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Abstract

This article analyzes the institution of jurisdiction in international law, examining its types, principles,
and contemporary challenges arising from globalization and digitalization. Special attention is paid
to jurisdictional conflicts, issues of extraterritorial application of law, as well as the practice of international
courts and arbitration. Examples of dispute resolution related to cross-border legal conflicts are considered,
and directions for improving international legal regulation in this area are proposed.

Keywords: jurisdiction, international law, extraterritoriality, jurisdictional conflicts, international courts,
cross-border disputes.

Introduction

Jurisdiction is a fundamental institution of international law that determines the competence of a state
to apply its law and administer justice concerning persons, objects, and legal relations. In the context
of rapid globalization, technological development, and the complexity of international relations, issues
of jurisdiction have become particularly relevant.

Modern challenges include the expansion of extraterritorial application of national laws, conflicts
between jurisdictions of different states, and new forms of international cooperation in law enforcement
activities.

Concept and Types of Jurisdiction in International Law

Jurisdiction refers to a state’s authority to make legal decisions and enforce them within its territory
and beyond. Traditionally, three main types of jurisdiction are distinguished:

Legislative jurisdiction — the right to enact legal norms effective within a certain territory or regarding
certain persons.

Executive jurisdiction — the right to enforce laws, including arrest and punishment of offenders.
Adjudicative jurisdiction — the right to hear and resolve disputes and issue judicial decisions.

International law recognizes these types but limits their application in cross-border situations
to prevent conflicts and abuses.

Principles of Jurisdiction

Key principles regulating jurisdiction in international law include:
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Territorial principle: a state has full sovereignty and jurisdiction within its territory.
Nationality principle: the right to apply jurisdiction over its nationals regardless of their location.

Protective principle: the ability to exercise jurisdiction to protect national interests from threats
originating abroad.

Universal jurisdiction principle: the right to prosecute certain crimes (e.g., piracy, genocide)
regardless of the place of commission or nationality of the suspect.

Consent principle: jurisdiction may be exercised based on the voluntary consent of the parties (e.g.,
in international arbitration).

Modern Challenges in the Field of Jurisdiction
Jurisdictional Conflicts and Their Resolution

In contemporary conditions, jurisdictional conflicts are increasingly frequent due to the expansion
of cross-border activities by individuals and legal entities, digitalization, and the internet. Examples include
disputes over applicable law in electronic contracts, transnational criminal cases, and personal data
protection.

International treaties and agreements, such as the Hague Conventions, as well as the practice
of international courts and arbitration, aim to minimize such conflicts by establishing priorities and
coordinating jurisdictional claims.

Extraterritorial Application of Law

One of the most acute issues is the expansion of extraterritorial jurisdiction, where states apply their
laws to actions and persons beyond their territory. Examples include US sanctions against foreign
companies and the European Union’s GDPR regulating data of EU citizens regardless of processing
location.

This raises disputes over sovereignty violations and the need to develop international norms
regulating the permissibility of such measures.

Jurisdiction in Cyberspace

The internet and digital technologies create unique jurisdictional complexities, as actions online can
have consequences in dozens of countries simultaneously. Determining the competent court, applicable
law, and enforcement of decisions becomes a serious challenge for international law.

Practice of International Courts and Arbitration

International courts, including the International Court of Justice, the International Criminal Court, and
international arbitration tribunals, play a key role in resolving jurisdictional disputes. Their practice
contributes to precedent development and the formation of international law norms.

For example, the “Nicaragua v. United States” case at the International Court of Justice addressed
issues of extraterritorial jurisdiction and intervention. Arbitration decisions in investment disputes are often
based on party consent and the principle of consent.

Prospects for the Development of International Legal Regulation of Jurisdiction
Effective resolution of modern challenges requires:

Development of universal standards regulating jurisdiction in the digital environment.
Strengthening mechanisms of international cooperation in combating cross-border crime.

Balancing national sovereignty and the need for a global legal order.
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International organizations and treaty mechanisms must play a leading role in these processes.
Conclusion

In the contemporary world, issues of jurisdiction are becoming increasingly significant due
to globalization, the advancement of digital technologies, and the growing complexity of international
relations. Jurisdiction, as a fundamental institution of international law, defines the limits of state
sovereignty and their authority to apply national legislation to individuals, legal entities, and cross-border
legal relations. However, rapid technological progress, the extraterritorial application of laws, and the rise
of conflicts between different legal systems pose serious challenges to international legal regulation.

Traditional principles of jurisdiction—such as territoriality, nationality, protective, and universal
jurisdiction—remain the foundation for determining state competence. Yet, their application in the digital
age requires re-evaluation and adaptation. The regulation of cyberspace presents particular difficulties,
as online activities can simultaneously impact multiple jurisdictions, leading to legal conflicts. Moreover, the
increasing use of extraterritorial legal mechanisms—including sanctions and data protection regulations—
often sparks disputes over sovereignty violations and underscores the need for clear international
standards.

International courts and arbitration bodies play a crucial role in resolving jurisdictional disputes,
contributing to the development of case law and unified legal approaches. However, effective regulation
of cross-border relations demands further advancement of multilateral agreements, such as the Hague
Conventions, as well as enhanced international cooperation in combating transnational crime, protecting
personal data, and governing the digital economy.

In conclusion, jurisdiction remains a dynamically evolving field of international law that demands
continuous analysis and adaptation to emerging challenges. Further refinement of legal frameworks, the
strengthening of international institutions, and the promotion of interstate cooperation are essential for
ensuring fair and effective regulation of cross-border relations in today’s multipolar world.
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Legal Tech: >)KaH MapTupocsiH 0 TOM, KaK TeXHONOrMn MEHSAIOT
IO pUANYECcKYo oTpachb

XKaH MapTtupocsH
IOpunanyeckuin meHepxep n cneunanuct LegalTech,
Poccus, r. Mocksa

AHHOTaUmns:

B crarbe paccmatpuBaroTCs K/H0HEBbIe U3MEHEHNS, KOTOPbIE MNPOUCXOAST B HOPUANYECKONU oTpaciu
rnog BAUSIHWEM LNGPPOBLIX TexHonorui. AHanusupyercs passutne HarpasneHus Legal Tech,
OXBarbIBAlOLEro aBToMaTU3aumo  [OKYyMeHToobopoTa, PUMEHEHNE WCKYCCTBEHHOrO WHTENNeKTa,
ucrnonb3oBaHue bnokyeriHa n poct kunbepbesonacHoctn. Ocoboe BHUMaHWe yoeneHo TpaHcghopmaumm
npogheccroHanbHbIX pPoneni B ropuandeckor cgpbepe, B yacTtHoctu nosisneHuto Product Manageros,
COEONHSIIOWMNX OPUANYECKYD U TexHudeckyro akcneptndy. [lokaszaHo, kak Legal Tech nosbiwaer
3CPEKTUBHOCTL  OPUANYECKMX yCnyr, Aenaer ux 6o/1ee [OCTYNHbIMU U GQOOPMUPYET HOBOE /L0
rnpogbeccum.

KnrouyeBble cnoBa:
Legal Tech, umgppoBu3aums, NCKYCCTBEHHbII UHTENIEKT, HOPUONYECKNE TEeXHOMOrUW, CMapT-KOHTPAKTAbI,
LOKyMeHTo0b60poT, 6/10k4YeViH, kubepbe3onacHoCTb, aBTOMaru3aunsi, MPOAYKTOBbII MEHeLnXMEHT,
ropuandeckas npakTuka, npaBoBble MHHOBAaLMW, TPaHCGhopMaLms NPOGeCccUm, oPUANYECKNI PbIHOK

OpucnpyaeHuUns TpaamMUMOHHO cYMTanacb OOHOM M3 CaMbiX KOHCEPBATUBHbLIX CREP, FAe KKYEBbIMU
goakTopaMmu ycnexa BbICTynanu onbiT topucta, rnybokoe 3HaHWe 3aKoHOoJAaTeNbCTBa W HaBblkyu paboTol
C pokymeHTamu. OpHako B nocnegHne rofbl OTpacib CTPEMUTENBHO MEHSeTCs Nnoh BAUSIHUEM
undgoposusaumm. Ha ctoike npasa U MHAPOPMALMOHHBLIX TEXHONOMMA BO3HWKNO HOBOE HanpaBieHue —
Legal Tech (opmanuyeckme TEXHONOrMK), KOTOPOE HaNpaBfeHO Ha ONTMMM3AuuIo M aBToOMaTM3auuio
IOpPMAMYECKUX NPOLLECCOB.

AktyanbHocTb Legal Tech cerooHs ouyeBmoHa. COBPEMEHHbIE PeWweHns MO3BONAKT CYLWECTBEHHO
COKpaTUTb BPEMEHHbIE U UMHAHCOBbIE 3aTpaTtbl Kak [Ons PUCTOB, Tak W AN WX KIWMEHTOB.
ABTOMATU3aUMA PYTUHHbIX 3adad, BKIOYas MOArOTOBKY TWMOBbLIX OOKYMEHTOB WM aHanuad cynebHoi
NpakTUKN, HE TOMbKO YyckopsieT paboTy, HO M CHMXAeT BAUSIHME YENOBEYECKOro goakTopa, MoBblwas
TOoYHOoCTb. Kpome TOro, umdposble nnatdopMbl, 4aT-60Tbl U OHNAlH-CEpPBUCHI OenaloT lopuanyeckne
ycnyru 6onee DOCTYMHLIMK OS1 WMPOKOWA ayanTopun.

Legal Tech yxe 6onbwe 4em NPOCTO YAOOHbIA MHCTPYMEHT — 3T0 pakTop OyHOAMEHTaNbHOW
TpaHcopmauun Bcel otpacnu. B nepuon ¢ 2019 no 2023 ron pblHOK OPUANYECKUX TEXHOMOMUIA
DeMoHCTpupoBan ctabunbHblii poct co cpenHeronosbiM TemnoM (CAGR) 7,1%. OOHUM M3 KNOYeBbIX
Ipa/iBepoB pasBUTWS CTano yBenuyeHve ypanéHHoin paboTbl, 4TO MnoTpeboBano HOBbIX CHOPMATOB
B3aUMOIOENCTBNS BHYTPU OPUANYECKUX OUPM.

CornacHo nporHosam, 3TOT pocT npomonxutcs: B 2024 romy o06béM pblHKa npubnnsmics
kK $29,6 mnpa, a k 2034 rogy oxwupaetcs npeBbllleHMe OTMeTkM B $68 Mnph, 4TO COOTBETCTBYET
nporHoaupyemomy CAGR 8,7%. Takum obpasoMm, Legal Tech cywecTBeHHO yKpennsieT no3numm Ha pbiHke
N CPOpMUPYET HOBOE NMLO IOPUOMYECKUX YCNYr, BAUSIHWE KOTOPOro 6ydeT owywaTtbCs Kak MUHUMYM
[0 cepeavHbl cnenyowero oecaTuneTus.
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Legal Tech Market
Growth (2019-2034)

Steady Expansion and Future Potential

Historical CAGR - $234
(2019-2023):

/1% average annual
growth

Market Size:

Shift to remote work,

driving demand for
digital legal solutions | Forecasted CAGR

(2024-2034):
8.7%

Legal Tech: uncpoBoe HacTosLLee opUcnpyaeHLUn

2024 2034

IOpucnpyneHuns nepexmueaeT pesontoumio. Ta camasa cdepa, KoTopas OONrMe rofbl octaBanachb
NOYTN HEU3MEHHOW, CEroaHsa CTPEMUTENBHO TPAHCOPMMPYETCS Mo AaBNEHUEM LIMGOPOBLIX TEXHONOMMIA.
Huxe — o kntoyeBblx HanpaBneHusx Legal Tech n o TOM, Kak OHM yXe CerogHs nepecTpavBaloT
NOBCEOHEBHYIO NPaKTUKY IOPUCTOB.

1. ABTOMarnsaumsa n ynpasBJ/ieHne OOKYMeHTaMu: npomaﬁ, 6yMa)KHaﬂ PYTUHa

tOpuamnyeckas npakTuka TPaaULUMOHHO 3aBsid3aHa Ha AoKyMeHToobopoT. MMoaroToBka LOrOBOPOB,
cornacoeaHuve, noanucaHue, xpaHeHue — BCE 3TO TpeboBano BPEMEHW, YCUNWA W, HEPeOKO, TOHHbI
6ymarn. CerofHs Ha NOMoLb NPUXOLAT UMAPOBLIE PELLEHNS.

Mnatdpopmbl Bpoae DocuSign no3BonsioT noanucbiBaTtb AOKYMEHTbl AWCTAHUWUOHHO, C MOMHbIM
cobnogeHnem opuanyeckmx TpeboaHnii. KOHCTPYKTOPbI AOrOBOPOB — Takue kak LegalZoom — paioT
NMoNnb30BaTeNAM BO3MOXHOCTb CaMOCTOSITENbHO, 63 yyacTusa opucta, co3gaBaTb TUMNOBbIE OOKYMEHTbI:
OT apeHbl KBapTupbl A0 BpayHoro KoHTpakTa. Bcé ato penaet topuanyeckue ycnyru 6onee OOCTynHbIMU
1 yOoobHbIMK, a caM AOKYMEHTO0H0POT — ObICTPbIM 1 6E30WNOOYHbIM.

Lns 1opuUCTOB 3TO O3HAYaeT 3KOHOMUIO BPEMEHW U KpaTHOe OCBOOOXAeHWe pecypcoB ons 6onee
CNOXXHOIN N MHTENNEeKTyanbHON paboTbl.

2. UcKkyccTBeHHbIN UHTENJIEKT U aHA/TUTUKA: FOPUCT C LMgbp OBbIM UHTEI/TIEKTOM

Bes npeysenuueHns MoxHo ckasatb: M — ato geuratens Legal Tech. OH BHeOpseTcs BO BCEé —
OT aHann3a JaHHbIX A0 06LWEHMS C KNMEeHTaMMU.

— AHanua cynebHoin npakTukn u nporHosvposaHve peweHnid. Cuctemol Bpone ROSS Intelligence

8 EBpasnincknin HayuHblin XypHan
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CMOCO6HbI npocMatTpueBaTtb ThbICAYN pemeHvu7| no adHanorn4yHbiM ngenam, BbiABNAA 3aKOHOMEPHOCTU
n nomMorasa wpuctaMm MNporHo3mpoBaTtb MUCXo4d cnopa. OTO NOBbLIWAET KaYeCTBO npasoBoOro aHanmsa
n crTpaTternd4eckoro naaHMpoBaHus.

— Axanus n npoeepka JHokymeHToB. UMW cnocobeH aBTOMaTMYeCKM WU3BNekaTb K/O4YeBble
MONOXEHUS U3 KOHTPaAKTOB, HAXOANTb PACXOXOEeHWUs W ownbkun, NpoBoanTb akcnpecc-ayant. OcobeHHo
BocTpeboBaHo 370 Npu topuanyeckmx nposepkax (due diligence), roe ckopocTb U TOYHOCTb KPUTUYHBI.

— BupTyanbHble MOMOLWHMKM 1 4YaT-60Tbl. VICKYCCTBEHHbIA MHTENNEKT BCE valwe 6epéT Ha cebs
NepBy NNHUIO KNMEHTCKOro cepBuca — OTBEYaET Ha TUMOBbIE 3anpochl, NPeaoCTaBngaeT nHgpopMaLmio,
hopmmpyeT OoKyMeHTbl. HOpuauyeckass nomouwb CTAHOBMTCA OOCTYMHOW KPyrnocytoyHo — u 6es
oYyepepnen.

3. BriokyeuH, cMapT-KOHTPaKTbl U Knbepbe30nacHOCTb: HOBOe U3MepeHune npasa

Legal Tech — ato He Tonbko npo V. CoBpeMeHHble lOpuandeckne TEXHONOrMU BbIXOOAT Aaneko
3a ero npegenbl, OTKPbIBAS OBEPM B MUP CAMOUCMNONHAEMbIX KOHTPAKTOB M LMAOPOBOI 3aWnThI.

— CMapT-KOHTpakTbl Ha 6ase 6n0KYeiHa BbIMOMHAOTCS aBTOMATUYECKM NPWU  HACTYMNNeHUM
3a4aHHbIX ycnosuii. bes nocpeaHukos. bes 3anepxek. 910 0COOEHHO LEHHO B MeX AyHAapOAHOK TOProene,
IP-coenkax, dovHaHcoBbIx onepaunsix. BosHnkaeT HOBbIM YPOBEHb JOBEPUSA U NPO3PAYHOCTH.

— Knbepbe3onacHOCTb CTAHOBUTCSH KPUTUYECKUM (DAKTOPOM ANS IOPUMANYECKUX KOMNaHwii. Benb
3awmTa OaHHbIX KMEHTOB, KOHTPAKTOB W BHYTPEHHEN Nepenuckn — BOMPOC HE TONbKO 3TWKWU,
HO U NPSIMOIA IOPUANYECKOW OTBETCTBEHHOCTN.

O ponu Product Manager B Legal Tech

OueBngHO, 4TO passBUTME TEXHOMNOrUA B OPUOMYECKON cdepe — 9TO YXe He MpOorHos,
a peanbHocTb. Legal Tech MeHaeT He TONbKO MHCTPYMEHTbI, C NMOMOLbIO KOTOPbIX PewaioTcs NpaBoBbie
3ajauyn, HO 1 Mo CYTW camy CTPYKTypy camon npodoeccun. B oTpacnn nosBnsoTCa HOBble PONn, OAHOWM
13 KnoyeBblX cTaHoBuTcs Product Manager — cneuvanuct, Urparlunin LeHTpanbHY pofb B CO34aHMM
1 pasBUTUN LMPPOBbLIX PELEHNn ANs IOPUCTOB.

MponykToBbli MeHeoxep B Legal Tech — 3710 npodheccuoHan Ha CTblike ABYX MUPOB: npasa
n TexHonoruin. Ero sagavya — He NpocTo ynpaensaTb pa3paboTkoi, a oopMmnpoBaTb camy Mae NpoaykTa,
nucxoos w3 peanbHblx notpebHoctein topuctoB. OH OONXEH MNOHMMATb, Kakue 3apaun Tpebyrot
aBTOMaTmM3aunn, Kakme npoLEeCcChl MOXHO YNPOCTUTL, a Kakne — NONHOCTbI0 N3MEHNUTD.

Pabota HauuHaetca C aHanu3a. MeHenoxep obwaetca C opuctamu, 4Tobbl MNOHATH
MUX NOBCEOHEBHbIe TPYOHOCTW: rOe TPaTUTCS CHUWKOM MHOrO BPEMeHM, 4YTo MewaeT paboTaTb
appekTnBHEE, Kakne peweHus yctapenu. bes aTtoro atana HEBO3MOXHO c034aTb BOCTPEOOBaHHbINA
NPOLYKT, AaXe eCnv OH 6yneT TEXHONOrMYECKN COBEPLLIEHEH.

3aTtemM OH (hopMMpyeT KOHLEMUWIO: onpedensiet OyHKUUM, MHTepdeinc, apxuTekTypy peleHus.
30ecb BaXHO yuuTbiBaTb HEe TONbKO yAoBCTBO, HO W IOPUOMYECKYD KOPPEKTHOCTb — COOTBETCTBUE
3aKOHOLATENbCTBY, 3alMTa AaHHbIX, cobniofeHne ctaHnapTos. A1o TpebyeT rnyboKoro NOHMMaHUs Kak
NoNb30BaTENbCKOrO OMbITA, TAK U MNPABOBbLIX OFPaHNYEHUIA.

Cnepnytowuii aTan — paspabotka. MeHeaxep B3aMMoaeNCcTByeT C NporpaMmMucTamm, amnsanHepamu,
TECTMPOBLMKAMU W OpUCTaMK, KOOPAMHUPYET KOoMaHmdy, cneamut 3a cpokamy u kayectBoM. OH Xe
ynpasnsieT 3amnyckoMm npoaykTa, y4acTByeT B €ro NpoiBuXeHun, cobupaet obpaTHyto CBSA3b U NnaHupyeT
JanbHenwme ynydweHus.

Ycnex npoekTta 3aBMCUT OT TOr0o, Hackonbko xopowo Product Manager opueHTupyeTcs Kak
B MPaBoBOI cneunduke, Tak U B TEXHONOrMaX. ITo OenaeT npogeccunto ocobeHHo LeHHoi. Cneumanucty

EBpasuincknii Hay4Hbll XypHan 9
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Tpe6yeTC$1 aHanntTnyeckoe MbilneHne, CTpaTeFI/I‘-IeCKI/If/'I nogoxodna, rmbkKocTb n BblCOKas
KOMMYHUKaTNBHOCTb.

OTa ponb yXe cTana BaxHon 4yactbio Legal Tech. ViIMeHHO Takue cneumanuctbl onNpemnensior,
HaCKONbKO 3P PEKTMBHO LMGPOBLIE UHCTPYMEHTbI By YT MHTErPUPOBAHbI B IOPUONYECKYIO MPAKTUKY U Kak
6yneT passmBaTbCcs npodpeccus B Gnmxaiwme romp.

B 3aknioueHne, Legal Tech 6onblue He MNPOCTO MOOHOE CNOBO. DTO YXE He TpeHn — 3To
HensbexHasi peanbHOCTb [ONS KaXAoro, KTO CBSi3aH C MpaBOM. TEXHONOrMM He 3aMEeHSIlOT HPUCTOB,
HO pafuKanbHO MEHSIIOT UX POJib: 0CBOOOXAAKT OT PYTUHbI, YCUIMBAIOT aHaNMTUYECKNEe BO3MOXHOCTH,
nenatT npogpeccuto 6nmxe kK obwecTsy.

A 3HauuT, BblIUrpPbIBAIOT BCE.
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NEPEHOCHOE MUKPOMPOLLECCOPHOE YCTPOUCTBO
KOMMNNEKCHOWU OUArHOCTUKU ANMNAPATYPbl KOHTPONS
BUBPALUA

CkynuHckuin Aptem Bnagummposuy

NHXeHep No KOHTPONbHO-M3MepUTEbHbIM Nprbopam

n aBTomMatuke 1 kateropum

OO0 "T'asnpom TpaHcras Capartos", Poccus, r. CapaTos

CaposckoB Unba OMutpresBuy

HayanbHuk nabopatopum No KOHTPONIbHO-U3MEPUTENbHBLIM Npnbopam
n aBTOMaTmke

OO0 "T"asnpom TpaHcras Caparos", Poccus, r. CapaTos

B HacTosiwee BpeMs akTyanbHa npobnema y4YacTMBLIMXCS Clly4aeB Bbixoda W3 CTPOsS annapaTtypbl
KoHTpons Bubpaummn VB-O-MNd npomssoactea AO «Bubpo-npnbop» (oanee — NB-O-MNd).

NabopaTopHasi auarHocTMka AaHHoro obopynoBaHusi TpebyeT Hanuuvs crneumanmampoBaHHbIX
TEXHUYECKMX pelweHunin. Hanpumep, n3BecTHO YCTPOCTBO, paspaboTaHHoe cammm nponssoomtenem VB- -
NMd — ato yctpoitcteo kKoHTponsa YIMUB-IM-1M (nateHT Ha nonesHyio mogens RU 14714 U1, kn. HO4H
29/00, 2000).

Mpw 3TOM OaHHOE pelweHne NMeeT PAL CyWeCTBEHHbIX HEAOCTATKOB:
1. He06X0AMMOCTb HaNMYnsi BHEWHEr0 UCTOYHMKA NMUTAHUS HANPsSiXKeHMEM NMOCTOSIHHOro Toka 27 B.

2. OtcyTCTBME BM3yanusaumm KOHTPONIMPYEMbIX MapamMeTpoB, (DOPMMPOBAHMSA W 3anNUCU apXMBOB
JaHHbIX.

3. OrTcyTcTBME BO3MOXHOCTU OOHOBPEMEHHOIO BU3yaNnbHOrO KOHTPONS 3a napameTpamu
HECKONbKUX KaHaNoB M3MEPEHNS N oukcaumm goakta cpaboTki yCTaBOK MPU KPaTKOBPEMEHHbIX CKaykax
B1OPALM BbilE UX YPOBHS.

Ins npoBenoeHUst KayeCTBEHHOW AOMArHOCTMKU annapatypbl Bubpaumm Ttuna VIB-O-MNd Hamu
paspaboTaHO MUKPOMPOLIECCOPHOE  YCTPOWCTBO  KOMMIEKCHOW  AMArHOCTUKW, KOTOPOE  JNWEHO
nepeyYncneHHbIX HeJocTaTkoB (NaTeHT Ha nonesHyto Mmodens RU 2024128581 U) (nanee — YcTponcTeo).

AnekTpuyeckas cxema, paspabotaHHas Ha 6ase nporpammupyemor nnatgopMbl OTEYECTBEHHOTO
npouaBoacTea Iskra Neo, cobpaHa B eOVMHOM MeTanIMYeckoM KOpryce, OCHalleHa BHYTPEHHUM
NCTOYHMKOM MUTAHWA C 3apSOHbIM YCTPOWCTBOM, 9NIeMEHTaMM nHaMkaumm n ynpasneHus, XK-gucnneem,
COEOMHUTENbHBIMU XIyTamMn Ons NOOKMOYEHUS K WTATHbIM pasbemMaM 31eKTPOoHHbIX 6nokos VB-O-MNMd
n USB-kabenem ans nepepaun uHopmaumm no nocneposatenbHomy COM-nopty Ha MK wnan ons
NUTaHUS YCTPOMCTBA OT CETU NMOCTOSAHHOrO ToKa HanpsixeHnem 5 B (puc. 1).

MpuHuMn paboTbl YCTpoWCTBa OCHOBaH Ha annapaTHO-MPOrpaMMHOM peanu3auuv aHanoroso-
LMPPOBOro Npeobpas3oBaHmns BbIXOAHbIX CUFHANOB HAMPSXeHNs nopTta «Bbixoma».

MVKPOKOHTPONNEpP, B KOTOPbIA 3arpyxeH paspaboTaHHbIi Ha $3blke nporpammupoBaHns C++
NPOrpaMmMmHbli KoL, Onepupyet SNeMeHTamMu YynpasBneHus u unHaukaumm YCTPOWCTBA, BXOAHBIMU
1 BbIXOAHBIMU Lenamu, npeobpasyeT TUNbl AaHHbIX U 0B6pabaTbiBaeT aHaNoroBble U ANCKPETHbIE CUTHanNbI,
nepenaet uHgpopmaumio Ha XK-gucnneih n B nocneposatenbHolii COM-nopt MK B Tpebyemom dopmarte
(puc. 2).
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MnTaHne cxembl OpraHWM3yeTcs OT BCTPOEHHOro WCTOYHMKA nutanus 12 B nunbo ot USB-nopta
MK nnn nHoro ycTponcTea C BbIXOAHbIM HANPsSXeHMEM MOCTOSAHHOro Toka 5 B. B uensax skoHoMmun 3apsna
aKKyMynsaTopoOB, BHYTPEHHUA UCTOYHWK MUTAHWUA 3a0eNCTBYEeTCS TONbKO MPW OTCYTCTBUM MOOKAKOYEHUS
BHELWHUX NCTOYHMKOB.

I A |
4_ s O B
A T | 1 - XK-Gucnned 6x2
- o= 2 - Kopnyc
o U8 [epewoon] |, 3 - Hydukamop padoms 300804020 Yompacmba
) -1 _® ’ 4 - Kronka cOpoca omodpaxerus Cu2HaALIayuL
[T [Aduaa] S
e 5 - TyMOneps cHEHE IMUNG GUazHOCIMUPHENaU
. . O — Tymdnep crens Omodpaxaemod Ha XK-Gucnree
- UHPOPNAL DY

7 - USB-xadene dns nodknoverus xk COM-nopmy
HOoymaLKa Ly & Bre UCMOHHUKY
MUMGHUS HOTGAXEHUEY 5

& - (OB0uHUmERsHEl X2UM G5 NOTKAGYERUS K
Koaodke Buxod” HB-A-110-1 u HB-0-1@-2M4-071

9 - (pedurumensHsit X2ym 048 NOTKAGYEHUR K
Konodxe “Ocmanob douzamens” HB-0-1T9-1

10 - Jgpadkoe ycmpodcmbo dns Brympenrezo
LEMOYHUKE AUMOHUS

11 - Tymdnep creds mung UCmoYHUKa MUMaHUA
12 - (oedurumens KOpRiyCHEU
13 - MHesdo dna nodkaoYexus 3apA0L020 yompoucmba

Puc. 1. C60poYHbI YepTeX.
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u HB-0-TP-1 6 madopamapeet: yoadbusy f :
| aw rumanus yempaicmtio e S | —Fgﬂ& AR A
el o gmanss i [ e ommnas o
| |t scmecatic ApayramopHen Coxa e a5 < < "| M2
1 BHU - HB-[-T-2M4-01
: Moy Joupums AU
] TR CRKMIRmODaD
| LS8 lnumaws!
I fipm frnamo-foaoun)
] . LSBT Keowa Tupadngp-nepexnamers (D fucnneg 1602
I i Tapoc AT omadpaxes € pazpewerLer
" l &3 guncoyu sy Ha L0 Tax? curabonolt
I S— Typadnep nodknowent | (HpaereBudpoyus! penipasntane
fiopm USE Inumarie o Bympersezo LLL =
nepedig Ao/ LOMOHUNT PUMGHS { e
Haymdipe T ¢ LL L LL
WM{(@:}MJ’U prem——T Possers Moo USE | furpemvse Boode |_r [ [ [ ©
i e S521 2y mr:ﬂm' da:ﬂ.r,-’ 20 Hamepgaic
sepey (O -maom ] I
B I e Tosparrupgenos Avonpeofee fody |- 5
Amgpamypa xovmpons - E :
i Brow q0Adke Yompoicmia p Ao Aucxpemvse fuorody | | || ovtremen
HE--P-2M4-07 j"’”’@;‘gﬁ“‘m Iskra Neal Tumae (+7 12V | mmm
(B £3-38-2M4-00 E I
USE fnumorue!
FPazpers BHNOT N RN ———————————— ———— |1
: e & ; = B 1
(A xompam 4 IXmm&wﬁmmwxxm.? Buod” HO-0-15p-1 v HB--T@-2M46-01 P
budpajuy | foedremens e (oedrumens
HB-[-1-1 i K i Y KOG
Paseers BXO A7) TPHETRTHZLLIBT 2P CTRTH2 BT
Browa 63-38 | [
Poseer BaXOT : Coedbrumens | Xaym coedkmumerssstl 3T nodkapwEruR K Komodke
bawg 6339 (o ] 1 Tompwolt duzomens” HE-0-Tp-1 |
ekl | PETRHAB || (oedteamens (oedkmumens
) Fasbert ) L | Kofemsrstl . =]
ool dvzomens™ L. - AAesirEr | -  2BMEBLBT
Bwowa 53-79

Puc. 2. ®dyHKkumnoHanbHas cxema

PaboTta c YcTpoiicTBOM MOXET OCyWecTBAsSATbCS [nOByMsi crnocobamu: B MepeHoCHOM dpopmaTte
(aBTOHOMHasi paboTa) 1 B coBmecTHoM ¢ K.
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1. ABTOHOMHbI pexum paboTbl. JlabopaTopHasi ycTaHoBka cobupaeTcst COrnacHo CTPYKTYPHOW
cxeme, NpencTaBfneHHOM Ha puc. 3.

L 1 - [leperocHoe MUKpONpoYeCcopHoe Ycmpoucmbo KOMIACKCHOU
/ 4 GUazHOCMUKY annapamyps koKmpons Budpayud H8-4-11o-1
u MB-1-1o-2M4-01

2 - Budpacmend
3 2 J = Annapamypa kormpons budpayud M6-4-119-1
bt 4 - Annapamypa koxmpons Budpayuu HB-4-110-2M4-01

Puc. 3. CTpykTypHasa cxema nabopaTopHOi yCTaHOBKM (AaBTOHOMHbIV PEXIUM).

KomnnekTHble VB-O-MNo BUBpOn3MepuTenbHble npeobpasoBatenu ycTaHaBIMBaKTCA
Ha BMOPOCTEHL, OKa3biBaloWWiA HA HUX BUOPALMOHHOE BO3LAEVNCTBUE, UMUTUPYS PabOTy TEXHONOMMYECKOr0
obopynoBaHums. [uarHoctvka OCyWECTBASIETCS HA OCHOBaHUWM MHGopmauun, otobpaxaemoin Ha XK-
aucnnee YCTpoOWCTBA, a WMEHHO: aMMAUTYOHbIX 3Ha4YeHWid BMOPOCKOPOCTU U COOTBETCTBYHOWMX
1M 3HAYEHWU BbIXOAHOMO HAMPSIXXEHUSI KaHaNoB M3MepeHns Bubpauun, Hankauum cpabaTtbiBaHWs yCTaBOK
npenynpeanTenbHoi (noBblleHHass Bubpaums) W aBapuitHoil (omacHas Bubpauns) curHanusauui
C oukcaumer cpakTa ux cpabatbiBaHus (puc. 4).

ITK

B8 B, P J60 5.00 0,00 A
I=I UcT NCjver Uno_“Vso™ e
9 H.HH AlB.B6 99.9 8,88 H

Puc. 4. [LOuarHoctuyeckass wuHgopmaums, otobpaxaemas Ha XK-gucnnee YctaHoBkM npw
aBTOHOMHOM pexume paboTbl.

2. Pexxum coBmecTHol paboThl ¢ MNK. JlabopaTopHas yctaHoBKka cobmpaeTcsl COrnacHo CTPyKTYpHOW
cxeme, NpencTaB/ieHHOoln Ha puc. 5.

1 - [leperocHge MuKpORDOYECCopHoe YCmpoucmBo KOMNAEKCHOU
2 o 5 guazHoCmuKky annapameypsl kowmpons Budpayuy HB-1-11P-1
u HB-4-1e-2M4-07

2 - [lepconansHsii Kommeomen,/ Hoymoyk ¢ npecycmarobiexksir
7 QHAAU3AMAPaN NOCAeAoBameneHoz0 nopma

l J - Budpocmend

4 T 3 4 - Amapamypa kasmpors budpayud HB-L-11-1
5 - Annapamypa kormpons Budpayuu WB-1-11@-2M4-01

Puc. 5. CTpykTypHas cxema nabopaTopHOW yCTaHOBKM (peXuM coBMecTHol paboThbl ¢ IMK).

KomnnekTHble MB-O-Mod BUGpoOn3MepuTENbHbIE npeobpasosaTtenu yCcTaHaB/MBaKTCA
Ha BMOPOCTEH, OKa3blBAIOWMIA HA HUX BUOpPALMOHHOE BO34EACTBNE, UMUTMPYS paboTy TEXHONOrMYECKoro
obopynoBaHus. [lnarHocTuka OCYWECTBNSETCS Ha OCHOoBaHMM uHdopmauuun, nonyyaemonn K
OT MUKPOKOHTpONnepa YcTporctea no nocnenosatensHomy COM-nopTy. B aaHHOM pexume paboTbl, npu
noMowy npenycTaHOBNEHHOro aHanusatopa nocnegosaTtenbHoro COM-nopTta, BCE KOHTPONMpyeEMble
napameTpbl BU3yannmanpyloTcsl B BUOE rPadonKoB M XypHana cobbiTWil ¢ MPUBA3KOA KO BPEMEHU, UMeeTCst
BO3MOXHOCTb COXPaHUTb apXuB OAHHbLIX ANS JaNbHEWWEro aHannsa u ucnonb3oBaHns (puc. 6).
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8

Uct: 1878, Uno: 1.89 B, Uso: 0,00 B, ¥cr: 37.44 maft, Vno: 37.83 mmftc, Vao: 0.00 mmjc, NC: 08, AC: 0B =
Ucr: L8786, Uno: 1888, Uso: 0.00B, Ver: 37.34 mufc, Vno: 37.63 Mufc, ¥o: 0.00 mmjc, NC: 0B, AC: 0B
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9995  Lmkz 3.16 B, UcT: 0.23 B, Vnc 63mmC, Vo 4mmic, NC: 5B, AC: 58
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9999
10000
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Puc. 6. OnarHocTuyeckas uHdgpopmaums, otobpaxaemas B aHanusatope COM-nopta npu pexume
coBMecTHoI paboThbl ¢ IMK.

Hosuana paspabotaHHoro YcTpoicTBa 3aknioyaetcs B UMEPOBM3ALMM  OMArHOCTUYECKOrO
obopymoBaHMs MyTeM TMPUMEHEHWS MUKPOKOHTPONNEepa B3aMEH penenHon norvku, a TaKk Xe
B peanu3auum pyHKUMOHana AmarHoCTUYecKoro YCTPOMCTBA W MHOroKaHanbHoro LMgpoBoro
perncrtparopa B goopmarte eanHoro ycTpomncTea.
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FINE-TUNING METHODS FOR LARGE LANGUAGE MODELS IN
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ABSTRACT

This paper presents a comprehensive analysis of modern fine-tuning methods for large language
models in text generation tasks. The study covers the full spectrum of approaches from traditional full fine-
tuning to modern parameter-efficient methods such as LoRA (Low-Rank Adaptation), QLoRA, and prompt
tuning techniques. We systematize theoretical foundations, practical implementation aspects, and
computational resource optimization during model training. Special attention is paid to analyzing trade-offs
between generated text quality and computational efficiency of different approaches. The paper presents
detailed recommendations for selecting optimal fine-tuning strategies depending on task specificity,
available data volume, and computational resource constraints. Results demonstrate that proper selection
of fine-tuning methods can significantly improve the quality of generated descriptions while substantially
reducing computational resource requirements.
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Keywords: fine-tuning, large language models, text generation, LoRA, transformers, natural
language processing

1. Introduction
1.1 Research Relevance

The development of natural language processing technologies in recent years has been
characterized by rapid progress in large language models (LLMs). Models from the GPT family, BERT, T5,
LLaMA, and many others have demonstrated outstanding capabilities in solving a wide range of tasks
related to natural language understanding and generation [1]. However, applying pre-trained models
in specialized domains often requires their adaptation to specific tasks and usage contexts.

Fine-tuning represents a key technology that allows adapting pre-trained models to specific tasks with
relatively low computational costs compared to training models from scratch [2]. This technology becomes
particularly important in the context of generating text descriptions and captions, where high accuracy,
relevance, and stylistic consistency of generated content are required.

Modern large language models contain billions of parameters, which creates significant challenges
in terms of fine-tuning efficiency. The traditional full fine-tuning approach, involving updating all model
parameters, requires enormous computational resources and can lead to overfitting on small datasets [3].
In response to this, parameter-efficient fine-tuning (PEFT) methods have been actively developed, allowing
comparable quality to be achieved with significantly lower computational costs.

1.2 Research Problem

The main problems arising when fine-tuning large language models for text description generation
can be classified across several directions:

Computational complexity. Full fine-tuning of modern models requires significant computational
resources. For example, fine-tuning GPT-3 with 175 billion parameters requires hundreds of gigabytes
of video memory and can take weeks of computational time even on high-performance hardware [4]. This
creates barriers for researchers and organizations with limited resources.

Overfitting and catastrophic forgetting. When fine-tuning on specialized datasets, models are prone
to overfitting, especially when working with small data volumes [5]. Moreover, the fine-tuning process can
lead to catastrophic forgetting of previously learned patterns, negatively affecting overall model
performance.

Data quality and specificity. Fine-tuning efficiency critically depends on the quality, volume, and
representativeness of training data. In description generation tasks, ensuring diversity of styles, contexts,
and content types is particularly important, which is often hindered by limited available annotated data [6].

Quality-efficiency balance. There is a constant need to find optimal balance between the quality
of generated descriptions and computational costs for fine-tuning and subsequent model inference.

1.3 Research Objectives and Tasks

The main objective of this research is to develop a comprehensive approach to fine-tuning large
language models for text description generation tasks with optimization of the quality-computational
efficiency ratio.

To achieve this objective, the following tasks are formulated:

— Systematic analysis of existing fine-tuning methods for large language models, including traditional
and modern efficient approaches.

— Investigation of theoretical foundations and practical implementation aspects of various fine-tuning
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techniques in the context of text description generation.

— Development of methodology for selecting optimal fine-tuning strategy depending on task
specificity, data volume, and available computational resources.

— Experimental evaluation of different fine-tuning approaches on representative datasets.

— Formulation of practical recommendations for implementing the fine-tuning process considering
modern achievements in optimization and resource management.

1.4 Scientific Novelty and Practical Significance

The scientific novelty of the research lies in a comprehensive approach to analyzing fine-tuning
methods, including not only theoretical aspects but also detailed practical implementation
recommendations. For the first time, a systematized methodology for selecting optimal fine-tuning strategy
considering multiple factors is presented: task characteristics, data volume and quality, available
computational resources, and quality requirements.

The practical significance of the work is determined by its applicability in a wide range of tasks related
to text description generation: from automatic image captioning to product description generation in e-
commerce. The methods and recommendations presented in the work can be directly used by researchers
and practitioners to optimize the fine-tuning process in their specific applications.

2. Literature review
2.1 Evolution of Language Model Architectures

The development of large language models began with the introduction of the transformer
architecture, presented by Vaswani et al. in “Attention Is All You Need” [7]. This architecture, based on the
attention mechanism, became the foundation for subsequent achievements in natural language
processing. Key components of the transformer architecture are the multi-head attention mechanism and
positional encodings, allowing the model to efficiently process variable-length sequences.

The first significant successes in applying transformers for language understanding tasks were
achieved with the BERT model [8]. BERT uses bidirectional context encoding, allowing the model
to consider information from both left and right context when processing each token. This approach
showed outstanding results on multiple natural language understanding tasks.

In parallel, generative models based on transformers were developed. The GPT model [9]
demonstrated autoregressive text generation capabilities using unidirectional attention mechanism.
Subsequent versions GPT-2 [10] and GPT-3 [11] showed that scaling model size and training data volume
leads to qualitative improvement in the model’s ability to generate coherent and contextually relevant text.

The T5 model [12] made an important conceptual contribution by proposing a unified “text-to-text”
approach for solving various NLP tasks. This approach allows using one architecture to solve a wide range
of tasks, including description generation, summarization, translation, and question answering.

2.2 Fine-tuning Methods: Historical Context

The concept of fine-tuning pre-trained models was borrowed from computer vision, where transfer
learning showed high efficiency [13]. In the context of natural language processing, fine-tuning was initially
applied to relatively small models such as Word2Vec [14] and GloVe [15].

With the emergence of large pre-trained models, fine-tuning became standard practice. The classical
approach involves updating all model parameters on task-specific data using small learning rates
to preserve previously learned representations [16]. This approach, called full fine-tuning, showed high
efficiency on many tasks but requires significant computational resources.
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An important stage in the development of fine-tuning methods was understanding the problem
of catastrophic forgetting [17]. Research showed that during fine-tuning, the model can “forget” previously
learned patterns, leading to performance degradation on tasks unrelated to the target task.

2.3 Efficient Fine-tuning Methods

The growth in language model sizes led to the need for developing more efficient fine-tuning
methods. One of the first approaches was freezing most model parameters and updating only the last
layers [18]. Although this approach reduces computational requirements, it often leads to suboptimal
results due to limited model adaptability.

More advanced methods include various forms of adapters — small trainable modules inserted into
the pre-trained architecture [19]. Adapters allow the model to adapt to new tasks with minimal increase
in parameter count. Research showed that properly designed adapters can achieve performance
comparable to full fine-tuning with significantly lower computational costs.

A revolutionary approach was the LoRA (Low-Rank Adaptation) technique [20], based on the
hypothesis that weight changes during adaptation have low intrinsic rank. LORA decomposes weight
updates into a product of two smaller matrices, significantly reducing the number of trainable parameters.

Further development of this idea led to QLoRA (Quantized LoRA) [21], which combines low-rank
adaptation with model quantization. QLoRA allows fine-tuning models with tens of billions of parameters
on consumer GPUs, dramatically expanding the accessibility of fine-tuning technologies.

3. Theoretical foundations and methodology
3.1 Mathematical Foundations of Fine-tuning

Fine-tuning of large language models is based on principles of transfer learning and neural network
optimization. Formally, let 8¢ represent parameters of a pre-trained model f(x; Be), where x is an input
token sequence. The goal of fine-tuning is to find optimal parameters 8* for the target task by minimizing
the loss function:

0% =argmin 6 L(f(x: 0), v).

where L is the loss function, y is the target sequence, and 6 is initialized with values Bo.

In the context of text description generation, the loss function is usually based on cross-entropy:
L =-)2,ilog(py),
where pi; is the predicted probability of the j-th token at the i-th position, and yi; is the

corresponding true label.

The key problem of full fine-tuning is the need to update all parameters 8, which requires significant
computational resources for modern models with billions of parameters.

3.2 Low-Rank Adaptation (LoRA) Method

LoRA is based on the hypothesis that weight changes during adaptation have low intrinsic rank. For
a weight matrix W € R4*k | the LoRA method represents the update as:

W=Wo+ AW = Wo + BA,

where Wo are frozen pre-trained weights, B € R¢*" and A € R"*k are trainable low-rank matrices
where r << min(d, k).

The forward pass for a layer with LoRA adaptation looks as follows:
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h = Wox + AWX = Wox + BAX.

The number of trainable parameters in LoRA is r(d + k), which is significantly less than dk for the full
weight matrix when r << min(d, k). Typical rank values r vary from 1 to 64, providing substantial reduction
in trainable parameters.

3.3 Quantized LoRA (QLoRA)

QLoRA extends the LoRA approach by integrating model quantization for further memory
requirement reduction. The method uses 4-bit quantization for storing pre-trained weights while maintaining
full precision for LoRA adapter computations.

The QLoRA process includes several key components:

—4-bit NormalFloat (NF4) quantization optimized for normally distributed neural network weights.
— Double quantization: quantizing quantization constants for additional memory savings.

— Paging optimization: managing data transfer between CPU and GPU memory.

3.4 Optimization Strategies and Regularization

Effective fine-tuning requires careful selection of optimization strategy. Adaptive optimizers such
as Adam and AdamW have shown high efficiency due to automatic learning rate adaptation for each
parameter.

Regularization plays a critical role in preventing overfitting. Main techniques include:
— Weight decay: L2 regularization with coefficient A.

— Dropout: random zeroing of activations with probability p.

— Early stopping: stopping training when validation performance degrades.
Learning rate scheduling is also critically important. Widely used strategies include:
— Linear warmup followed by cosine decay;

— Exponential decay;

— Cyclic scheduling.

4. Experimental research

4.1 Experimental Setup

A series of experiments was developed for comprehensive evaluation of different fine-tuning methods
for text description generation tasks in various domains. Experiments were structured to answer the
following research questions:

— Which fine-tuning methods provide optimal balance between generation quality and computational
efficiency?

— How does model size affect the efficiency of different fine-tuning approaches?

— What factors are critically important for successful model adaptation to specialized domains?
The experimental program included systematic comparison of the following approaches:

— Full fine-tuning;

— LoRA with different rank values (r = 4, 8, 16, 32, 64);

— QLoRA with 4-bit quantization;
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— Adapters with different bottleneck sizes;
— Prefix tuning;

— Combined approaches.

4.2 Datasets and Application Domains

To ensure result representativeness, diverse datasets covering different aspects of text description

generation were selected:

4.2.1 Commercial Product Descriptions

The E-commerce Product Descriptions dataset included 100,000 “product features — description”

pairs from various categories: electronics, clothing, home goods, books. Average description length was
150 tokens, varying from 50 to 500 tokens.

Dataset characteristics:

— Training set: 80,000 examples;

— Validation set: 10,000 examples;

— Test set: 10,000 examples;

— Average input sequence length: 85 tokens;
— Average output sequence length: 150 tokens.
4.2.2 Scientific Abstracts

The Scientific Abstracts dataset contained 75,000 “keywords + title — abstract” pairs from

publications in computer science, physics, and biology. This dataset presented particular complexity due
to specialized terminology and accuracy requirements.

4.2.3 Media Descriptions

The Media Captions dataset included 50,000 descriptions for images, videos, and audio content

collected from open sources, including diverse description styles from formal to creative.

4.3 Base Models and Configurations

Representative architectures of different sizes were selected as base models:
— GPT-2 Small (124M parameters): baseline for scalability assessment;

— GPT-2 Large (774M parameters): large model for efficiency limit evaluation;
— T5-Base (220M parameters): encoder-decoder architecture;

— LLaMA-7B (7B parameters): modern large model.

4.4 Hyperparameters and Training Settings

To ensure fair comparison, unified baseline hyperparameters were established with adaptations for

each method’s specificity:

General parameters:

— Maximum sequence length: 512 tokens;

— Batch size: 16 (with gradient accumulation for effective size 64);
— Number of epochs: 3-5 (with early stopping);

— Learning scheduler: cosine decay with linear warmup (10% steps);

— Gradient clipping: max_norm = 1.0;
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— Weight decay: 0.01.

LoRA-specific parameters:

— Rank @: varied from 4 to 64;

— Alpha: 16 (for most experiments);

— Dropout: 0.05;

— Target modules: all linear layers in attention blocks.
QLoRA parameters:

— Quantization: 4-bit NF4;

— Double quantization: enabled;

— Compute dtype: bfloat16;

— Memory management: automatic.

Adapter parameters:

— Bottleneck size: varied from 64 to 512;

— Activation function: ReLU,

— Initialization: Xavier uniform.

4.5 Infrastructure and Computational Resources
Experiments were conducted on specialized computational infrastructure:
Hardware configuration:

— GPU: 8x NVIDIA A100 40GB for large models;

— GPU: 4x NVIDIA RTX 3090 24GB for medium models;
— CPU: AMD EPYC 7742 64-core;

— RAM: 512GB DDR4;

— Storage: 10TB NVMe SSD.

Software environment:

— OS: Ubuntu 20.04 LTS;

— Python: 3.9.7;

— PyTorch: 1.13.1;

— Transformers: 4.21.3;

— PEFT: 0.4.0;

— DeepSpeed: 0.7.3;

— Accelerate: 0.21.0.

Resource monitoring:

— GPU memory usage;

— Computational core utilization;

— Energy consumption;

— Training and inference execution time;
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— Hardware temperature indicators.

4.6 Training Procedures

Each experiment was conducted according to a standardized procedure to ensure reproducibility:
4.6.1 Data Preprocessing

— Tokenization using appropriate model tokenizers.

— Creating attention masks for variable-length sequence processing.
— Applying special tokens for input-output separation.

— Data integrity and quality validation.

4.6.2 Initialization and Configuration

— Loading pre-trained model weights.

— Configuring fine-tuning method (LoRA, adapters, etc.).
— Initializing optimizer and learning rate scheduler.

— Setting seed for reproducibility (seed = 42).

4.6.3 Training Process

— lterative training with metric monitoring.

— Validation at each epoch.

— Model checkpoint saving.

— Early stopping application when necessary.

— Logging all metrics and hyperparameters.

4.6.4 Performance Evaluation

— Inference on test dataset.

— Computing automatic quality metrics.

— Sampling for expert evaluation.

— Computational efficiency analysis.

— Result documentation.

4.7 Efficiency Measurement Methodology

For comprehensive evaluation of different approaches’ efficiency, a multi-factor metric system was
developed:

4.7.1 Generation Quality Metrics

— BLEU-4: n-gram similarity with reference texts;

— ROUGE-L: longest common subsequence;

— BERTScore: semantic similarity based on BERT representations;
— METEOR: accounting for synonyms and paraphrases;

— Perplexity: model uncertainty measure;

— Diversity scores: lexical and semantic diversity.

4.7.2 Computational Efficiency Metrics
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— Training time (hours);

— Peak GPU memory usage (GB);

— Energy consumption (kWh);

— Number of trainable parameters;

— Inference time (ms/example);

— Throughput (examples/sec).

4.7.3 Economic Efficiency Metrics

— Training computational resource cost ($);
— Model storage cost ($);

— Inference cost ($/1000 requests);

— ROl for different application scenarios.
5. Experimental results

5.1 General Method Comparison Results

The conducted experiments provided a comprehensive picture of different fine-tuning method
efficiency. Results demonstrate substantial differences in performance, computational efficiency, and
practical applicability of various approaches (see table 1).

Table 1. Comparative results of fine-tuning methods on E-commerce Product Descriptions dataset

Method BLEU-4 | ROUGE-L | BERTScore | Training GPU Trainable
Time (h) | Memory | Parameters

(GB)
Full  Fine-|24.3+0.5 |45.70.8 0.847=0.003 | 12.5+0.3 | 38.2+1.1 | 774M
funing
LoRA 24.1£0.4 | 45.5£0.6 0.846=0.003 | 3.9+0.2 18.1£0.6 | 9.6M
(r=16)
QLoRA 23.9£0.5 | 45.0£0.8 0.844+0.004 | 4.8+0.2 12.3+£0.4 | 9.6M
(r=16)

Adapters 22.8+£0.6 |43.9£0.9 0.839+£0.005 |4.1+0.2 19.7£0.6 | 12.1M
(128)

Analysis shows that LoRA with rank16-32 provides optimal balance between quality and efficiency,
achieving 98-99% of full fine-tuning performance while using less than 5% of trainable parameters and
reducing training time by 3-4 times.

5.2 LoRA Rank Influence on Performance

Detailed investigation of rank r influence in LORA method revealed non-linear dependency between
adaptation size and result quality. Results demonstrate characteristic saturation curve: model quality rapidly
grows when increasing rank from 4 to 16, then growth slows, and after rank 32 practically no improvements
are observed.

Domain-specific analysis showed different sensitivity to rank:

— Commercial descriptions: optimum at r=16;
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— Scientific abstracts: optimum at r=32 (requires more specialized adaptation);
— Media descriptions: optimum at r=8 (simpler vocabulary).
5.3 QLoRA Efficiency

Quantized LoRA demonstrated impressive results in memory usage efficiency. With 4-bit quantization

of the base model, the following indicators were achieved:

QLoRA advantages:

— 65-75% reduction in memory requirements compared to full fine-tuning;
— Minimal quality reduction (0.1-0.3 BLEU points);

— Ability to fine-tune large models on consumer hardware;

— Maintaining training speed at standard LoRA level.

QLoRA limitations:

— Slight increase in inference time (5-10%),);

— Need for specialized quantization libraries;

— Limited support for some model architectures.

5.4 Model Architecture Comparison

Experiments with different base architectures revealed interesting patterns in fine-tuning efficiency:
5.4.1 GPT-2 Models

GPT-2 models showed stable performance of efficient fine-tuning methods. The relatively small size

of models allows full fine-tuning even on limited hardware, making method comparison particularly
illustrative.

Key results:

— LoRA efficiency: 95-98% of full fine-tuning;

— Optimal LoRA rank: 8-16 for all sizes;

— Scalability: method efficiency maintained when increasing model size.
5.4.2 T5 Models

The encoder-decoder architecture of T5 required special adaptations of fine-tuning methods:
T5 adaptation features:

— Need to apply LoRA to both model parts (encoder and decoder);

— Different optimal ranks for encoder (r=8) and decoder (r=16);

— Improved performance on tasks with clear input-output structure.
T5-Base results:

— BLEU-4: 26.740.4 (LORA r=16);

— ROUGE-L: 48.3%0.6;

— Training time: 2.8+0.1 hours;

— GPU memory: 14.2+0.4 GB.

5.4.3 LLaMA Models

Large LLaMA models presented the greatest interest in terms of practical application of efficient fine-
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tuning methods:
LLaMA-7B results:
— Full fine-tuning: technically impossible on available hardware;
— LoRA (r=16): BLEU-4 = 28.1+0.3, training time = 8.2+0.3 hours;
— QLoRA (r=16): BLEU-4 = 27.8+0.4, training time = 9.1£0.4 hours;
— GPU memory: 24.5+0.8 GB (LoRA), 18.7+0.6 GB (QLoRA).
5.5 Domain Specificity

Analysis of results across different domains revealed significant differences in fine-tuning method
efficiency:

5.5.1 Commercial Product Descriptions

This domain showed the best adaptation results due to relatively standardized description structure:
Best results:

— LoRA (r=16): BLEU-4 = 24.1, stable performance;

— Fast convergence: 2-3 epochs to reach optimum;

— High result reproducibility between runs.

Characteristic features:

— Importance of attention layer adaptation for capturing product characteristics;
— Effectiveness of prompts with categorical information;

— Sensitivity to data quality and style consistency.

5.5.2 Scientific Abstracts

The scientific domain required more complex adaptation strategies:

Results and features:

— LoRA (r=32): BLEU-4 = 22.7+0.5 (requires larger rank for specialization);
— Importance of multilingual support;

— Need for additional terminology preprocessing;

— Longer training: 4-5 epochs for stabilization.

Critical success factors:

— Quality tokenization of scientific terms;

— Data balance across scientific areas;

— Control of factual accuracy in generated abstracts.

5.5.3 Media Descriptions

The creative domain showed the highest result variability:

Performance characteristics:

— LoRA (r=8): BLEU-4 = 21.3+0.8 (high variability due to creativity);

— Importance of diversity metrics alongside traditional metrics;

— Difficulty of automatic quality assessment.
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Special considerations:

— Balance between creative freedom and factual accuracy;

— Adaptation to different description styles (formal, creative, technical);
— Managing generated description length.

5.6 Computational Efficiency and Scaling

Systematic analysis of computational efficiency provided important practical insights:
5.6.1 Memory Usage

GPU memory profiling revealed the following patterns:

Peak memory usage:

— Full fine-tuning: 38.2+1.1 GB (GPT-2 Large);

— LoRA (r=16): 18.1£0.6 GB (53% reduction);

— QLoRA (r=16): 12.31£0.4 GB (68% reduction);

— Adapters: 19.71£0.6 GB (48% reduction).

Memory usage dynamics:

— Gradient accumulation: critically important for large models;

— Batch size influence: linear dependency for all methods;

— Checkpointing optimization: additional 15-20% savings.

5.6.2 Training Time

Detailed training time measurements showed substantial differences between methods:
Factors affecting training time:

— Number of trainable parameters: primary factor;

— Model architecture: encoder-decoder slower than autoregressive;
— Data size: sub-quadratic dependency for efficient methods;

— Hardware configuration: affects absolute but not relative values.
Scaling by model size:

— GPT-2 Small - Medium: time increases by 2.1x (LoRA);

— GPT-2 Medium - Large: time increases by 1.8x (LoRA);

— Full tuning: more aggressive scaling (2.8x and 2.3x respectively).
5.6.3 Energy Consumption

Energy consumption measurements revealed environmental advantages of efficient methods:
Energy consumption (kWh per full training cycle):

— Full fine-tuning GPT-2 Large: 45.7+2.1 kWh;

— LoRA (r=16): 18.3+£1.2 kWh (60% reduction);

— QLORA (r=16): 21.8+1.5 kWh (52% reduction).

Economic and environmental conclusions:

— Reduced carbon footprint while maintaining quality;
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— Substantial operational cost savings;
— Improved technology accessibility for researchers.

5.7 Quality Analysis

Beyond quantitative metrics, detailed qualitative analysis of generated descriptions was conducted:

5.7.1 Expert Evaluation

A group of five experts evaluated 500 randomly selected examples according to the following criteria:

Evaluation criteria (scale 1-5):

— Factual accuracy: correspondence to real characteristics;

— Stylistic consistency: correspondence to expected style;

— Readability: naturalness and text fluency;

— Informativeness: completeness of presented information;

— Creativity: originality and attractiveness (for appropriate domains).
The results are shown in Table 2.

Table 2. Expert evaluation results

Method Accuracy Style Readability | Informativeness | Creativity
Full FT 4.2+0.3 4.1£0.4 4.3£0.2 4.0+0.3 3.8+0.5
LoRA (r=16) | 4.1+0.3 4.0+0.3 4.2+0.3 3.9+04 3.7+04
QLoRA 4.0£0.4 3.9:0.4 4.1+0.3 3.820.3 3.6x0.5
(r=16)

Adapters 3.8+0.5 3.7=0.5 3.9+04 3.6£0.5 3.4+0.6

5.7.2 Error Analysis

Systematic analysis of typical errors revealed the following patterns:

Error types and frequency:

— Factual inaccuracies: 8-12% (varies by domain);

— Stylistic inconsistencies: 5-8%;

— Repetitions and redundancy: 3-5%;

— Information incompleteness: 6-10%;

— Grammatical errors: 1-3%.

Domain-specific error patterns:

— Commercial descriptions: predominant factual inaccuracies in characteristics;
— Scientific abstracts: terminological errors and methodological inaccuracies;
— Media descriptions: subjective interpretations and stylistic inconsistencies.
5.7.3 Generation Diversity Analysis

Analysis of generated text diversity revealed important patterns:

Lexical diversity metrics:
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— Type-token ratio (TTR): measures vocabulary richness;
— Moving-average TTR: accounts for text length variations;
— Yule’s K: inverse measure of vocabulary concentration.
Semantic diversity analysis:

— Cosine similarity between generated examples;

— Semantic clustering of outputs;

— Novel phrase generation frequency.

Results showed that efficient fine-tuning methods maintain comparable diversity to full fine-tuning
while being significantly more resource-efficient.

5.8 Statistical Analysis

To ensure statistical significance of results, each experiment was conducted with five different
initializations (random seeds). Statistical processing included:

— Computing means and standard deviations;

— Conducting t-tests for group comparisons;

— Analysis of variance (ANOVA) for multiple comparisons;

— Correlation analysis between metrics;

— Constructing confidence intervals (95%).

For assessing practical significance of differences, threshold values were used:
— BLEU: 0.5 for significant difference;

— ROUGE-L: £0.3 for significant difference;

— BERTScore: £0.02 for significant difference;

— Training time: +10% for significant difference.

The analysis confirmed that the observed differences between methods are statistically significant
and practically meaningful for real applications.

6. Discussion
6.1 Interpretation of Main Findings

The research results demonstrate a fundamental paradigm shift in the approach to fine-tuning large
language models. The obtained data convincingly show that efficient fine-tuning methods are not simple
trade-offs between quality and resources, but represent qualitatively new approaches capable
of sometimes surpassing traditional methods.

Experimental results provide convincing support for the hypothesis about low-rank structure
of adaptation changes in language models. Particularly important is the observation that optimal rank
r varies depending on domain complexity but remains relatively small (8-32) even for large models with
billions of parameters.

The practical significance of this finding is hard to overestimate. The ability to achieve 98-99% of full
fine-tuning performance while using less than 5% of trainable parameters opens new horizons for applying
large language models under resource constraints.

6.2 Computational Efficiency and Sustainable Development

Energy consumption research results have significant environmental implications. 60% energy
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consumption reduction while maintaining quality represents a substantial contribution to sustainable
development of artificial intelligence technologies. When extrapolated to industry-scale Al applications, such
improvements can lead to significant carbon footprint reduction.

Particularly important is demonstrating that environmental benefits do not require quality sacrifices.
The traditional dilemma between performance and sustainability is largely resolved by efficient fine-tuning
methods.

6.3 Methodological Innovations and Contributions

The evaluation system developed within the research, including automatic metrics, expert evaluation,
and computational efficiency analysis, represents a methodological contribution to the field. Traditional
approaches to fine-tuning evaluation often focus on individual aspects of quality or efficiency, ignoring
important interdisciplinary connections.

Integration of economic metrics (training, inference, storage costs) into the evaluation system reflects
growing understanding of practical constraint importance in real applications.

6.4 Research Limitations and Future Directions

Despite the significance of obtained results, certain limitations should be acknowledged. Focus
on English data and description generation tasks limits direct applicability to multilingual scenarios and
other NLP task types. Future research should systematically study method efficiency on diverse languages
and tasks.

The static nature of considered fine-tuning scenarios does not cover important aspects of continual
learning and adaptation to changing data. Development of dynamic adaptation methods capable
of effectively dealing with catastrophic forgetting and continual learning represents a critically important
direction for future research.

7. Conclusion
7.1 Main Research Conclusions

The conducted research on fine-tuning methods for large language models in text description
generation led to several fundamental conclusions that significantly impact understanding and practical
application of natural language processing technologies.

First, the efficiency of low-rank adaptation methods, particularly LoRA and QLoRA, achieving 98-99%
of full fine-tuning performance while using less than 5% of trainable parameters, was convincingly
demonstrated. This result confirms the fundamental hypothesis about low-rank structure of adaptation
changes in neural networks.

Second, the research revealed critical importance of domain specificity in fine-tuning strategy
selection. Optimal adaptation parameters substantially vary depending on target domain complexity and
specificity: from rank 8 for media descriptions to rank 32 for scientific abstracts.

Third, significant advantages of efficient methods in computational efficiency and environmental
sustainability were demonstrated. 60% energy consumption reduction while maintaining result quality
represents an important contribution to sustainable development of artificial intelligence technologies.

7.2 Practical Implications

The practical significance of obtained results extends far beyond technical improvements. Reduced
computational resource requirements democratize access to advanced language modeling technologies,
making them available to a broader circle of researchers, startups, and developing countries.

The developed comprehensive evaluation system, including qualitative metrics, computational
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efficiency, and economic factors, provides practical tools for making informed decisions about fine-tuning
strategy selection in real applications.

7.3 Future Research Directions
Based on obtained results, several priority directions for future research can be identified:
7.3.1 Adaptive Rank Tuning Methods

Development of algorithms for automatic selection of optimal adaptation rank based on data
characteristics, model architecture, and quality requirements.

7.3.2 Multilingual and Cross-cultural Research

Systematic study of fine-tuning method efficiency on diverse languages with different morphological,
syntactic, and semantic characteristics.

7.3.3 Continual and Incremental Learning

Development of efficient fine-tuning methods for continual learning scenarios where the model must
adapt to new data without forgetting previously learned information.

7.4 Final Remarks

The conducted research demonstrates a fundamental shift in the approach to adapting large
language models. Efficient fine-tuning methods not only provide technical improvements but open new
possibilities for applying advanced Al technologies under resource constraints.

The confirmation of the low-rank hypothesis on diverse architectures and tasks provides a solid
foundation for further development of efficient adaptation methods. Domain specificity of optimal
parameters emphasizes the importance of adaptive approaches to fine-tuning strategy selection.

Environmental and social implications of obtained results extend beyond technical achievements.
Reduced computational requirements contribute to sustainable Al technology development and
democratization of access to advanced natural language processing tools.
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Kputepuu onpegeneHusa UHTenneKTyasabHOM ogapeHHOCTU

Tpy6auyeBa MapuHa BnapummpoBHa,
yunTeNb HaYyanbHbIX KNaccoB

MBOY COW Ne5 ¢ YWNOI

r. lWebeknHo Benropoackoi obnactu

KpVITepVIVI onpeapeneHus MHTenneKTyaanoﬁ oAapeHHOCTn (ocHoBbIBasicb Ha Knaccudyeckomn
rnenxognarHoctuke MHTeHHEKTa).'

— pebeHoK MMeeT BbICOKMIA KoahdumumeHT mHTennekTta (Boiwe 110, no Bekcnepy, 'vngoopay,
Kettenny n gp.);

— pe6eHOK OoTNnn4yaeTcs OCTpOTOI7I MblWEeHNA, HabnOaTeNnbHOCTbIO U UCKTIOYMTENbHOW namMsaTbio;

— MPOSIBNSIET BbIPAXEHHYID U Pa3HOCTOPOHHIOW N0603HATENbHOCTb; YacTo C FONIOBOM yX04MT
B TO WM UHOE 3aHATHE;

— OXOTHO W Nnerko y4ymTcs, BblOensaeTcsa ymMeHMeM XOopowo minaratb CBOW MbICNK, OEMOHCTPUPyeET
CcrnocobHoCTM K NpakTnyeCcKoMy NpmUnoxXeHuo 3HaHWA;

— ero 3HaHusi ropasno rnybxe, YeM y CBEPCTHUKOB;
— NpPOSIBNSIET UCKNOYNTENbHBIE CMOCOOHOCTM K peLleHmnio y4ebHbix 3aaay.

OCHOBHbIM oTnn4ynem akagemmyeckoim O00apPEHHOCTN oT MHTeﬂﬂeKTyaﬂbHOVI ABNAETCA
NCKNI0YMTENbHAs CrnocobHOCTb akageMmnyeckmn ooapeHHbIX jeten kK Fﬂy60KOMy NPOHNKHOBEHNIO BO BCe
yqe6Hb|e OncunnnnHbl N paBHO ycnelwHoe n yFHY6ﬂeHHOG n3y4yeHme BCexX WKOMbHbIX NMpeaMeToB. Kak yXxXe
oTMedanocb, K akagemmnyeckm odapeHHbIM OTHOCUM neTel, UMerwWwmnx OTNNYHbIeE OTMETKW MO BCEM
y'-le6HbIX npenomeTam, 4TO gasieko He Bcerga xapakTepHO O3 UHTeNnNeKTyasZlbHO O4apeHHbIX neTen.

Co unanbHoO-NINO0EepCcKn ogapeHHbie neTu.

CoumnanbHO omapeHHble LOeTU, Kak NpaBuno, MNPOSIBNSIOT NMAEPCKME KayecTBa, CrnOCOOHbI
B oOWweHUn co cBepcTHMKamm OpaTtb na cebs ponb PyKOBOOWUTENs, OpraHusaTopa, KoMaHaupa.
Nx oTnnyaeT paHoO cGHOPMMPOBABLLASICA couManbHas OTBETCTBEHHOCTb 3a APYruX, paHHee CTaHOBNEeHNe
MOpaNbHO-HPABCTBEHHbIX M 3TUYECKUX LEHHOCTEN, YMEHME pellaTb MeXNYHOCTHbIE KOH MUK TbI, 0COObIN
aBTOPUTET Cpeamn CBEPCTHUKOB U y Neaaroros.

Heobxooumo 06patvTb BHMMaHWE na TOT (oakT, YTO COUMANbHO-NMOEPCKM OHAPEHHble OeTu
0COBEHHO HyXOalTcs B cneunanbHO OpraHn3oBaHHO yyebHoO-BOCNMTATENbHOW cpene, rae MoryT HaiTu
BO3MOXHOCTW 418 UHAUBUAYANbHOW camopeanvsaumm U agekBaTHOro camoBbipaxeHus. B 1ol wkone,
roe OeTsM He MHTePEeCHO, rae OHW Mano KOMY HY>XHbI, COLMaNnbHO-NMOEPCKN OfapeHHble OeTU He HaxooaT
cebe MecTa, 4acTo yXO0HAT «Ha ynuuy», NPOsSBAAs cebs Kak «oTpuuaTeNbHble NMaepbl», CaMOBbI-
paxatTcs B acoumanbHblx chopmax MNoBedeHusi, coobpasysicb C 3akoHamy U TpeboBaHUSIMU yNULbI
N pedpepeHTHON cpelbl 0bweHns.

Xy[0XeCTBEeHHO-3CTeTMUYECKU 04 apeHHble OeTu.

detn ¢ Xy,ﬂO)KeCTBeHHO-QCTETM'-IeCKOﬁ O4apeHHOCTbIO NMEKT APKO BblipaXeHHble TBOpYeckune
C|'|0C06HOCTVI, OCHOBaHHble Ha co4YeTaHWUn BbICOKOPA3BUTOIro NOrM4YeCKoro M TBOPYECKOro MbllWneHns.
K atoii xe rpynne OTHeCcAT neTen, OOCTUrInX ycnexos B Kakux-nnbo obnacrtsx Xyno>XeCTBeHHOro
TBOpYecCcTBa: MYy3blKaHTOB, MO3TOB, XydOXHWKOB, WaxMaTucToB N p,p)

32 EBpasnincknin HayuHblin XypHan



Meparornyeckune HayKun

KpeatnBHOCTb SiBNSIeTCS OOHUM M3 BaXXHeWWMX 06pa3oBaHUii, XxapakTepHbIX ANs XyO0XECTBEHHO
o0apeHHbIX OeTe.

CocTtaBHbIMK YacTsaMU KpeaTusHocTK (HO E. . ToppeHcy) sBnsoTCsa cnegyouwme:

— ocobas 4yBCTBMTENbHOCTb pebeHka kK npobnemam, BO3HMKAOWMM B XO0Ae MPaKTUYECKOWA
NesaTeNnbHOCTY;

— OlyLleHne HeyooBEeTBOPEHHOCTM N HEJOCTATOYHOCTU CBOUX 3HAHWIA;

— 4YYyBCTBUTENbHOCTb K OTCYTCTBYHOWMM  3JIEMEHTaM, K nmoboro poaoa aOucrapMoHun,
HEeCOOTBETCTBUIO;

— OMNO3HaHne BO3HMKaWnx npo6neM; NOUCK HECTaHOAPTHbIX peLuean7|;

— Jorajgku, CBa3aHHble C HeJoCTalowWmMM Onsa pelweHus, oopmynmposaHue runoTes;

— MpoBepKa 3aTuUX rmnoTes, ux Moamgukauma n agantaums, a Takxe cooémeHme pe3ynbTaTtos.
CnOpTVIBHO n d)l/l3|/l‘-leCKV| ogapeHHble aeTun.

CnopTMBHO N ¢hbn3anyeckn onapeHHble 4eTh NMEIOT BbICOKUIA YPOBEHb (PU3NYECKOI MOArOTOBKM,
OTNNYAIOTCA XOPOWWM 300POBbEM, aKTMBHOCTbK W BbIHOC/MBOCTbIO, MEPEBbLINONHSAT CMOPTUBHbIE
HOpMaTKMBbl (CNOPTMBHAS MW ABUraTenbHas 04apeHHOCTb).
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NonuHa CemuHa: Kak ynpaBnatb MeXayHapoaoHoOU KoMaHOoun
yBhaneHHo u nobuBatbCs pe3ynbTaToOB, HAXOAACb B pa3HbIX
cTpaHax

MonuHa CemuHa
MpooxekT meHenxep B PuHTex

AHHOTaumus: B HacTosiwesi crarbe UCCAeayroTCs M CUCTeMarusupyroTCsl rnoaxoabl K yrpasB/ieHWo
MEeXAyHapOoaHbIMU MPOEKTHbIMU KOMaHgamu, COyHKUMOHUPYOWMMY B yaoaneHHoM dpopmare. Llenbto
uccnenoBsaHus  sBnsietcs  paspaborka  KOMIJIEKCHOVW — MOAENnW  yrnpas/ieHus,  03BOJSIOLEN
MUHUMU3NPOBATL  PUCKYM,  CBSI3@HHbIE C  Feorpagou4eckosi  pacrpeneneHHOCTb0,  BPEeMEeHHbIMU
Y KyNbTYPHbIMU PA3INYNSIMU, U TOBLICUTL 3PGPEKTUBHOCTL NMPOEKTHOM AesTenbHOCTU. B pabore npoBeneH
aHann3 TeopeTnYecknx OCHOB yrnpaBieHusl rnobanbHbIMU BUPTYa/lbHbIMU KOMaHAamu, BKIO4Yas Teopum
MEXKY/NIbTYPHbIX KOMMYyHUKaUuii u qbopMupoBaHus noBepusi B umgpoBovi cpege. [lpeanoxeHa
TPEXKOMIMOHEHTHasT OnepaunoHHasl MOAE/b, OXBarbiBalolwasi TEeXHOMOMNYeCKyo UHGPAaCTPyKTypy,
craHgapTu3aumio rnpoLUeccoB v agantuBHOe Nn[epcTBo. Pe3ynbrarbi UCCIe0BaHNs [EMOHCTPUPYIOT, YTO
ycrex ynpaB/ieHns pacrpeneneHHbIMY KoMaHAaMy 3aBUCUT OT CO3HATE/TbHOro NPoeKTMpoBaHusi paboyeri
cpeabl, a He OT UHTYUTUBHbIX peleHui. lpakTtndeckas 3Ha4MMOCTb CTaTbW 3aK/T04aeTCsl B BO3MOXHOCTM
MPUMEHEHNS NPeaT0XeHHON MOAENN PyKOBOAUTENSIMUA MPOEKTOB B PAa3/INYHbIX OTPACNSX A5 CO34aHUS
YCTONYNBBIX Y BbICOKOMPON3BOANTENNbHbLIX MEXAYHAPOAHbLIX KOMAHA.

KnroueBble cnoBa: ynpaB/ieHWe MpoekTamy, MeXAayHapodHble KOMaHAbl, yaaneHHas pabora,
Kpocc-KynbTypHas KOMMYHuKaLMS, BUPTyalbHble KOMaHAbl, /UOepCcTBO, pacripedeseHHasl KoMmaHaa,
ynpasrneHne aghGheKTUBHOCThHO.

Polina Semina: How to Manage an International Team Remotely and Achieve Results While
Living in Different Countries

Abstract: This article examines and systematizes approaches to managing international project
teams operating remotely. The purpose of the study is to develop a comprehensive management modei
that minimizes the risks associated with geographical distribution, time and cultural differences, and
improves the efficiency of project activities. The paper analyzes the theoretical foundations of managing
global virtual teams, including theories of intercultural communications and trust building in the digital
environment. A three-component operating model is proposed, covering technological infrastructure,
process standardization, and adaptive leadership. The results of the study demonstrate that the success
of managing distributed teams depends on the conscious design of the working environment, rather than
on intuitive decisions. The practical significance of the article lies in the possibility of applying the proposed
model by project managers in various industries to create sustainable and highly productive international
teams.

Keywords: project management, international teams, remote work, cross-cultural communication,
virtual teams, leadership, distributed team, performance management.

B ycnoeusix rnobannsaumm SKOHOMUKM W UUPPOBOIA TpaHcdopmauun 6usHec-npoLeccoB
MeXayHapodHble pacnpeneneHHble KoMaHObl CTAHOBATCHA HE UCKJ/II0YEeHMEeM, a HOPMON opraHn3aunoHHOM
CTPYKTYpbl. BO3MOXHOCTb npmBnekaTb CNeunmannucToB U3 pasHbiX CTPaH MMpa NpeaoCcTaBngaeT KoMnaHusm
OOCTYN K YHMKaNbHbIM KOMMETEHUMSIM 1 MO3BONSAET onTuMmnauposaTtb pecypcbl. OgHako Takas dopma
opraHMsauum conpsixeHa co cneumpuyeckMMn BbI30OBaAMWU: PasfinuMs B 4acCOBbIX MOSACaX, KYNbTYPHbIX
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SKOHOMUYeckmne HayKun

HopMax, CTUNSIX KOMMYHUKaUUW U 3akoHodaTeNbHbiXx Hasax co3maloT 3HauYNTesNbHble NPensaTcTBUS OIS
3 PEeKTNBHOI COBMECTHOI paboThbl. AKTyanbHOCTb OAHHOFO WCCNEeOoBaHUSI ycunmeaeTtcsl rnobanbHbIM
nepexoaoM K MOLENSM yAaneHHon U rmbpuaHoi 3aHATOCTW, YTO TpebyeT OT MPOEKTHOro MeHeLXMeHTa
nepecMoTpa TPaOMUMOHHbIX MOOXOOOB W pa3paboTkyM HOBbIX, 6onee TUMOKUX U  TEXHONOTMYHbIX
mMeTomonoruii. Llenbto HacToswen ctaTtby ABASETCA aHanM3 U CUCTEMATM3AUUSA HayYHO-MPaKTMYECKUX
NoJOX040B K YNpaBieHUI0 MeX AYHaPOAHbIMW yAaeHHbIMW KOMaHaamMn A5 NoBblleHWs pe3ynbTaTUBHOCTHU
NPOEKTHOM OeATENbHOCTMW.

TeopeTquCKMe OCHOBbI ynpaBJjieHUus rno6anbHbiMK BUPTyaZibHbIMU KOMaHOaMn

MnobanbHas BupTyanbHas komanga (BK) onpepensetcs kak rpynna reorpadouyecku w/vnu
OpraHM3aunoHHO pacnpenenieHHblX CneumMannucToB, KOTOPble B3aMMOIENCTBYIOT NPEMMYLLECTBEHHO
C MOMOWbIO MHGOPMALMOHHO-KOMMYHUKALUMOHHBIX TEXHONOTMA Ans OocTuxeHus obwein uenn [2].
OO PEKTUBHOCTL TakMx KOMaHL HanpsiMylo 3aBUCUT OT CNOCOOHOCTM MeHenXMeHTa npeodoneTb
H6apbepbl, 06yCNOBNEHHbBIE PACCTOSHNEM.

dyHOoaMeHTanbHOW TeopeTNYeckoin 6a3o ANs aHannsa MeXxKynbTypHOro B3auMOAENCTBUS CNYXUT
MOOENb KYyNbTypHbIX uaMepeHun . Xodpctepe. Takme napameTpbl, KakK «OUCTaHUWS BRacTu»,
«MHOVBNLOYaNN3M-KONNEKTUBN3M», «n3DeraHne HeonpeneneHHoCTU», OKasblBaldT MpPsSAMOe BAUSIHUE
Ha pabouve npouecchl. Hanpumep, B KynbTypax C BbiCOKOW auctaHumer sBnactu (PDI) coTpyaHmku mMoryT
OblTb HEe CKOHHbI OCMnapvBaTb PELWeHNs pPyKoBOAUTENS, 4TO TpebyeT co3maHus cneumanbHbIX
MEXaHW3MOB AN15 Nony4YyeHns obpaTHOW CBA3W. B KONNEKTUBUCTCKUX KyNbTypax rapMoOHUS B rpynne MoXxeT
LEHUTbCS Bblle NPSMONMHENHON KPUTMKKU, YTO HEOOXOAMMO YYMTbiBaTb MNPV OpraHmM3auuv npoLeccoB
peueHanpoBaHus paboThbl [3].

WccneposaHua C.J1. Speennaa u L.E. JlelinHep nokasanu, 4To B BUPTyaNnbHbIX KOMaHaax OOBEpUE
hopMMpyeTCS MO UHOMY MPUHLNMNY, HEXENN B TPaAUUMOHHBbIX. DeHoMeH «BbicTporo gosepusi» (swift trust)
BO3HMKAeT Ha OCHOBE MnepBOHaYaNbHbIX NPOXECCMOHANbHbLIX BREYaTNeHUA 1 YeTKOro pacnpeneneHus
poneii, a He Ha 6ase ANMTENbHbIX MEX/IMYHOCTHBIX OTHOWEHWIA. MNoanepXxaHue Takoro nosepus Tpebyet
OT PYKOBOAUTENS MOCTOSHHOW [OEMOHCTpauMM KOMMETEHTHOCTW, HAadeXHOCTW U npeackasyemocTu
B KOMMYyHMKaumsx [4].

OnepaunoHHasi Mogesb yNpaB/ieHUsl pacnpeneneHHoNn KOMaHa,om

Ha ocHoBe aHanusa TeopeTndeckunx KOHUenuum wu npakTn4eckKoro onbita MOXHO NpeanoXwutb
TPEXKOMIMOHEHTHYIO MOAENb ynpaBneHuns Mex,uyHaponHon yuaneHHon KOMaHIon.

— KowmnoHeHT 1: EpmnHas texHonorndeckas mHdpactpykrypa. OcHOBOV Ons B3aUMOAENCTBUS
pacnpeneneHHon KoMmaHabl SBASETCA YHUPUUMPOBAHHOE UMpoBoe paboyee npocTpaHcTBo. OHo
LOJIXHO BKNoYaTh B cebs:

— Cuctemy ynpasneHuMs npoekTamu (Hanpumep, Jira, Asana) [Ons NOCTaHOBKM 3ajau,
OTCNeXuBaHnsa nporpecca n ynpasneHust 6akorom.

— [MnatcpopMy ONS  CUHXPOHHbLIX  KOMMYyHMKauuiA  (BUOEOKOHMEpeHUUn, KoprnopaTuBHble
MecceHaXepbl) Onsi NpoBEAEHUSI COBELaHWUiA 1 onepaTUBHOIO peLeHns BONPOCOB.

— WVHCTpyMEeHTbI ons acUHXPOHHOro B3ammonencTens (obwme 6asbl 3HaHW, obnayHbie XxpaHunuwa,
LOCKM AN COBMECTHOW paboTbl Tvna Miro) ons obMeHa nHgoopmaumein 6e3 NpruBA3KM K HaCoBbIM NOSiCaM.
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Highest collaboration growth segments

60%
30% 30%
24%
teamwork communication video- unified communication- contact center-
apps Paas as-a-service as-a-service as-a-service

— KowmnoHeHt 2: CraHpapTM3aumsi MpoLECcCOB U KOMMYHUKAUMOHHble npoTokonbl. [ns
MUHUMM3AUMM  HEAONMOHMMaHMA W xaoca HeobxoAMMO CO3HaTeNbHO MPOEeKTMpoBaTb MpasBuna
B3aummopmencteng. LleHTpanbHbIM OOKYMEHTOM CTaHOBUTCA «YCTaB KOMMYyHukauumin» (Communication
Charter). 9T10T DOKYMEHT chopmanunayer:

— lMpepnoyTnTenbHble KaHanbl ANs pasHbliX TMNOB coobweHuiA (Hanpumep, email ons oguuranbHbIX
OTYETOB, YaT As1a ObICTPbIX BOMPOCOB).

— Oxupgaemoe BpeMsi peakuuy Ha coobLeHns B pasHbix KaHanax.

— I'Ipanma nposeneHns COoBeLaHui: obsizaTenobHas noBecTKa, BPEMEHHbIEe pamKku,
npoToOKO/InpoBaHne pemeHvu7| N X paccblnka BCeM y4aCTHUKaM.

— EAvHbIA 93bIK ANn8 AOKYMEHTauunM U doopManbHbiX KOMMYHUKALNIA.

Tools preferred by teams using message-based platforms

N\

0 =)V 0 : 0
57% 52% 19%
collaborative document editing team collaboration platforms/apps anline video conferencing

— KomnoHeHT 3: ApanTMBHOe NUAEPCTBO M ynpaBneHWe No peaynbrataM. B ypaneHHoM
chopmaTte KOHTPONb CMelwaeTcs C npouecca BbiNonHeHus paboTbl Ha ee pesynbTaT. PykoBoauTenb
npoekTa 13 «HaAsupaTtens» npespalwaeTcs B «gpacunutatopa» u «kKynbTypHoro 6pokepa». Ero sagauu:

— lMocTaHoBKa YeTkMx, n3amepumbix uenei (no metogonormam OKR nnm SMART).
— ObecneyeHne KoMaHabl BCEMU HEOOX0AMMbBIMU pecypcamu U ycTpaHeHne NpensTCTBUiA.

— PerynspHoe npoBegeHue uwHOMBMOyanbHbiX BCTped (1-on-1) ana obcyxneHus nporpecca,
MOTMBALMM U MONYYEHNS NNYHON 0BpaTHOI CBA3MN.

— Mogepaums MeXKynbTypHbIX B3aMOAENCTBUIA 1 paspeweHne KOH(NINKTOB, BO3HMKAOWMX 13-3a
pasHuLbl B BOCNIPUATUN 1 CTUASX paboThbl.

AHanus KPOCC-KYJ/IbTYPHbIX PUCKOB U CTpAaTerum nx Mmmturaummn

Paznnuma B KynbTypHbIX KoZax SBASOTCA WUCTOYHUKOM CEpPbe3HbIX PUCKOB B MPOEKTHOM
nesiTenbHocTW. Hanpumep, NpsIMONUHENRHbIA CTUNb 06paTHON CBA3U, MPUHSTHIA B HU3KOKOHTEKCTHbIX
kynbtypax (Fepmanus, CLWA), MoxeT ObiTb BOCAPUHAT Kak rpybocTb M HeyBaXXeHue npeacTaBUTensiMm
BbICOKOKOHTEKCTHbIX KynbTyp (SnoHus, cTpaHbl BnuxHero Boctoka), roe 60nbwoe 3HaYeHWe WUMET
HeJockal3aHHOCTb 1 HeBepbanbHble curHans [3].

Ins ynpasneHnsa aTuMn puckamm HeO6XO,EI,I/|MO NPUMEHATb KOHKPETHbIE CTpaTernn.
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O6yuyeHue M uHcpopmMupoBaHue: NpoBeneHe BBOAHbLIX TPEHWUHIOB ANSi KOMaHpbl, MOCBSIEHHbIX
KyNbTYPHbIM OCOBEHHOCTAM CTPaH-yYacTHUL, MPOeKTa.

JenepcoHanu3auus o6paTHON CBA3MN: Vicnonb30BaHUE CTPYKTYPUPOBAHHbBIX (0OPMAaTOB, TaKMX Kak
meTon «Start, Stop, Continue», KOTOpbIN OOKyCMpPyeTCa Ha OeACTBUSIX, & HE Ha NNYHOCTH.

Co3paHue «TpeTbel KynbTypbl»: DOpMUMPOBaHME YHMKANbHOrO Habopa HOPM W MpPaBUN BHYTPW
KOMaHbl, KOTOPbIA SBNSETCA KOMNPOMUCCOM MeX Ay KyNbTypaMu ee y4acTHUKOB 1 3aKkpenneH B «YcTase
KOMMYHUKaLUA».

Wccneposanns . Xunaoc u M. MopTeHCeH nokasblBatoT, 4TO Hanuume obweli KoMaHAHOW
WOEHTMYHOCTU CYILECTBEHHO CHUXAaeT YPOBEHb KOHMNUKTOB B pacnpefeneHHbXx komaHgax [1].
dopmMMpoBaHMe TakoW WOEHTUYHOCTM Yepe3d obwue uenu, putyanbl (HanpuMmep, BUPTyanbHble
HedoopManbHble BCTPEYN) 1 yCnexu SBAseTca NpsaMon 3ajayert NpoOeKTHOro MeHeaxepa.

What's your biggest struggle with
working remotely?

I  22% Unplugging after work
I 19% Loneliness
I 17% Collaborating and/or communication
10% Distractions at home
8% Being in a different timezone than teammates

I 8% Staying motivated
I 7% Taking vacation time

I 4% Other
3% Finding reliable wifi

State of Remote Report / 2019

buffer.com/state-of-remote-2019

lMpenonoxeHHas TPEXKOMMOHEHTHAs MOAENb OEMOHCTPUPYeT, 4TOo 3(PEKTUBHOE YynpaBneHue
MeXOyHapoAaHOA KOMaHION He MOXeT CBOAUTbCA NUlb K BHEOPEHWUID TEeXHONOrMYeckux pelleHui.
TexHonorum cosfatoT NUlWb BO3MOXHOCTb A8 KOMMYHMKaLMW, TOrha Kak ee KayecTBO ornpenensietcs
npoueccamn n nugepcteoM. CTaHaapTM3auMs MPOTOKONOB B3aMMOLENCTBMSA CHUXAET KOFHUTUBHYIO
Harpysky Ha Y4YaCTHWKOB W MUHMMU3MPYET BEPOSATHOCTb OWMOOK, OOYCNOBNEHHbIX HEBEPHOW
nMHTepnpeTtauven. ApanTuBHOe nMAEPCTBO, B CBOK OYyepedp, obecneumBaeT ruMBKOCTb CUCTEMBI
M ee CnocobHOCTb CNpPaBnsTbCH C HEM3OEXHBLIMU MEXKYNbTYpHbIMU TpeHusiMu. COBOKYMHOCTb 3TKX
3NIEMEHTOB CO3JaeT CTPYKTYpUpPOBAHHYIO U1 npeAackasyemyilo pabouyld cpeny, 4TO, COrfiacHo
nuccnepoBaHuaMm, aBngeTca  (pyHOamMeHToM  ong  (POPMUMPOBAHWS  OOBEPUS U MCUXONOrMYEeCKOM
6e30nacHOCTM B BUPTYyanbHbIX KOMaHaax [4].

YnpaBneHve MexXJIyHapoOHbIMW yAaneHHbIMUM KOMaHaamy npencTtaensieT  coboil  CNoXHyto,
MHOrobakTopHyl0 3amadvy, Tpebytlylo 0T PyKOBOAUTENS MPOEeKTa KOMMETEeHUMA He Tonbko B obnactu
KNacCU4Yeckoro MEHeAXMeHTa, HO U B cgoepax KpPOCC-KYNbTYPHbIX KOMMYHWUKaUWA, MCUXONOrUn
n TexHonoruii. [poBedeHHbI aHanuMa nokasan, 4YTO Yycrnex Takoi [OesTeNbHOCTM onpenensiercs
CUCTEMHBIM 1 OCO3HAHHbIM MNOAX0A0M K NMPOEKTUPOBAHUIO BCEX aCNeKTOB B3aMOLECTBUSI.

NHTerpvpoBaHHasa Mogenb, BKAOYalOWas CO34aHME €IOUHONW TEXHONOrM4Yeckol nnaTtgopMmbl,
pa3paboTKy YeTKMX KOMMYHUKALMOHHbIX MPOTOKOJ/IOB 1 MPUMEHEHME MPUHLMNOB aaanTMBHOMO NOepcTBa,
NO3BONSET HWBENUPOBATb HEraTuBHblie 3PEEKTLI reorpacpuyeckort 1 KynbTypHOW pacnpeneneHHOCTHU.
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MpakTrnyeckme pekoMeHOauuym cCBoOATCS K HeobXoOMMOCTM MHBECTUPOBATb BPEMsl Ha cTapTe npoekTta
B COBMECTHYI pas3paboTky «npaBun uUrpbl», 0byyeHWe KOoMaHObl W BbiCTpauBaHWe [LOBEPUTENbHbIX
OTHOWEHWA. MpeanoXeHHbI NOAXoL SABNSETCS YHMBEpPCaNbHbIM M MOXeT OblTb aganTUpOBaH ANns
MPOEKTHbIX KOMaHA pas3fiMyHOro pasmepa M OTpacieBoil NPUHAANEXHOCTU, CTPEMSLUMXCS UCMONb30BaTh
npeuMylecTsa rnobanbHOro poiHka TanaHToB.
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PelwieHne npobnembl nepepaboTku TeTpanaka

Tackaesa JliogmMuna MNMeTpoBHa

YyYATENb BbICWEN KAaTeropumn nuankn 1 acTpoOHOMMM
"'MMHasum 14 r. Tomens, Benapycob.

E-mail: sunny-tanka@mail.ru

Bce Mbl Xxopowo 3HakoMbl C TeTpanakoM, B KOTOPOM MpoAaloT MOJIOYHYIO MPOLyKUMIO, COK,
hpYyKTOBbIE M OBOLWHbIE Niope. Kax ablii rof (cTat. nHgpopmaums Ha MomeHT 03.08.2024) BbibpacbiBaeTcs
6onee 20 TbiCSY TOHH TAKOro BMAA YNakOBKWU, MKOC 2 ThICAYM TOHH 3TO OTXOAbl MPOW3BOACTBA LAHHOIO
BUAA YNakoBKW, CyMMapHO 22 TbiCAYM TOHH TeTpanaka, COCTOSLWEro W3 HEeCKONbKUX CNoéB KapToHa,
nonnatuneHa un anomuHus. Mpouecc ero nepepaboTkyM CNOXHbIA M goporoi. [lonroe BpeMs B Hawew
CTpaHe He 6bINO cneumanbHbIX MOWHOCTEN, KOTOpble cnpaBunucb Obl ¢ aToi 3apayei. OpHako B 2021
rogy B [lyxoBmyckom parioHe MwuHckolh obnactm (nocenok Csetnbii Bop) 3apabortano nepsoe
W €OVHCTBEHHOE NPOM3BOACTBO NO nepepaboTke KOMOWMHWPOBAHHOW YMAKOBKM B MPOMbIWAEHHbIX
o6 bémax.

Tonbko BoAa M 3aKOHbI (PU3NKMN.

«[lpnHMaem TeTpanak M3 cocTasa OTXOO0B MPOW3BOACTBA OpPraHv3auuin, KoTopble ddacytoT CBOIO
nNPoayKUMIO B Takyl ynakosky. Kak npasuno, oHa uuwe, MHOrga BCTPEeYaloTCs He TONMbKO YMakOBKM
pOCChbINbIO, HO W PYNOHbl ONAS% 3arOTOBKU MNAakeTOB, KOTOPble MO KakMM-TO MNpuMyMHaMm He nonanv
Ha Npon3BoAcTBo, — rosoput gupektop OO0 «Tunnnt-Ben» — ynpasnsowmin opraHmdauun «benrunc-
aKo» IOmutpui Jlasdypa. — KoHeuHo, npuHMMaeM tetpanak n ot opraHuadaumnin XKX, KkoTopble n3snekawT
€ro 13 coctaBa KOMMyHasbHbIX OTXOA0B Ha NIMHUSIX COPTUPOBKM MM MycoponepepabaTtbiBalowWwmx 3aBoaax,
04HaKOo, Takasl ynakoBka CWUNbHO 3arpsi3HeHa ocTaTkamu MPOAYKTOB U ObiTOBbIM MYCOPOM, MO3TOMY
BCTpeYaeM €€ HEOXOTHO, MCXOOHOE CbipbE& NosyYyaeTCs 3HAYNTENbHO Xy AWero kayecTsar.

Yem Xxe oTnmyaeTcs TeTpanak oT 0OblYHOW KapTOHHOW Kopobkn. Beaop Ha nepBbili B3rns kaxeTcs,
YTO 9Ta yNakoBka cAenaHa U3 KapToHa.

Ha caMoM Xxe pene 310 CNOXHOE U3genue, KoTopoe MMeeT OT WeCcTu J0 AeBATn cnoés. TeTpanak
Ha 75% COCTOMT U3 KapTOHa, 3TO Npasaa, Ho Ha 20-22% TakK Xe 3T0 NonnaTuneH n Ha 3-5% npuxoanTcs
antoMUHUN.

COCTABYNAKOBKN o,
TETRA PAK

BHYTPEHHWI CNOM NONMITUNEHA —_

CIOM CTEUMANSHOND NMGTIAIERA S KOHTASTA ¢ PGEYTI0N

CBA3YIOLLMA CNOW NONHITUMEHA ~

A0 CRAIIBALT 0MLTY ¢ HCOGHN MALEBMM RONHITLALHOM

Y —

‘TOMVEMHA S0RBIH B YRAKDGKE TETRA PAK — BOETD 6 MR, S
B ACENTHYECNON YTAKOEXE, NOISONMOMER IPAHTE NPOYKTH —
BE3 CLAANEHIR, SOML LAMILIAET NPOAYKT OF CONKENHOM .
CBATA, KACROPOA W NPOHMKHOBEMA TATAOOR. —~
o ~—

CBA3YIOWMIA CNOM NONUITHNEHA—
. TOHIAA {NOA NHIEROID NOAMGTIAERA '/ -

KAPTOH— | > @

KAPTOH — OCHORA YTAKDEKH TETRA PAX, /
OF NNARAET SOPMY M OTEEMAET 34 NAONMOCTS. //
BHELUHMIA CNOV NOMMITHAEHA—— 72

HEBAET YEWAROBKE NIPOTERATE W FERAICTENEY RPOHRKHOBENHN
AT MISHE. TAKKE TALUMEAET MAHECERNINO HA KAPTOH NENATS.

/

PucyHok 1. CTpykTypa MHOIrOCNOWHOW yNakoBKK TeTpanak.
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Mntocbl TeTpanaka o4eBUAHbI HACTONBbKO, YTO OT HEro He Tak-TO MPOCTO 0TKa3aTbCsl, a BO BpeMeHa
CaHKUMA M BOBCE HE HaWIOCb BHATHOW anbTepHaTMBbl ANS OAHHOTO poAa YMnakoBKM M MPULLNIOCH
ocBavBaTb TEXHONOrMIO €ro W3roTOBJEHWS CBOUMW CUNaMW, paHee YNakoBKy CTpaHa 3akynana
NCKNIOYNTENbHO 3a pybexom:

— [JaHHa4d ynakoBka npoyHas n odHOBPEMEHHO nérkas.

— cnocobcTByeT [LONrOMYy XpPaHEHMI0 MNPOLYKTOB, MOTOMY Kak CNOW anioMUHUS NpensiTcTByeT
pasBUTMIO MUKPOOPraHW3MOB, 3a CYET 3TOro MPOAyKUMS B OAHHON YNakoBKE MOXET XpaHuTbcs 6e3
XONOAWNbHMKA Fofl, YTO BbIFOAHO OT/NMYaeT OaHHY YMakoBKy OT OPYroi Tapbl U3 cTekna, Metanna uam
nnacTuka.

Ho NMOMMMO OrpOMHbIX M OYEBUAHBIX MAKOCOB, Yy TeTpanaka eCTb CyWECTBEHHbIA HELOCTAaTOK—Ero
pasnoxeHne B eCTECTBEHHOW cpede 3aHmmaeT okono 500 net! A ona nepepaboTkm 3TOro HENPOCTOro
matepunana tpebyetcs B OBa pasa bOonblue sHepreTMyeckmx 3aTpart Mno CpaBHEHUO C nepepaboTkoi,
K NpyMepy, MakynaTypbl, B YaCTHOCTY KapToHa.

Xon nepepaboTky TeTpanaka Ha [lyxOBMYCKOM 3aBOAE MNPOWMCXOOMT CaMbiM PACMPOCTPAHEHHbLIM
MeToOOM nepepaboTkyu TeTpanaka B MUPe— 3a CYET W3BNEYEHUS W3 HErO LENNN03HOTO BOJIOKHA
MOKpbIM cnocobom npu nomowwm ruapopasbrsatenei.

Morpyaunk nopaéT TeTpanak Ha KOHBelep crneumanbHoro obopynoBaHus—ruapopasbusatens,
KOTOPbIA N0 NPUHUMMNY OENCTBUS HANOMWHAET OFPOMHYIO CTUpasbHYyO MawwHy, B KOTOPOW MpPouMcXoauT
WHTEHCMBHOWN MepeMewmnBaHne 3arpyXeHHol ynakosku ¢ Boaon. Ha ogHy 3arpyaky B 350 kr TeTpanaka
B CyXOM BuAae Heobxoammo nobasutb 4,5 TOHHbI BOIbI!

®doT0 1. bak ¢ poTopoM rugpopasbusaTens.

NHTepecHo o6paTuTb BHWMAHWE, YTO creumanbHas KoHgurypauusi obopynoBaHusi MO3BONSET
n3BneYyb LUENN0N03HOE BONIOKHO TONbKO 33 CYET MPUMEHEHMSI 3aKOHOB (PM3UKU U Boabl, 6e3 xumun
N BPeOHbIX BELWECTB, YTO BaxHO. Llukn pa3BonokHeHMs (TO eCTb OTOENEeHUs LeNnoNo3HOro BONOKHA
OT MONUMEPHbIX 1 aNtOMUHUEBBLIX CNOEB YNakoBKM) Taknum 06pas3oM 3aHnMaeT 0KOMO ABYX Yacos!

Lns cpaBHeHWs, obblyHas Bymara u KapToH pacnyckarTcs npoue. Tak Kak pa3Bo/IOKHEHME UX NAET
Nno BCEel NOBEpPXHOCTU MaTepnana. Y teTpanaka Xxe n3-3a oknenkm nonmaTuneHoBon NNEHKON BHYTPEHHER
N BHEWHEN YacTeil YynakoBKM pPOCMYCK HauyMHAETCs TONbKO C TOPUOBLIX 4YacTein u Tpebyet
OOMONHUTENbHbBIX YCUNWA N BPEMEHHbLIX 3aTpaTt, YeM MeTon Tak Xe HecosepweHeH. CHayana HyXHo
OTAENUTb NNEHKY U TONBbKO NOCNe 3TOro LeNnno3HblA MaTepuan pacnyckaertcs.

Ha Bbixoge nonyyaetca nOBa wWHrpungmneHta: UEeNnnsio3Hoe BOJIOKHO CO 3HAYNTENBHON YacTblo
TEXHOJIOrMYEeCKOn BOObl M NONMANIOMUHMEBAS CMECb (I'IOJ'IVISTVIJ'IeHOBaﬂ nnéxka c aJ'II-OMVIHVIeM).

3aBeplialowmnin TEXHONOrMYECKMIn NPOLLECC COCTOUT B TOM, YTO MOJSlyYEHHOE BONIOKHO nmepenaéTtcs
Ha KapTOHOOEnaTefNbHYylD MalWuHy, ONAMHA KOTOPOM cocTaBnseT okono 60 MeTpoB. 30eCb BOJIOKHO
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n3baenseTcs oT BOObl U CKNEMBAETCS B NUCTbl HOBOrO KapToHa. Ha Bbixoge n3 100 kr BoBrekaemoro
B nepepaboTky cbipbsi 60 kr B BuMAE BONOKHA WMCMO/Mb3yeTCs B MPOW3BOACTBE KapTOHA, KOTOPbIiA
nocrtaenseTcs Ha mebenbHble npeanpusaTnsa. A 40 Kr 3To NonvantoMUHMEBAsI CMECb, OHA 3KCMOPTUPYETCS
Ha nepepaboTky B Poccuto, Tak kKak B Halel cTpaHe OHa noka He Halna CBOEro NPUMEHEHMS.

B cTpaHe-cocenke u3 aToro Mmatepmana cos3galT BTOPUYHYIO NOMMEPHYIO rpaHyny Uam NCnonb3yoT
0198 NpOM3BOACTBA MOJIMEpnecyaHblX U3OeNUA—IMaNToOK, CKaMmeek, KaHanu3auMOHHbIX JII0KOB,
3BYKOM30NAUMOHHBLIX naHenen. A ewé 13 Hero MOXHO M3roToBUTb pacaiHble naHenu Ans obAnLoBKK
30aHuiA, KPOBE/bHblE MaTepuansl U gaxe pyyku ¢ 6nokHotamu. CywecTByeT TexHonorus nobaBneHus
NONNaniOMUHNEBO CMECU B LOPOXHOE MOKpbiTMe, Bnarogaps 4Yemy ynyywailoTCs ero CBOWCTBa npwu
MOBbIWEHHbIX TemnepaTtypax. Tak, acganbT Ha OCHOBe BMTyMa apPEKTUBEH B OMana3oHe TemrepaTtyp
oT —18 mo +47 rpagycos Uenbcus. Ecnn Temnepartypa HMXe- TO OH CTaHOBUTCS XPYNKUM. A ecnu Bbllle-
TO BA3KMM, acpanbT «nnbiBET». JlobaBneHme Bcero 3.5% anoMnHNS 13 TetTpanakos No3BoNSeT NOAHATb
BEPXHIOIO NnaHky Ao 59 rpagycos Llenbcus npy npakTUyYecKn HEW3MEHHOW HUXHeR (oo —17 rpagycos
Lenbcust). Takoit acpanbT npuobpetaeT NPUSATHbLIA 3eN1eHOBaThIA OTTEHOK.

K cnosy ckasaTtb, 6enopycckse KoMnaHuvM roTOBbl MpeacTaBnsitb OU3HEC-MNaHbl, CBS3aHHble
C TeTpanakoM, Tak, HegaBHO AnekcaHip >XykoBel MpeAcTaBWN AaHHbIA nnaH komnaHuu ua Knunyesa
«BubakonakcTpor», OHW npepnaralT Ogenatb CTPOMTENbHble WK3Oennsi, CrnocobHble 3aMeHuTb
rMNCOKapTOHHbIE B CTPOUTENbCTBE, NpaBha TeXHONOrMYecknin NpoekT npeacTtaenseT cobow apobneHue,
XONOOHYIO W TOopsivylo MPeccoBky, 6e3 ounleHns «TeTpanakoB». OTO 3HAYUT, 4TO NMBO NPesnpUsTUIO
npnaétcs paboTatb MCKNIOYMTENBHO Ha YACTbIX OTX04ax NPOM3BOACTBA TeTpanaka, nubo, ecnun aTo byayT
0TX0Abl OT HaceneHus, KOTopble COCTaBASOT NbBMHYIO A0NIO BCero Tetpanaka B benapycu, To Hano 6biTb
rOTOBbIMU K TOMY, YTO CTEHbI CTaHYT NaxHyTb NepebpoanBIINM COKOM U NPOKUCLIMM MOJIOKOM...

MpoeKkTHas MOLWHOCTb CyLeCcTByoWen habpuky NO3BONSET NCMNONb30BATb A0 6 ThICAY TOHH OTXO40B
KOMOVHMPOBAHHOW yNakoBKW B rof, 0AHAKO, TaKMX MOWHOCTEN Ha OaHHbIA MOMEHT HET MO pAdy NPUYUH:
He HanaxeH cOop ynakoBKM OT HaceNeHus, 4To cocTaBnseT 60NbWUA NPOLEHT BCEN yNakoBKWM AAHHOrO
BMIa , He npolymaH BOMPoC O eé caHauuMu OT OCTaTKOB MPOAyKUMW ONS [afbHelwen KayeCTBEHHON
nepepaboTku, XOTS camMux e, 4To coenatb U3 NPOAyKTOB nepepaboTku, kak Mbl ybeaunuce, macca.

Hano oTMeTuTb, 4TO B MUPOBOW NMpakTMKe npeanaranncb v apyrue cnocobbl yTuansauum Tetpanaka,
HanpuMep, XMMMYeckoe pasmaeneHune TeTpanaka Ha NonvMaTUNeH U anloMUHUA AU NUPONN3- Harpes 6e3
JocTyna kucnopoga—B pesynbtate yero obpasyertcss Xuokoe TOMAMBO, anlOMUHWIA U yronb, OOHAaKoO,
9KOHOMMYECKM M SKONIOMMYECKM OaHHble MOAENN He MPUXWNCh, Tak Kak CylWeCTBEHHO MOPTAT 3KONOruio,
a obpasyowmecs NPoayKTbl He CTOMb Pa3HOOOPa3Hbl B CNEKTPE MPUMEHEHUS, YEM YXe M3BECTHbIA HaM
KapTOH 1 MOVaNOMUHWIA.

Xopowo 66l 66110 NpeanoxuTe MetTon nepepaboTky TeTpanaka, CToNb Xe 9KONOrMYHbIA 1 NPOCTOW
Kak 1 pa3BofIOKHEHME C MOMOLbIO rnapopasbmsareneli, AONONHNB ero acpdekTom n3basneHuns TeTpanaka
OT MOCTOPOHHMX NPUMEcei (coka, Monoka 1 T.4.), Bedb Yale BCero OAaHHOro pofa ynakoBKy rpaxaaHe
BblOpacbiBaloT, NPeaBapuTENbHO HE CaHMPyS, a CMeWnBascb B 6akax ¢ OpyruMm 6bITOBbIMU OTX04AaMM OHA
3arpsiaHeHa v BHewHe. Ecnu TakoBoi MeTon HanOéTcs, CTOMT NULWb MNOCTaBUTb OTAENbHbIE KOHTERHEpbI
LNs TeTpanakoBoi yNnakoBKW WAW ONpeaennTb AaHHbIA BUL YNAakoBKM B OOHU U3 YXe CyWeCcTBYWMX Ans
BTOPMYHOA nepepaboTtkm, nubo Xe chaBaTb TeTpanakoByld YMNaKOBKY B 3arOTOBMTE/IbHbIE MYHKTbI
(Hanpumep, Kak ceyac pyHKUMOHUPYET NYHKT Ons cbopa CTEKNOTapbl OT HACENEHMS) U TOrAa XOPOLWWiA
MPOLIEHT BCEro TeTpamaka MnonaéT He Ha MOMWUrOHbl ONS 3axOopoHeHust ObiTOBOro mycopa, a bynet
nepepaboTaH B BbICOKOKAYeCTBEHHOE CbIpb&, He ycTynawuee TOMy, 4TO NMoayyaeTcs U3 UCXOOHO HYMCTbIX
OTXO[Z0B NPOM3BOACTBA TETPANAKOB.

Mbl XOTUM NPennoXuTb Ha CMeHy OU3NYecKoOMy MeToLy BNa>XHOro MexaHU4eckoro pPeuukianHra...
q3I/I3VILIeCKI/II7I, OCTaBNSAOLWMNIA BCE MIOChI U peLuarouwu?l cyuwecTtsyowmne HegmocTaTku!
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ABTOknaBmpoBaHue! [laHHyilo TexHonormio nepepaboTkm TeTpanakoBoOW YMNakoBKM B MUpe elwé
He UCNOoNb30Ban HUKTO, XOTS, Ha Hal B3ra4, COBepLWeHHo 3ps!

ABTOKNaBMpoBaHMe—aTo o6paboTka MaTepvana ropsiyMMm napoM Mpu MOBbLIWEHHOM AaBNEeHUN.
B atux ycnosumsax pgoctatoyHo ObicTpo normbatiot Bce HakTepum n gaxe Bupycbl! ABTOKNaBUpOBaHWE
WMPOKO pacnpocTpaHeHo B MeANLMHE ONs CTEPUNN3ALMN XMPYPrMYECKOro MaTeprana u MHCTPYMeHTapus,
HO TaK Xe aBTOKNaBbl yXe& JaBHO MOMOratT Ha MPOM3BOACTBAX, C MOMOLWbIO HUX NMPOW3BOAST Kpacutenu,
repbvunabl, pe3anHOTEXHNYECKME U3Oenus, cTpoimaTtepmansl, KapboHOBbIE BONOKHA, NPOOYKTbI MUTaHUS
n mMHoroe gnpyroe! BbinyckaroTcs B Macchl M ObiTOBble aBTOKNaBbl ANl KOHCEPBMPOBAHWUS B AOMalUHUX
YyCNOBUSIX.

MpuHUMn paboTbl aBTOKNaBa OCHOBAaH Ha TOM, YTO NPV HOPManbHOM JaBfeHMn Boga kKunut npu 100
rpagycax Lenbcusi, npy nanbHeiweM noggone tenna, Temneparypa BoAbl HE MOBbIWAETCS, a HaYMHaeTCs
MHTEHCUBHOE napoobpasoBaHue. Ecnn cocyn 3akpbiT repMeTUYHO, TO AABMNEHWE napa HauMHaeT pacTu,
HauMHaeT pacTu Temnepatypa BoApl M napa. B cbanaHcupoBaHHOW cuUCTEME MNPOLECC ucnapeHus
npekpawaeTtcs, a 00pasoBaBWMWACS TFOpPsSYMiA nap, Nerko MNpPOHMKAeT B KNETKM MUKPOOPraHW3MOB,
ybuBas unx. opsunii nap ybuaeTt gaxe Cnopbl U, KOHEYHO, YTO BaXHO ANnd Hac— m3basnseT magenvs
OT HENPUSITHbIX 3anaxoB.!

MoaBon Tenna MoxeT OblTb Kak BHEWHUM (HanpuMep OT CropaHus rasa uam oT aNeKTPONAnThI) , Tak
1 BCTPOEHHbIM (3neKTpoHarpeBaTenu TeHbl).

PasnnyatoTt gsa peXxwnma aBToKNaBnpoBaHNA:

— bBonee xéctkuin ¢ Temnepartypoin +132 rpagyca Lenbcusa w paeneHnem B 2 aTtm. Bpems
cTepunnsaumn gocturaetcs 3a 20 MUHYT.

— Wapawwnin, ¢ Temnepatypon +120 rpagycoB Llenbcus v pasnenHme 1,1 atmocgoepbl. Bpems
cTepunnaaumm npu Takom pexmume 45 MUHYT.

Lns HarnsioHocTn paboTbl AAaHHOrO MeToda B OTHOLWEHMW TeTpanakoB Mbl B3siM ObiTOBOW aBTOKNaB
Ha BOCEMb JIMTPOB C MAaHOMETOPM U TEPMOMETPOM, KOTOPbIi MOXHO MnpuobpecTn Ons ObiTOBbIX HYyXn
B cBOOOOHOM HoCTyne.

Lenb: pokasaTtb BblABMHYTYK FMNOTE3Y, YTO MPU MpoLEecce aBTOKNABUPOBAHMS TeTpanak MOXeT
Tak Xe 9 PEeKTUBHO pasnaraTbCs Kak U Npy TEXHONOrUK ¢ rmapopasbrBaTenem Ha yXe N3BeCTHble HaMm
KOMMOHEHTbl  MONWANIOMUHMEBYID CMECb W KapTOH, [JOMOJHUTENbHO MpU  3TOM  OYMWANACh
OT MUKPOOPraHu3MmoB, a, 3HauuT, npobnema npeHebpexeHus paboTbl NPeanpuUATUA C OTXOo4aMu
TeTpanakoB OT HaceneHus, KOTopble comepXaTr OCTaTKM MONoKa M COKOB, HEMNpuATHbIA 3anax,
MUKPOOPraHU3Mbl PeLaeTCs ToW Xe onankoi!

Haw astoknae Fansel (mpon3BoacTBO koMmnaHum «XaHxu», Poccus, ropon Kupos) nogaoepxusaet
[Ba pexuma paboTbl, cnenys UHCTPYKLMK:

— Ha napy, co cnepywowumn xapaktepuctukamn: Harpes o 120 rpagycos Llenbcus npomcxoamt
3a 14 MuHyT, npurotosneHne oT 20 MUHYT , OCTbiBAHWE ONA U3BJIEYEHNA FOTOBOrO NPoaykTa oT 60 MUHYT.

— Ha Boge, co cnepywowmumn xapaktepuctukamn: Harpes o 120 rpagycos Llenbcusa npomcxoamt
3a 60 MUHYT, npurotoBsieHne oT 20 MUHYT, OCTbIBaAHWE 019 U3BIeYEeHUS rOTOBOro npoaykrta 12 yacos.

OuyeBunaHO, 4YTOo 60MEee yOobHbIA U 3KOHOMUYECKM BbIFrOAHbLIA cnocob «Ha napy». MpoussoamTenb
B MHCTPYKUMK npeanaraetT MUHMManbHOEe BpeMs UCMONb30BaHMA 20 MUHYT, YEM Mbl 1 BOCMOb3yeMCS, AN
aKcnepumeHTa, xBatutT nm 20 MUHYT ONS pacnyckaHus TeTpanakoBoih ynakoBku?.. PernameHToM
cTepunmnsaumm OTBedeHO MuHuMManbHoe Bpems 40 MUHYT, 3HaA4YAT, ecnu TeTpanak pacnycTutcs
3a 20 MUHYT, TO 3a 40 MUHYT 3O PEKTUBHOCTb pacnyckaHus OAaHHOW ynakoBKW NUlb BO3PaAcTET, MIoC,
Mbl JOCTUIHEM agddpekTa cTepunnsaunn.
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1. Jo ypoBHSI (hanbluiHa aBTOK/JaBa HanvMBaeM HEMHOro Bonbl (1 NUTP), B aBTOKNAB yknanblBaem
nokasaTte/ibHylo Nopunio Hape3aHHOro TeTpanaka oT cokKa.
) "5 Tad]
;‘_‘,,t{ (g

XK

®doT0 2. 3aknagka nokasatenbHOW NOpUUK TeTpanak-ynakoBKM B aBTOKNAaB A% MapoBOro Metona
BO30ENCTBUS.

2. HarpeBaeM 3akpbITyt0 YCTAHOBKY Ha ra3oBoOW MNAMTe HA MakCManbHOW MOWHOCTW OO0 AOCTUXEHUS
Ha TepMmomeTpe 120 rpaagycos Llenbcua n 1 atmocdepbl Ha MaHOMeTpe, OaHHblA npouecc 3aHuMaeT
14 MUHYT.

doT0 3. BHewHwuin Bua aBToknasa B pabote. JocTurHyThl 3aaHHble napameTpbl B 120 C n 1 aTtm.

3. BblpepxuBaeM MuHMManbHble 20 MMHYT Ha OaHHbIX MapameTpax, PeKOMeHOyeMbIX
Npoun3BOAMNTENEM aBTOKNABa, BbIK/OYaeM ras.

4. Naém aBTOKNaBYy OCTbITb 60 MUHYT, OTKPbIBAEM YCTAHOBKY.

5. OueHuBaem peaynbTar!
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3arpyxeHHblii B aBTOKNaB TeTpanak MONMHOCTbIO pacnyctuaca no Oymarm M kapToHa
1 nonnantoMmHneBoro cnog! (oo 4, 5), a 3HauMT Hawa runotesa sepHal

®doT1o0 4. PesynbTaTthl pocnycka TeTpanaka B aBTOKNaBe MNOCNe W3BNEYEHUS W3 YCTPOWNCTBA,
HEeynops4oYeHHbIN BUA.

doT0 5. Pe3ynbTaTthl pocnycka TeTpanaka B aBTOk/aBe Ha KapToH, Bymary v nonnantoMUHMEBYHO
CMECb, YNOPSI AOYEHHbIV BUA.

KoHeuHo, He KOPPEKTHO CpaBHUBATbL MOLWHOCTb ManeHbKOro 6bITOBOro aBTok/aBa C NPOMbILNEHHO
yCTaHOBKOW ruapopasbuBaTtens, 0OHAKO MOXHO CpPaBHUTb MOLWHOCTW CYWECTBYIOWMX MPOMbIWAEHHbBIX
yCTaAHOBOK Mexay COb0M.

CornacHo [HaHHbIM pasHbiXx MNPOU3BOAMTENElN MPOMbIWNEHHbIX ruapopasbusaTtenein cpenHsas
MOLWHOCTb YCTaHOBOK cocTaBnseT okono 43 kBt ( wHdopmaums canta etwinternational.ru, koTopbii
npegnaraet YCTaHOBKWM Ha npeanpuatum oT MuHuManbHon 11 kBT, oo MakcumanbHol 75 KkBT),
a benopycckoe npennpustue «boHacopT» npepnaraetT NpPeanpuUSTUSIM MPOMBbIWNEHHbIE aBTOKNaBbl
cpenHein mowHocTblo 45 kBT (MHopmauma canTta Bonasort.by).

Kak Buonm, cpegHne MOWHOCTL MNpPOMbIWNEeHHbIX YCTaHOBOK, 4TO rmnpopa36|/|BaTene|7|, 4TO
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aBTOK/ABOB BMOJIHE COMOCTaBMMbI, OAHAKO, METO aBTOK/IaBMPOBaHUS NO3BONSET NOOUTLCA elwe n CToMb
HeobXx0aMMO (PYyHKUMM CTEepunM3aumm Cbipbs, 4TO B pasbl NOBblWAET PeHTabenbHOCTb MONyYaeMbix
KapToHa W NOMVaNOMUHUS OT HaceneHuwss u pewaeT 3KONOrnyeckyro npobnemy, korga TeTpanak
OT HaceneHwss npoCTO OTMPAaBASETCA Ha MOJIMIOHbl MO 3aXOPOHEHWIO MYCOPHbIX OTXO0LOB, rae
He pasnaraetcs 5 BEKOB, 3aCOPSsi OKPY>Xalowyto cpesy anoMUHNEM.

BbiBOOblI:

— Mpepnaraem Bectn Honee akTMBHYKO NponaraHay BaXXHOCTU MpaBuibHOro cbopa v yTmnamnsaumm
TeTpanaka cpeam HaceneHus.

— Hanaoutb cbop OT HaceneHus TeTpanakoBo ynakoBKU B OTAe/bHble KOHTENHepbl, TMbo B yXxe
CylecTBylOWME KOHTeHepbl [Onsi BTOoprepepaboTku (Nporpamma BTOPUYHON nepepaboTkn Cbipbs
B benapycn «target 99», koTopas u3BecTHa Mo kpacoyHbiM 6unboppam «Hawa 3aboTta, a He eHoTa»,
Ha OaHHbIi MOMEHT npegnaraeTt yTUNM3aupoeaTb TeTpanak B 6ak ana cbopa Makynatypbl, nubo xe
choaBaTb TeTpanakoByl0 YNakOBKY B 3aroTOBUTE/NbHbIE MYyHKTbl (HanpuMmep, Kak ceivac ¢oyHKUMOHUpYeT
MYHKT Aans cbopa cTeknoTapbl 0T HACENEHNS).

— PaccmoTtpetb Bompoc 0 nepepaboTke TeTpanaka NerkuM U OOCTYMHbIM  METOA0M
aBTOKNABMPOBaHMS B Kax o obnactuv, Beab Npu JONXKHOM XenaHuu, kak Mbl ybeaunmcb Ha Co6CTBEHHOM
MpakTMYecKoM onbiTe, N6O0N rpaxXdaHWH MOXEeT YyTUAU3MPOoBaTb OaHHbIA BUL OTXOAOB MpsIMO Yy cebs
noma. [laHHbI BMO YCTAHOBOK XOPOWO W3BECTEH Ha MPeanpuaTUsiX U Jaxe HanaxeHo cobCTBEeHHoe
6enopycckoe Npon3BoACTBO aBTOKNaBoB B Pecnybnvke Benapyceo.

Cn1cok ncnosib30BaHHbIX UCTOYHUKOB:

1. Ctatbs SB.BY «B rog—okono 300 TOHH: nocMoTpenu, kak paboTtaeT eaMHCTBEHHOe B Benapycu
npeanpuaTue no nepepaboTke TeTpanaka» , razeTta «Pecnybnuka» 03.08.2024.

2. «TeTpanakoBasi npobnema B benapycu: kyaa BolbpacbiBaTb yNakoBKy M3-Mof coka» , OTpacneBom
noptan Otxogbl.py, 20.03.2014.

3. CtatnucTnyeckne OaHHbIe 1 NPOCBETUTENbCKME MaTepuasbl NporpaMmbl BTOPUYHOW nepepaboTku
oTxom0B B benapycu «target 99» («uenb 99»).

4. WHpopmauusa canmta komnaHum etwinternational.ru (MowHOCTM npepnaraemblx B MNpodaxy
COBPEMEHHbIX Moaenen rmgpopasbreaTtenei 4ns NPeanpusaTni).

5. ViHpopmauus canta komnaHum Bonasort.by (MowHocT npennaraembix B NpoAaxXy COBPEMEHHbIX
Mogenen aBToKaBoB 4N NPeanpuaTum).
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s 3ameTok:
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