45.68%, Recall = 50.49%, F1 = 41.75%:
100%| | 459/459 [00:30<00:00, 15.28it/s]

Fl1 = 39.64%:
F1 = 33.24%:
Fl1 = 42.33%:
F1 = 32.76%:
F1 = 42.08%:

F1 = 32.42%:

F1 = 32.25%:

Fl1 = 41.55%:

F1 = 32.00%:

Puc. 8. Xapakrepuctuku moaenu MultinominalNB ¢ TFIDF
Fig. 8. Characteristics of the MultinomialNB model with TFIDF

T KTRU_names

26.40.31.190-00000 Liucbposoii mukuwept
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classifier nb hashing

Train

in [1 /5] Accuracy = 55. ision = 45.
100%o| | 459/459 [00:59<00:00, 7.78it/s]

Val [1 /5] Accuracy = 46.62%, Precision = 41.17%, Recall = 40.32%, F1 = 38.17%:

100% |G 51/51 [00:02<00:00, 20.86it/s]

Train [2 / 5] Accuracy = 54.65%, Precision = 43.96%, Recall = 51.24%, F1 = 44.29%:
100%|—\ 459/459 [00:59<00:00, 7.74it/s]

Val [2 / 5] Accuracy = 45. 76% Precision = 40.29%, Recall = 41.37%, F1 = 37.84%:
100% GG 51/51 [00:02<00:00, 20.99it/s]

Train [3 / 5] Accuracy = 54. 14%, Precision = 42.88%, Recall = 52.18%, F1 = 43.55%:
100%|—\ 459/459 [00:59<00:00, 7.77it/s]

Val [3 / 5] Accuracy = 45. 36% Precision = 39.75%, Recall = 41.69%, F1 = 37.44%:
100% |GGG 51/51 [00:02<00:00, 21.01it/s]

Train [4 / 5] Accuracy = 53. 87%, Precision = 42.34%, Recall = 52.58%, F1 = 43.07%:
100%|—\ 459/459 [00:59<00:00, 7.74it/s]

Val [4 / 5] Accuracy = 45. 15% Precision = 39.51%, Recall = 41.84%, F1 = 37.23%:
100%|—\ 51/51 [00:02<00:00, 20.96it/s]

Train [5 / 5] Accuracy = 53. 71%, Precision = 42.03%, Recall = 52.59%, F1 = 42.72%:

100% G 259/459 [00:59<00:00, 7.72it/s]

Val [5 / 5] Accuracy = 45. 04% Precision = 39.58%, Recall = 42.08%, F1 = 37.21%:

100% | G 51/51 [00:02<00:00, 20.95it/s]

= 55.88%0, Precision = 45.33%, Recall = 45.08%, F1 = 42.44%:

Puc. 9. Xapakrepuctuku mogenmu MultinominalNB ¢ word hashing
Fig. 9. Characteristics of the MultinomialNB model with word hashing

classifier svm tfidf

Train [l / 5] Accuracy = 12.04%, Precision = 15.04%, Recall = 4.35%, F1 = 4.62%:

100% |G 259/459 [00:58<00:00, 7.85it/s]

Val [1 / 5] Accuracy = 8.40%, Precision = 10.94%, Recall = 3.44%, F1 = 3.20%:

100% G 51/51 [00:01<00:00, 40.53it/s]

Val [2 / 5] Accurac
100%]|

Train [3 / 5]

100%|—| 459/459 [00:44<00:00, 10.26it/s]

| $1/51 [00:01<00:00, 40.88it/s]

Val [3 / 5] Accuracy = 941% Precision = 12.26%, Recall = 3.84%, F1 = 3.64%:

100% G 51/51 [00:01<00:00, 41.76it/s]

Train [4 / 5]

100%|—| 459/459 [00:45<00:00, 10.10it/s]

Val [4 / 5] Accuracy = 824% Precision = 11.10%, Recall = 3.20%, F1 = 2.90%:

100% NG 51/51 [00:01<00:00, 41.74it/s]

Train [5 / 5]

100%|_| 459/459 [00:44<00:00, 10.37it/s]

Val [5 / 5] Accuracy = 969%_ Precision = 13.07%, Recall = 3.72%, F1 = 4.04%:

100% | GG 51/51 [00:01<00:00, 41.85it/s]

Train |2 / 5] Accuracy = 12.07%, Precision = 15.88%, Recall = 4.35%, F1 = 4.64%:
100%| | 459/459 [00:45<00:00, 10.12it/s]

= 10.16%, Precision = 12.78%, Recall = 4.06%, F1 = 4.33%:

] Accuracy = 11.95%, Precision = 14.97%, Recall = 4.31%, F1 = 4.59%:
Accuracy = ll 99%, Precision = 15.00%, Recall = 4.30%, F1 = 4.58%:

Accuracy = 12 13%, Precision = 15.13%, Recall = 4.40%, F1 = 4.69%:

Puc. 10. Xapakrepuctuku moaenu SGDClassifier c TFIDF
Fig. 10. Characteristics of the SGDClassifier model with TFIDF
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classifier svm hashing

Train [1 / 5] Accuracy = 34.95%, Precision = 23.10%, Recall = 14.24%, F1 = 13.95%:

100%\—| 459/459 [01:55<00:00, 3.97it/s]

Val [1 / 5] Accuracy = 31. 21%_ Precision = 22.82%, Recall = 12.13%, F1 = 12.02%:

100% [ NG 51/51 [00:03<00:00, 15.82it/s]

Train [2 / 5] Accuracy = 40.38%, Precision = 26.75%, Recall = 14.49%, F1 = 14.98%:
100%| | 459/459 [01:46<00:00, 4.30it/s]

Val [2 / 5] Accuracy = 31.37%, Precision = 22.19%, Recall = 11.33%, F1 = 10.92%:

100%| GG 5151 [00:02<00:00, 20.84it/s]

Train [3 / 5] Accuracy = 39. 87%, Precision = 27.21%, Recall = 13.46%, F1 = 14.08%:

100%\_| 459/459 [01:49<00:00, 4.21it/s]

Val [3 /5] Accuracy = 34. 79%, Precision = 22.79%, Recall = 11.75%, F1 = 11.36%:
100%| | 51/51 [00:02<00:00, 20.95it/s]

Train [4 / 5] Accuracy = 39.02%, Precision = 27.41%, Recall = 12.74%, F1 = 13.44%:

100%\—| 459/459 [01:51<00:00, 4.13it/s]

Val [4 ] Accuracy = 30. 07% Precision = 23.37%, Recall = 10.48%, F1 = 10.55%:

100%\—| 51/51 [00:02<00:00, 20.85it/s]

Train [5 /5] Accuracy = 38. 12%, Precision = 27.31%, Recall = 12.17%, F1 = 12.91%:

100%\—| 459/459 [01:50<00:00, 4.15it/s]

Val [5/ 5] Accuracy = 30.44%, Precnswn 22.98%, Recall = 10.32%, F1 = 10.31%:

100% | NG 51/51 [00:02<00:00, 21.12it/s]

Puc. 11. Xapakrepuctuku monenu SGDClassifier ¢ word hashing
Fig. 11. Characteristics of the SGDClassifier model with word hashing

classifier rf thidf

Train [1 / 5] Accuracy = 1.09%, Precision = 0.15%, Recall = 1.49%, F1 = 0.19%:

100%\_\ 459/459 [2:56:29<00:00, 23.07s/it]

Val [1 / 5] Accuracy = 122%, Precision = 0.23%, Recall = 1.48%, F1 = 0.24%:

100%\—\ 51/51 [38:14<00:00, 44.99s/it]

Train [2 / 5] Accuracy = 1.08%, Precision = 0.15%, Recall = 1.49%, F1 = 0.19%:

100%\—\ 459/459 [8:34:57<00:00, 67.31s/it]

Val [2 / 5] Accuracy = 1.10%, Precision = 0.21%, Recall = 1.45%, F1 = 0.22%:

100% |G 51/51 [1:17:48<00:00, 91.54s/it]

Train [3 / 5] Accuracy = 1.10%, Precision = 0.18%, Recall = 1.50%, F1 = 0.21%:

100% G 459459 [10:34:42<00:00, 43.07s/it]

Val [3 / 5] Accuracy = 1.23%, Precision = (0.25%, Recall = 1.50%, F1 = 0.26%:

100% |G 5151 [2:58:33<00:00, 34.995/it]

Train 4 / 5] Accuracy = 1.09%, Precision = 0.15%, Recall

100%\—\ 459/459 [14:21:37<00:00, 27.31s/it]

Val [4 / 5] Accuracy = 111%, Precision = (.24%, Recall

100% G 51/51 [4:32:11<00:00, 61.54s/it]

Train 5 / 5] Accuracy = 1.11%, Precision = 0.21%, Recall
100% |GGG 459/459 [18:55:12<00:00, 47.31s/it]

Val [S / 5] Accuracy = 1.13%, Precision = 0.28%, Recall = 1.51%, F1 = 0.27%:
IOO%H

51/51 [6:32:11<00:00, 44.32s/it]

1.49%, F1 = 0.19%:

1.48%, F1 = 0.24%:

1.54%, F1 = 0.23%:

Puc. 12. Xapakrepuctuxku monenu StreamingRFC ¢ TFIDF
Fig. 12. Characteristics of the StreamingRFC model with TFIDF
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classifier rf hashing
Train [1 / 5] Accuracy = 1.11%, Precision = 0.12%, Recall = 1.47%, Fl

100%|—| 459/459 [4:01:31<00:00, 31.57s/it]

Val [1 / 5] Accuracy = 1.15%, Precision = 0.19%, Recall = 1.53%, F1 = 0.23%:

100%| G 5151 [53:37<00:00, 63.09s/it]

Train [2 /5] Accuracy = 1.12%, Precision = 0.12%, Recall = 1.48%, F1 = 0.18%:

100%|_| 459/459 [12:02:32<00:00, 94.455/it]
Val [2 / 5] Accuracy = 1.12%, Precision = 0.18%, Recall = 1.50%, F1 = 0.22%:

100%| G 51/51 [1:48:05<00:00, 127.18s/it]

Train [3 / 5] Accuracy = 1.12%, Precision = 0.14%, Recall = 1.50%, Fl

100% |G 259/459 [23:32:26<00:00, 27.44s/it]
Val [3 / 5] Accuracy = 1.17%, Precision = 0.22%, Recall = 1.64%, F1 = 0.33%:

100% |GG 5151 [2:35:13<00:00, 73.22s/it]

Train [4 / 5] Accuracy = 1.12%, Precision = 0.12%, Recall = 1.48%, F1 = 0.18%:

100% |G 259/459 [1:16:29:32<00:00, 65.48s/it]
Val [4 / 5] Accuracy = 1.16%, Precision = 0.24%, Recall = 1.58%, F1 = 0.24%:

100% G 5151 [1:48:05<00:00, 127.18s/it]

Train [S / 5] Accuracy = 1.14%, Precision = 0.18%, Recall = 1.61%, F1 = 0.31%:
100% |GGG 259/459 [2:11:55:18<00:00, 72.48s/it]

Val [S /5] Accuracy = 1.18%, Precision = 0.32%, Recall = 1.88%, F1 = 0.30%:
100%]| | 51/51 [3:21:43<00:00, 87.28s/it]

Puc. 13. Xapakrepuctuku monenn StreamingRFC ¢ word hashing
Fig. 13. Characteristics of the StreamingRFC model with word hashing

0.17%:

0.21%:

poM BertTokenizer umnopTtupyercst u3 6ubamoreku transformers. B kauecTBe MeTpUK KayecTBa Kjac-
cudukaTopoB ucIoab3yoTcs Accuracy, Recall, Precision u mepa F1. KonnuecTBo a3mox o0ydeHus ajist
Kaxnoro kjaccugukaropa — 10.

PesynbraThl 00yueHust Mmoaeneii kiiaccugukaropos MultinominalNB, SGDClassifier, StreamingRFC,
¢ BekropusaTtopamu TFIDF u word hashing Ha misgTi 3moxax ¢ yKa3aHHBIMM METPUKaMM Ka4ecTBa IIpe/-
craBiyieHbl Ha puc. 8—13. MapkepoM u IpuTOM BbIIeJIEHBI JIydlliMe 3HaUeHUs Ha TpeliHe 1 Bauaalnu.

Jlyuiime MeTpuku oOydyeHUsT HelipoceTeBoi Mojenn KiaccudrkaTopa Ha ocHOBe ruBert-base cooTt-
BETCTBYIOT CEIbMOI 3T10X€, OHU MpPeACTaBIeHbl Ha puc. 14—17.

Jlyuieit cpeau 4yeThIpéX MpeAcTaBIEHHBIX Bbillle Mojeieil Kiaccu(uKaTopoB okaszajgach MOJENIb
Knaccudukaropa ruBert-base. B cpaBHeHUM ¢ MoAesbio KjlaccuguKaTopa Ha OCHOBE HaMBHOTO Oalieca
¢ BekTopu3aropoM word hashing Ha BanuaalimoHHON BeIOOpPKe (CM. Tabj. 1), oHa mokas3aja pe3yJIbTaThl
B cpeaHeM Ha 15 % BrIIIIe.

Tabnuna 1
CpaBuenne MultinominalNB + word hashing c ruBert-base
Table 1
Comparison of MultinominalNB + word hashing with ruBert-base
Accuracy Precision Recall F1
) ) ) Train 0.5588 0.4553 0.4508 0.4244
MultinominalNB ¢ word hashing
Val 0.4662 0.4117 0.4032 0.3817
Train 1 1 1 1
ruBert-base
Val 0.7141 0.5802 0.5815 0.5760
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T
Accuracy
09
08
07 | |
06
0 5k 10k 15k 20k 25k 30k 35k 40k 45k 50k
Name Smoothed Value Step Time Relative
train 0.9629 1 45.66k SunDec 12,13:37:.01 3h 33m 56s
O val 0.7169 0.7141 4471k SunDec 12,13:32:44 2h 55m 18s

Puc. 14. MeTtpuka Accuracy Mmonenn Kjiaccudukaropa ruBert-base
Fig. 14. Accuracy metric of ruBert-base classifier model

Precision

0.9

0.85

0.8

0.75

0.7

0.65

06

0.55

0.5

0.45

0.4 l

Name Smoothed Value Step Time Relative

train 0.936 1 4566k SunDec 12,13:37:01 3h 33m 56s
O val 0.5836 0.5802 44.71k SunDec 12,13:32:44 2h 55m 18s

Puc. 15. Metpuka Precision monenu kiraccudukaropa ruBert-base
Fig. 15. The Precision metric of the ruBert-base classifier model
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Recall
0.9
0.85
0.8
0.75

0.7

0.65

0.6

0.55

0.5+

0.45

0.4

Name Smoothed Value Step Time Relative

train 0.9447 1 45.66k Sun Dec 12,13:37:01 3h 33m 56s
O val 0.5854 0.5815 44.71k Sun Dec 12,13:32:44 2h 55m 18s

Puc. 16. Merpuka Recall monenu kinaccugukaropa ruBert-base
Fig. 16. Recall metric of ruBert-base classifier model

F1
0.9

0.85
0.8
0.75
0.7
0.65

0.6

0.5

0.45

0.4

Smoothed Value Step Time Relative

0.9384 1 45.66k Sun Dec 12,13:37:01 3h 33m 56s
0.5802 0.5766 44.71k SunDec 12,13:32:44 2h 55m 18s

Puc. 17. Metpuka F1 monenu kimaccudukaropa ruBert-base
Fig. 17. F1 metric of ruBert-base classifier model
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Xyaiye pe3yabraThl KiaacCupUKalUU TToKa3aad ajJrOpUTM CIIyd4ailHOro Jieca, OCHOBHbBIE METPUKU
KavecTBa He MpeBbIcIn 1 %. DTO MOXKHO OOBSICHUTDL TEM, UTO TIPU PEIICHUM 3aJa4 MHOTOKJIACCOBOM
KjaccuUKaluu ¢ O0JbIIMM KOJIMYECTBOM KJIACCOB 1 00yuaroleil BbIOOPKON ClydyaitHbIN JieC UCITOb-
3yeT MHOXKECTBO JEPEeBbEB: KaXXIOMY JACPEBY B JieCcy MepelaroTcsl OAHU U Te XK€ BXOAHBIC TaHHbIe, HA
OCHOBaHUU KOTOPBIX OHO TOJKHO BEPHYTh CBOE Npelcka3aHue. [locie yero Takxke nporMcxXoauT rojio-
COBaHME Ha MOJyYeHHbIX TPOrHo3ax. Bech aTOT mpoliecc 3aHUMaeT MHOTO BpeMeHHU. [Ipouecc paznene-
HUSI KJIACCOB MOBTOPSIETCSI ¢ MCMOJIb30BAHUEM «KaTHOM», PEKYPCUBHOI TMPOLIEAYPHI, TTOKA IePEBO HE
JIOCTUTHET MaKCUMaJIbHOU ITyOUHBI, WJIU B KaXIOM y3Ji€ HE OCTAaHYTCS TOJbKO 00pa31ibl OHOTO KJjacca.
BripanyBaHue nepeBbeB TaKOW pa3MepHOCTH 3aTpaTHas Mpolieaypa Kak 1o BpeMeHHU, TaK U MO BbIYKC-
JIMTEJIbHOM MOIITHOCTHU. YTO MOATBEPAUIIOCH B X0/I¢ 00YYeHMSI: YK€ Ha BTOPOI 3ITOXE aJITOPUTM ClIydaii-
HOTO Jieca ¢ BeKTropuzaTopoM word hashing 3aTpatui Ha o0yyeHue Oosiee 12 yacos.

TectupoBaHue K1accuUKaTOPOB B peXXUMeE MTpeicKa3blBaHUS Kilacca 3asiBKUM B COOTBETCTBUU C Tep-
BbIM ypoBHeM Kjaccudukaropa OKII/I2 (cM. Tabu. 2) mokasano, 4yTo Jydllinue pe3yabTaThl MPOJEMOH-
CTpMpPOBAJIM HAUBHBIN OaliecoBcKMii KiaccugukaTop u ruBert-base.

Tab6nauua 2
Pe3yasTarsl TecTHpOBaHusA KiaccuHUKaTOPOB B peKuMe NMpeAcKasbiBaHus Koaa 3assku u3 OKITI2
Table 2
Results of testing classifiers in the order code prediction mode from OKPD2

SVM MultinominalNB | StreamingRFC | "Bert- | OKIIA

TexeT base 2
TFIDF | W-hash | TFIDF | W-hash | TFIDF | W-hash
Texymmii peMOHT MOMEIIeHU 27 45 41 43 49 49 43 43
IlocTaBka necka 28 14 3 8 49 62 3 3
U TpaBUs TPUPOTHOTO
3aKyIka rnepCcoHaabHbIX 7 14 % % 49 49 2% 2%
KOMITbIOTEPOB
32,21,
3aKyrnka MeIULIMHCKHIX MacOK 32 13 14 32 49 80 14

a4

Ha okazanue yciayr
aBTOMOWKM JIJIST aBTOMOOMIIEHA
®DenepabHOro GIOIKETHOTO
YUpeKAeHMUSI 3IpaBOOXpaHe- 74 71 20 45 62 80 45 45
Hus «LleHTp rurueHsl
U STUJIEMUOJIOTUY
B KamuaTckom kpae»

Takum 00pa3oM, Ha OCHOBE CPaBHUTEJbHOTO aHaaM3a OMpeAesieHO, UTO IJIsI PeKOMEHIaTebHOMI
CHCTEMBI I0 IpeacKazaHuio KoaoB KiaccudukaTopa OKII 2 ro TekcTy 3asiBKU liejiecoodpa3Hee 1cC-
TOJTh30BaTh MOJIET MHOTOKJIACCOBOM KiTacCM(PUKAIINM Ha OCHOBE HAMBHOTO 0aiieCOBCKOTO aJropuTMa
¢ BekTopuzaTopoM word hashing u HeiipoceTeByo Mozaenb ruBert-base.

BriBoapl

OcyiuecTBieHa pa3padboTka U MPOBEACHO CPABHEHUE MOJIENIei MHOTOKJIACCOBBIX KlacCU(PUKaTOPOB
JUTSI TIOCTPOCHUSI pEKOMEHAATEIbHOM CHUCTEMBbI, MCIIOIb3yeMO MPU MOArOTOBKE 3asBOK Ha IMopTasie
EWC B cepe 3akymnoxk https://zakupki.gov.ru/. Moaenn Kiiaccu@puKaTtopoB 00yJallCh Ha JAHHBIX, CO-
opaHHbIX ¢ mopTtana EMC.

B xome cpaBHMUTEIBLHOIO aHaJIM3a XOPOIIUE PE3YJbTaThl MPOAEMOHCTPUPOBATIU MOJEIb HAUBHOIO
baiiecoBcKoro Kiaccupukaropa ¢ Bekropuszaropom word hashing n monens ruBert-base. MeTpuku Ka-
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YyecTBa Ha MOZIEJIM HAMBHOTO 0alieCOBCKOTO Kilaccu(puKaTopa Ha BaIuIallMOHHON BEIOOPKE COCTAaBUIIN:
accuracy = 0.4662, precision = 0.4117, recall = 0.4032, F1 = 0.3817. MeTtpuku Ha Mozxenu ruBert-base
coctaBwim: accuracy = 0.7141, precision = 0.5802, recall = 0.5817, F1 = 0.5760. B pe3ynbrate TecTH-
poBaHUs KjaccudUKaTOPOB B peXXMMe Ipencka3biBaHus Kona 3asiBku M3 OKII/ 2 Ha Habope U3 nsatu
MIPUMEPOB KiIaccu(pUKATOp Ha OCHOBE HAMBHOTIO Oalieca ¢ BeKTopuzaTopoM word hashing orpabdoran 6e3
omnoboK, Kiaccugukarop ruBert-base Ha yeTBepTOM IIprUMepe oNpeaesinI Kiacc HeTouHo. Mcxonst us
pe3y/IbTaTOB CPAaBHUTEJBHOTO aHAJIN3a, JaHHbIE ABE MOAEIM KJIacCU(PUKATOPOB TMpeasiaraeTcst UCIob-
30BaTh [JIs1 IOCTPOCHUS peKOMEHAATEIbHOI CUCTEMBI.

B nanbHeiilem ruiaHUpyeTcsl pacCMOTPETh LIIMPOKUIA KJlacC HEMpoceTeBbIX MoJiesieii TpaHchopMep-
HOI apXUTeKTYyphl, Takue Kak gpt [30], gpt-2 [31], gpt-3 [32], roBert [33], megatronBert [34] u np. Takke
IUTAaHUPYETCS peaan30BaTh Bce ypoBHU KinaccudukaTopa OKITI2.

[TomoGHbBIE TTOAXObI MO3BOJISIT PACIIMPUTh (DYHKIIUHN CYIIECTBYIOIINX 3JI€KTPOHHBIX TOPTOBBIX MJIO-
LIAZ0K B YaCTH Pa3BUTHS IIMPOKOTO Kilacca peKOMEHIATeIbHBIX CEPBUCOB |35, 36] 11 MHTEUIEKTYyallb-
HOTO aHaJIM3a TEHACPHOM JOKYMEHTAIIUM B chepe 3aKyIOK.
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