NMouck BO3MOXXHOCTEN NPMMEHEHUA METOAOB
MCKYCCTBEHHOI0O MHTEeJIJIeKTa B 3ajavax
3HepreTu4YecKoro nJaHMpoBaHus

Xopwee AHOpel AnekcaHOposu4

UHCTUTYT 3HepreTMyeckux nccriegoBaHum
Poccunckomn akagemmn Hayk

Bcepoccuiickas Lwkona monoapix yueHbix — 2025 « CuctemHble MCCneaoBaHNs SHEPreTUYECKMX TEXHOMOriny

NMH3W PAH, Mockea, 25-26 Hoa6ps 2025 T.
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[1aHHOe BbICTYMNSIEHME NOAroTOBMNEHO Mo ntoram KoHcynstaTMBHOIMO
coBelaHmsa no npumeHeHuto I B 3agadax aHEpPreTny4eckoro
nnaHnposaHusa (Consultancy Meeting on Al in Energy Planning
Applications), coctosaswerocs ¢ 18 no 22 asrycta 2025 r. B wTtab-
kBapTupe MATATO, r. BeHa, ABCTpus

B aTom coBellaHun npuHanm ydactmne npeacrasutenu MAIATO,
IRENA, Climate Compatible Growth (BenukobputaHus), Argonne
National Laboratory (CLLUA), YHusepcuteta KenntayHa (FOAP), UHOU
PAH




Onpepenenue UA

AI>ML>Deep Learning>Generative Al
NN > MawunHHoe obyvyeHne> Fnybokoe obyvyeHune > NeHepaTtnsHbin U

nCKyCCTBeHHbIVI

UHTENNEKT ﬁ/laLLIMHHoe

06Las KOHLEeNuus, obyyeHue

COracHoO KoTopoW noppazzen U, B FIv6oKoe

MaLL1HbI MOTyT KOTOPOM MalLLMHbI v

BbINO/IHATY 3334N 06y4aloTCA U BbIABAAIOT obyuyeHue leHepatnBHbIM NN

CNocobom, KOTopbI Mbl 3aKOHOMEPHOCTH Ha

CYMTAEM KYMHbIM» OCHOBE AaHHBbIX nogpasgen MO, B noapaszaen r0, KoTopbIit
KOTOpOMmM o6yquMe crneuuannsnpyertca Ha
NPOUCXOAUT C MOMOLLBHO CO3/aHNM HOBOTO
HeﬁpOHHbIX CeTeﬁ, KOHTEHTa, MOXOXXero Ha

TO, Ha Yem mopaenb bbina

WMEILLMX MHOTO C/I0EB o6yueHa

\_ g

OnpeaeneHuna npeanoxeHbl DeepSeek




NMpumepbl UUA
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NCKyCCTBEHHDIM
NHTENNEeKT

MeTopabl, OCHOBaHHbIE
Ha npaBuaax;
NMOWCKOBbIE AZITOPUTMbI;
YAO0BAETBOPEHUE
OrpaHUYeHni

Mpumeps!: If-then
npaBuaa, MMHUMAKCHas
ONTUMM3ALLMA, MOUCK
ONTUMAIbHOIO MyTU U

T.4.

ﬁﬂaLLIMHHOE

obyyeHune

JInHeliHan perpeccus,
NorucTUYecKas perpeccus,
[JepeBbs pelleHni, MeTos,
ONOpHbIX BEKTOPOB (SVM),
K-cpegHux (K-means),
rpagMeHTHbIN 6YCTUHT
(GBM) u gp.

Knaccuoukaums,

Knactepusauus,
NpPOrHoO3npoBaHue 1 T.4.

rnybokoe
obyuyeHue

MHOroc/noiHble HEMPOHHbIE
cetu

0O6paboTKa ecTecTBEHHOTO
a3bika (NLP), pacnosHasaHue
1306parkeHnH,
NPOrHO3MPOBaHMNE BPEMEHHbIX

pAZOB U T.A4.

leHepaTuBHbIN NN

GAN, diffusion, LLM n
T.4.
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NMpumepbl npumeHeHnsa U B aHepreTuke

MNpeanKTnBHoe
MporHo3npoBaHue u YnpaB/ieHMe CeTAMU U
JHepromeHeaKemeHT obcnyKmMBaHue m
pa60Ta C AaHHbIMU CnctemMmamm
PEeMOHT
eTpenguHr e[lpegMKTUBHOE e[IporHo3npoBaHue e «YMHble» ceTu (smart
3/1EeKTPO3HEPrum 06CcnyKMBAHUE U PEMOHT BblpaboTkn BUI grid)
*OnNTMMU3aLUA PaboTbl *O6HapyeHue cboeB u e[lporHosnpoBaHue eYnpasnieHue
3NEKTPOCTAHLNN aHoManum cnpoca pacnpezeneHHbIMU
e «YMHasA» 3apsaaKa *P0o60TbI-y60pLLMKM / *06paboTka 60bLLMX pecypcamu (BUpTyasbHble
3/1IeKTpoMmobunei PO6OTbI-PEMOHTHUKM MaCCMBOB AaHHbIX SN1EKTPOCTAHUMN, MUKPO-

(Hanpumep, ¢ yMHbIX cetm nu T.n.)
CYETYMKOB U T.1.)




Hanbonee nepcnekTuBHble chepbl npumeHeHnsa UU B aHepreTuke

O C
YnpaBneHune aHeprocuctemMomn
B peanbHOM BpeMeHU

MNepenoBble CMCTEMblI MOHUTOPWHTA, BblcokOTOYHOE NPOrHo3npoBaHue,
npeaocTaBnsiolme onepaTuBHbIE AaHHble  00beauHsitoLlee KNMMaTuyYeckne AaHHbIe 1

2

L

MopenupoBaHue KnMmara NMukBupaumna YC

CwucTtembl, ocHalleHHble A, ans
ornepaTuBHOWN OLIEHKM U pearMpoBaHns Ha
nocrnencTBUs CTUXUNHbLIX 6eACTBUN, YTO

O NOTOKax MOLLHOCTU, 3arpy3ke cetemn u VW ponsa npenckasanus Boipabotkn BUS n

ONTUMU3ALMM HAMPSXKEHNS NS MOBbIWEHUS  BIIMSHUS 9KCTPEMarbHbIX MOroAHbIX
a(phekTMBHOCTM ynpaBneHus YCIOBUWN Ha MHPACTPYKTYPY.

3HeprocucTemomn
TexHonorn4yeckass roroBHOCTb
* Co4yeTaHue OeNCTBYOLNX CUCTEM U
nepenoBbIX HAYYHbIX pa3paboTok

* Pa3sButne rocygapCTBEHHO-4aCTHOro
napTHepCTBa Kak ApanBepa MHHOBaLUN

* Hanuune open-source KOMMNOHEHTOB,
CMocobCTBYHOLLMX BONEE LLMPOKOMY

BHEZPEHUIO

COKpalllaeT BpeMsi NpoCTOs 1 NoBblLlaeT
YCTONYMBOCTb SHEPreTUYECKON

NHPACTPYKTYPbI.

MacwTtab BnusHua

BHeapeHve Ha HaUMOHaNnbHOM U
MeXOyHapOOHOM YPOBHSAX
MpuHATNE MHOrOMUANMaPAHbIX
NHPACTPYKTYPHbIX PELLUEHMI Ha

OCHOBEe AaHHbIX A

WHTerpaumsa mHoxecta MW nogxogos
AN co3aaHUs KOMMEKCHbIX PELLEHNIA
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Tapestry: «Google Maps for Electrons»

MpoekT Tapestry komnaHun Google X HaueneH Ha co3gaHne eguHon
nnatcopmbl Ha ocHoBe UW ans Bcen anektpoceTeBon cuctemsl. 1o cBoewn cyTu,
370 «Google KapTbl Ana aHeproceTeny, obecneynBaoLlas CKBO3HbIE

BO3MOXHOCTU ONA onepaunoHHOro ynpasrneHna 1 nnaHnpoBaHu4.

OcCHOBHbIe NapTHepbl NO BHEAPEHUIO
¢ PJM Interconnection (obcnyxusaeTt = 67 MUNIMOHOB YENOBEK)
*  HauwuoHanbHas aHeprocuctema Yunu (nepeoe nonHomacluiTabHoe
pa3BepTbiBaHUE)
*  WHterpauus c TexHonoruamu Google Cloud n DeepMind

Tapestry: «Google Maps for Electrons»

+

OCHOBHbIe (byH KUMOHalrbHble BO3MOXHOCTHU

KpynHomacLlutabHoe, 4onrocpoyHoe MoaenupoBaHne paboTbl ceTer ¢
noyacoBsou getanusauuen.

ABTOMaTusMpoBaHHass obpaboTka 3asiBOK Ha NpucoeanHeHne 00BbEKTOB K CETAM.
YHucurumpoBaHHasi paboTa ¢ AaHHBbIMU U3 Pa3NUYHbIX SHEPTOCUCTEM.

O6nayHas nnatdopmMa, nogaepXxunBaroLlasi CoBMeCTHY0 paboTy.

KnroueBble achdekTbl

YcKopsieT UHTerpaLuio BO306HOBMSAEMbIX UCTOUYHMKOB SHEPrUW
YcTpaHseT «3agepXKkny» B o4epefsx Ha NPUCOeAUHEHNE K CETSM.
Mo3BonsieT cokpaTUTb Hedenu NnaHnpPoBaHUSI A0 HECKOTbKUX OHEN.

https://www.tapestryenergy.com/



. Open Power AI consortium (EPRI, NVIDIA, Cisco, MS, AWS, mm

Oracle v ap.
EPRI, NVIDIA and Collaborators Launch Open Power Al Consortium to
Transform the Future of Energy

Global consortium brings together utilities, technology companies, academia and more to build open Al models to transformn
the way we make, move and use electricity.

KoHcopuuym Open Power Al ctaBuT cBoen Lenbto NnpeobpasoBaHne
3NEKTPOIHEPreTUYECKOM OTPaCM 3a CHET UCMONb30BaHUS NepenoBbiX
TexHonormn M ana MHHOBaLMOHHOIO M3MEHEHNSI CNOCOO0OB NPOU3BOACTBA,
nepena4m u NOTpeodrIeHNA dNeKTPOIHEPTUN.

CTumynumnpys COTpyaHMYECTBO MeXAy NaepamMmm oTpacnu, Hay4YHbIMU Kpyramm
N TEXHONOMMYECKUMIN KOMMNaHUSMK, KOHcopumMyMm ByaeT cnocobcTBoBaTh
pa3paboTke N BHEOAPEHUIO HOBENLLNX peLLeHnn Ha ocHoBe NI, cneumanbHo
CO30aHHbIX Ons:

» [loBbllWEHUSA onepaumoHHON PG EKTUBHOCTY,

" BHe,D,peHVIH NnepcrekTnBHbIX U yCTOl7|'-IMBbIX TEXHOSOMUN; l B® \icrosoft
» PocTta HagéXHoCTU n yCTOVIHVIBOCTVI QHEPIroCUCTEM;
=  CHuXeHus 3arpart rnpun ogHoBpeMeHHOM yny4dleHNn Ka4yecTtBa

obcnyXnuBaHus notpedutenen.

https://lwww.openpowerai.org/



EWeLiNE: Machine Learning for Renewable Energy Forecasting

(Germany)

EWeLINE: Machine Learning for Renewable Energy

Forecasting (Germany)

National Scale Implementation

A €7 million project partnering with German grid operators to
support the country's 35% renewable energy target by 2020. The
system processes real-time data from solar and wind installations
across Germany.

Technical Innovation

Machine learning algorithms trained on actual performance data
with continuous model refinement through validation. The approach
was modelled after successful US programmes but adapted for the
German energy landscape.

Operational Model

Provides 48-hour forecasts that update continuously, enabling
proactive grid management. Built on collaboration between
meteorological experts and energy sector operators, with three
major transmission system operators involved.

Grid Impact

Significantly reduces the need for fossil fuel reserves by improving
prediction accuracy, enables better renewable energy integration,
and supports overall grid stability management.




ChatGrid: Natural Language Interface for Grid Operations

ChatGrid: Natural Language Interface for Grid
Operations

Transforms weeks of analysis into instant insights
How It Works «  Available on GitHub for public access
Integrates with DOE's ExaGO exascale computing platform

ChatGrid enables grid operators to interact with complex systems using

plain English commands and questions: Supports real-time decision-making for grid operators

February 22, 2024 | News Release

ChatGrid™:; A New

"What is the generation capacity of the top five wind generators?"

The system leverages LLMs to generate SQL queries whilst Generative AI TOO]. for
maintaining data security by training on schema rather than sensitive . : . .
orid data. Power Grid Visualization

ChatGrid™ js a practical application of the Department of
Energy’s exascale computing efforts and offers a new
experience in easy, intuitive, and interactive data

interaction

JoAnna Wendel, PNNL



eGridGPT (NREL)

LiNREL

eGridGPT: Trustworthy Al in the
Control Room

Seong Lok Choi," Rishabh Jain," Patrick Emami,’
Karin Wadsack,'! Fei Ding," Hongfei Sun,’

Kenny Gruchalla," Junho Hong,2 Hongming Zhang,?
Xianggi Zhu,* and Benjamin Kroposki’

1 National Renewable Energy Laboratory
2 University of Michigan

3 Lower Colorado River Authority

4 Oregon State University

Suggested Citation

Choi, Seong Lok, Rishabh Jain, Patrick Emami, Karin Wadsack, Fei Ding, Hongfei Sun,
Kenny Gruchalla, Junho Hong, Hongming Zhang, Xianggi Zhu, and Benjamin Kroposki.
2024. eGridGPT: Trustworthy Al in the Control Room. Golden, CO: National Renewable
Energy Laboratory. NREL/TP-5D00-87440. https.//www.nrel.gov/docs/fy240sti/87440.pdf.

Figure 1. Imagined control room of the future with Al-based assistant
Figure from Benjamin Kroposki and Seong Lok Choi, NREL, and DALL-E




Sup3rCC: KnnMmatnyeckme AaHHble B Cyrnep-pa3peLleHnm

NREL Unveils Groundbreaking Generative Machine
Learning Model To Simulate Future Energy-Climate

Impacts

New Open-Source, Publicly Available Model Rapidly Produces Super-Detailed Future
Climate Data To Support Integrated Energy System Planning

April 10, 2024 | By Madeline Geocaris and Justin Daugherty | Contact media

Share
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Sup3rCC v0.2.2 TaiESM1 SSP2-4.5
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https://www.nrel.gov/analysis/sup3r

[aHHble o ByayLmx nokasaTtensx BeTpa, CONHeYHON paguaumm un
TemnepaTtypbl, NOMyYeHHbIE OT TPAAMLMOHHON rnobarnsHow
KnMmaTtuyeckorn moaenu (cneea), B CPaBHEHUM C AaHHLIMU MOAENN
Sup3rCC (cnpaa) Busyanuzayusi: (paHm bacmep, NREL



Sup3rCC: KnnMmatnyeckme AaHHble B Cyrnep-pa3peLleHnm

Sup3rCC: Super-Resolution Climate Data

15,000x

O6wmnm o6BLEeM AaHHbIX

25x%

TepputopuanbHoe
pa3pelueHue

24X

BpeMeHHOe pa3pelueHue

40X

CkopocTb pacueTa

Technical Approach

Developed by the National Renewable Energy Laboratory (NREL),
Sup3rCC uses Generative Adversarial Networks (GANSs) trained on
historical high-resolution datasets to achieve 4-km spatial and hourly
temporal resolution.

Applications

* Long-term renewable energy resource planning
+ Climate change impact assessment on energy systems

»  Grid resilience planning for extreme weather events

Published in Nature Energy with free public access to datasets.




Meteomatics: Ultra-High Resolution Weather Intelligence

Meteomatics: Ultra-High Resolution Weather

Intelligence

90m 2km

Spatial Resolution Al Forecasts

Extremely detailed weather forecasting Al-powered weather predictions

Meteomatics delivers weather forecasts in minutes rather than hours through its NVIDIA-
accelerated Al system. The company has established partnerships with major energy
companies including ENGIE, Louis Dreyfus, and TotalEnergies, while integrating with
Google's GraphCast and ECMWF's AIFS for enhanced accuracy.

Chatbot interface

Googles
Dialogueflow

07.03.2022 / Verwendung von Googles
Dialoguefiow zur Erstellung eines Ki-
Chatbots

( Mehrerfahren )
J




RADR: AI-Powered Disaster Response for Energy

Infrastructure (PNNL

RADR: Al-Powered Disaster Response for Energy
Infrastructure (PNNL)

Processes satellite imagery in just 7-10 minutes Energy Sector Impact

Monitors wildfires, floods, hurricanes and earthquakes ] )
Real-time damage assessment of energy infrastructure

Sees through smoke using infrared/radar technology . . . )
Protects critical grid assets during natural disasters

Integrates multiple data sources from satellites, drones and aircraft ) )
Enables rapid response planning and deployment

Wielding Artificial Intelligence,

the National Labs Take a Stab B OCHOBHOM BCe 3TV NpUMepbl CBSI3aHbl C
at Disaster Resilience onepaTVBHbLIM yNpaBrieHnem u

By Nicole Pouy % and Raneem Iftekhar KPATKOCPOYHbBIM MPOrHO3VMPOBaHUEM.

July 16, 2025 [MpuMeHeHne Ha OONrOCPOYHbIN NEePUOL Noka

OrpaHnYeHo.




OCHOBHbIe NYTK ncnonb3oBaHusa M B sHeproniaHMpoBaHum
N MOoJENAX DA3BUTUSA IHEDIOCUCTEM

MHTerpauma Ha ypoBHe OoTAesIbHbIX
MmopayJsien
W paclumpsaet nian 3aMeHseT
ornpeaesieHHble PyHKUNMN

TpaHchopMaumsa HA CUCTEMHOM
YPOBHE
repeocMbIC/IEHNE MOAESTMPOBAHUS KaK
rpouyecca oby4yeHun, a He Habopa
aJropuTMOB, OCHOBAHHbLIX Ha NMpaBuiax

- ABTOMaTusnpoBaHHasa o6paboTka fAaHHbIX — cHop n
Banuaaumnsa OaHHbIX, a Takke NPUMEeHeHne MaLnMHHOIo
o0y4eHnss anga yctpaHeHusa «npobenoB» B AaHHbIX.

- FleHepauusna cueHapueB — VI moxeT GbICTpO
paspabatbiBaTb TbiCAYM NPaBLoNOg00HbIX CLEeHapues
Oyayuiero passutuS.

- Pacno3HaBaHMe 3aKOHOMEpPHOCTEN — BbIsIBIIEHNE
CKPbITbIX B3aMMOCBSI3€M B CITOXHbIX B3aMOOENCTBUAX
BHYTPY cucteMbl (B T.4. B pe3ynbratax MogennmpoBaHms —
Knactepusauus pesynsraToB).

- YcKkopeHune ontTumMmsaumm — nomck ¢ MCnosib3oBaHMeM
TEXHUK MaLUMHHOro oby4eHnst cnocobeH peluaTb
MacwTabHble 3agayn oo 100 pas bbicTpee, Yem
TpagMuMOHHasa onTMMmn3aunsa (CypporaTtHoe
MogenuposaHue / rmbpuaHble Mogenm).

- KoHTponb kayecTBa — aBTOMaTU4YECKOE BbiSIBNIEHNE
aHOManun B UCXOAHbIX AAHHbIX N PELLUEHUSX.

- AganTBHble camooOby4arowmecs mogenu —
HenpepbIBHOE COBEPLUEHCTBOBAHNE 3@ CHET HOBbIX
AaHHbIX 6€e3 py4HOWN NepeHacTPOVKN.

- AnHamunyeckoe MoaenMpoBaHue B pearibHOM
BpeMeHU — OOHOBMEeHne NPOrHO30B U pekoMeHJaunn npu
N3MEHEeHNN MHopMaumn.

- BepossiTHOCTHOE NPUHATME peLUeHUn — yyeT
HeonpeaeneHHOCTEN N PUCKOB, BbIXO 3a nNpeaens
AETEPMUHUCTCKNX NOAXOO0B.

- Kpocc-nomeHHOe o6y4yeHne — NpuMeHeHNe 3HaHUMN,
NOMy4YEeHHbIX U3 CXOXNX CUCTEM NO BCEMY MUPY, A5
YTOYHEHWS NOKarbHbIX NPOrHO30B.

- MogenupoBaHue aMepaKEeHTHOro NnoBeAeHUs — ydeT
CMNOXHbIX 0B6paTHbIX CBA3EN, KOTOPbIE YacTo YNyCcKakTCH
TpaAUUMOHHLIMU MOAENSMN.




BO3MOXHble PUCKU N HEAOCTATKN nNpuMmeHeHna NN B
SHEepronjiaHMpPoBaHUU

KauyecTBO AaHHbIX U
npeaAB3siTOCTb

edddekTmBHOCTL NN Hanpsamyto 3aBUCUT
OT Aa@HHbIX — HEKAYeCTBEHHbIE UK
NpeaB3aTble UCXOAHbIE AaHHbIE NPUBOAAT
K OWNMOOYHBIM pEKOMEHAALNAM.
e[Ipumep: Ecnu B UCTOpMUYECKMX AAHHBIX
cnabo npeacraeneHbl BUS, cucrtema N
MOXEeT 3aHuXaTb UX NoTeHunan.

Mpo3pa4yHoOCTb U AOBEepue

eMeToabl N (0co6eHHO HEMPOHHbIE CeTH)
MoryT paboTaTb NO NPUHLNNY «YEPHOrO
ALNKa», NpoM3BOAS TPYAHO 06bACHUMbIE
pe3ynbTaThl.

*3DT0 3aTPYAHSET AN SKCMNEPTOB
NOHMMaHWe pe3ynbTaToB U UX AOBeAEeHUE
00 NuL, NPUHUMAOLWNX peLleHNS.

BbluncnurenbHble 3aTpaTbl
Ha obyuyeHue

eObyuyeHne areHToB C NOAKPEnIEHNEM
(RL) nnn 6onblunx HeMpoceTeln camo no
cebe moxeT TpeboBaTb 3HAUUTENBbHbIX
pecypcos.

oCyLIEeCTBYEeT PUCK HE YCTPaHeHMs, a
VWb NepeHoca BbIYUCINTENbHbBIX €Y3KNX
MecT».

YpesmepHoe 060611eHmne
(reHepanusauusn)

e MOXET BblyYnTb 3aKOHOMEPHOCTH,
KOTOpble He paboTaloT 3a npegenamu
obyyaowmx AaHHbIX.

e[lpumep: AreHT c nogkpennenmem (RL),
06yYeHHbI Ha AAaHHbIX SHEProcUCTEMbI
OAHOM CTpaHbl, MOXET OKa3aTbCs
He3(PPEKTNBHLIM B APYrON.

pernoHamm.

FOTOBHOCTb K BHEAPEHUIO

eCneumanncTam no 3HEPromnIaHMpoBaHUIO
MOXET He XBaTaTb KOMMETEHLUWI unu
pecypcoB AN BHEAPEHUS MHCTPYMEHTOB
MU 6e3 BHeLLHelr NoaaepXKKN.
oCyLLecTBYeT pUCK YBEMYEHUs pa3pbiBa
MeXay nepeaoBbiMU N peCcypCHO-
OrpaHUYEHHbIMW OpraHM3auuaMmn m




NMpeBoagoneHne HeaoctaTtkoB NN B aHepronnaHupoBaHum /

MpuHuKunol BHeapeHnsa U

1. CobniopgeHne 6anaHca Mmexay CNOXHOCTbIO MoAernn U yqo6CcTBOM UCMONb30BaHUA

Upe3mepHO croxHble pelieHnsa Ha ocHoBe VA moryT 3amegnuntb ux BHeapeHue, 0cobeHHO cpeau
HETEXHMYECKNX Morfb3oBaTenen.

2. MpuoputeT NPO3pPavYHOCTU U UHTEPNPETUPYEMOCTHU

Heobxoammo obecneunBatb nHTEepnpetnpyemoctb mogenen N (Explainable Al, XAl)u ooCTynHOCTb
OOBbACHEHNA X Pe3yrnbTaToB OS5 HE-9KCMEePTOB, YTO CNOCOBCTBYET YKPEMMEHNIO AOBEPUS U NOSTYYEHUIO
NPaKTU4eCKNUX BbIBOAOB.

3. TwartenbHaa Banuaauua moaeneun u yyet MeTpuK cnpaBeaniMBoCTuU

Crnenyet yCcTpaHATb NPeaB3ATOCTb M rapaHTMPOBaTb CrpaBeasiMBoe pacrnpeaerneHne Bolrog Mexay
pasnMyHbIMKN gemorpadouyecknmm rpynnamm n permoHammn. CpasHuBamnTe pesyrnbsraTtel A ¢ peanbHbIMn
AAHHBbIMU U NPU3HAHHBbIMK 3TanoHamu Ans obecnedeHns JOCTOBEPHOCTMU.

4. UuBecTMUMM B 0Oy4YeHUue nonb3oBaTenien u pasButue noteHuumana

MoBblwanTe rpamoTHOCTb B obnactn U kak y paspaboTyunkoB mogenen, Tak u'y CTeMKXonaepos, YToObl
obecneunTb aPPEKTUBHOE NPUMEHEHNE MHCTPYMEHTOB.

5. HaunHanTe ¢ HeGONbLLWNX NUMOTHbLIX NPOEKTOB

MacwTtabupynte npumeHeHne N Tonbko nocne AeMOHCTpauumn SBHOW, N3MEPUMON LIEHHOCTM N HAOEXHOCTU
B peasibHbIX YCNOBUAX.

6. UAcnonb3aynte U ana pononHeHusi, a He 3aMeHbl 3KCNEpPTHbIX oueHoK (human-in-the-loop)
CoxpaHsaunTe 4ernoBeyeCcKkUn KOHTPOSb B KPUTUYECKN BaXKHbIX NMpoLeccax NPUHATUA peLLeHUH.
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HekoTopble peanbHble npumepbl npumeHeHna metogoe A B
3HepronsiaHMPoOBaHNN U MOAOENNPOBaAHUN




MecTo TpaguLMOHHBIX ONTUMU3aLMOHHbLIX Mogenen B W apy

B cerogHAwWHEM 6bICTpO MEeHALWEMCA MUpe ot aHaJIMTUKUN BCe 4Halle XXAYyT
oneparmBHoCtTmM m paGOTbI B pea/ibHOM BpeéMeHM

TpaanunoHHble onTMM3aunoHHble  [Nybokoe mallnHHoe oby4eHue «Mnanwet» JIMNP
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CoTHM 1 TbiCca4YN cLueHapunes

MrHoBeHHas reHepaLumnsi HOBbIX
CLIeHapueB Ha OCHOBE BapbMpPOBaHUS
3aJaHHbIX NapameTpoB (LeHbl Ha
TONNMBO, Bblopockl CO,, nonmMtuyeckue
Mepbl) - CypporaTHoe MogenmpoBaHme
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. TpagnunoHHbIe onTuMK3aLmMoHHble moaenu B W spy

i T e — fpobnema:
| | - CroxHble Mogenu aHeprocuctem (Hanpumep, EnergyPLAN) TpebytoT
Machine learning as a surrogate model for OrPOMHbBIX BbIHNCIUTETBHBIX PECYPCOB.
EnergyPLAN: Speeding up energy system *  MHorokpuTepuarnbHasa onTuMmnsaums (CTOMMoCTb VS. Bblbpockl CO5)
optimization at the country level 0COOEHHO 3aTpaTHa Mo BPEMEHM.
Mattea Giacomo Prina & B, Mattia Dallapiceolo, David Moser, Wolfram Sparber = OT0 TOPMO3UT aHaJIn3 CueHapueB N NpuHATne peLIJeHI/II7I.

PeweHune: NlMbpunaHas onTuMmusaumoHHas moaersb

Npen: 3ameHnTb MeaneHHble cumynsaummn EnergyPLAN Ha ObICTpyto cypporaTHyr0 Moaernb Ha
ocHoBe ML.

CypporaTtHas moaenb npeackasbiBaeT pesynbratbl EnergyPLAN 3a gonu cekyHabl.

Kak aTto paboraert:

®a3a 1: HecKkonbKo TbICAY cLeHapmneB onTumMmuanpytoTcs Ha mogenu EnergyPLAN ans cbopa gaHHbIX
Ans obyyeHnst cypporatHOM Mogernu.

®daza 2: Obyyaetca cypporatHasa ML-moaenb, koTopasi 3ameHsieT EnergyPLAN, Ha KoTopon
reHepupyrTCA COTHUN HOBbLIX CLIEHapueB

®a3a 3: BoibpaHHble cueHapun, chopMmnpoBaHHbIE Ha CyppOoraTHOM MOAENU, CHOBA 3anyCKaroTCA Ha
EnergyPLAN gnga TO4HOW NPOBEPKM pesyribTaTos.

https://www.sciencedirect.com/science/article/pii/S036054422402509X 21



TpaguunoHHble onTuMU3aunoHHble mogenu B A apy
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Fig. 2. Evolution of prediction error across generations for a Neural Network with a
hidden layer size of 500, targeting total annual costs and CO2 emissions.

Nyqwasa ML-mogenb:

= HeunpoHHasa cetb (500 y3noB B CKPbLITOM Crloe)
nokasarna Haumny4Lyr TOYHOCTb (>99%).

= Bcero 2000 cueHapueB 00y4yeHnss 4OCTaTOYHO AJ1S
BbICOKOW TOYHOCTN MOAENMN.

A PeKTUBHOCTD:

» CoKpalleHue BpeMeHu BbluncneHnsa Ha 64% no
CpaBHEHUIO CO CTaHAAPTHOW oNTUMMU3aLMNEN.

u

TOYHOCTb (PUHANBHbBIX PELLUEHUN MPaKTUYECKN He
ycTynaeT TpaguuMoHHOMN ONTUMN3aLIn.

HpaKTqucxaﬂ nonb3a U NpyuMeHeHue:

MeToa no3BonseT NpoBoauTb rMy6oKnin aHanns
HeonpeaeneHHocTen (HanpuMep, BNUSHUE LEeHbI rasa).
3Ha4YNTENbLHO YCKOPSET NpoLecc NiiaHNpPoOBaHNA U
NO3BONSET UccrnenosaTb OonbLUe CueHapues.

https://www.sciencedirect.com/science/article/pii/S036054422402509X
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. ObGyu4eHure ¢ y4eToM (OM3MYECKMX 3aKOHOB ANS NPOrHO3MPOBaHUS AOMNYCTUMBbIX mh

DEXMMOB B 3aja4ye onTumManbHOro ynpasneHua pexnmamm (OYP
Physic-Informed Training for Feasible OPF Predlctlons (Argonne NL. USA)

S \POY
2 T S g

\ y‘.;,?L -.1 % 5;?‘;5 !

3aqyem Ansi OYP Hy)XHO oby4yeHue ¢ y4emom
ghusuyeckux 3aKkoHO8? A TR L R
1) 3apava OYP 3aknio4yaeTcsa B TakoM BbiGope reHepaLmu v e

[N NOKPbITUSA cnpoca, KOTopbIn 06ecnevmBaeT o el SRl
MWHUMAasbHY0 CTOMMOCTb NPW COBNIOAEHNN OFPaHNYEHI el o s

ceTu. Fasat s

" Tpa,El,I/ILI,I/IOHHbIe pewaTternun B 3agadye ontuMmmn3adunn |
TOYHbI, HO MOTYT ObITb OYEHb MeaneHHbIMN. , :

*  YucTble MOAENM MaLLUMHHOIO 00y4YeHns BbICTPbI, HO

yacTo HapyLIJal'OT q)VI3VI'-IeCKV|e 3aKOHbI (OCO6€HHO B 70,000 bus synthetic grid on footprint of eastern United States
HOBbIX YCITOBUS). # variables: 155,792
# constraints: 277,234
2) Hawa uenb — 6biCcTpoe NporHo3MpoBaHne, HO C # non-zeros: 2,101,754

ob6s3aTenbHbIM COOMNIOAEHNEM 3aKOHOB (PU3NKU

UemouHuk: Kibaek Kim, Physic-Informed Training for Feasible OPF Predictions (ANL}3



. ObGyu4eHure ¢ y4eToM (OM3MYECKMX 3aKOHOB ANS NPOrHO3MPOBaHUS AOMNYCTUMBbIX mh

DEXMMOB B 3aja4ye onTumManbHOro ynpasneHua pexnmamm (OYP

§ 3apgaua OYP copmynmpyeTcst ¢ UCNorb3oBaHMEM YNPaBRSOLLINX NEPEMEHHbIX U NEPEMEHHbIX
COCTOSIHUS B pamMKkax MoAenun notokopacnpeneneHus.

" YHpaBnﬂmmMe nepemMeHHble: reHepaund aKTUBHOW MOLLHOCTMU U HanpaxXeHmne Ha
reHepartopHbIX LLUNMHaX

MNepemeHHble COCTOSIHUA: BCE OCTarbHble NepeMeHHble (HanpuMep, HanpskeHne Ha
Harpy3o4HbIX LWMHAX, YrAbl HANPSHKEHUA U T.4.).

YrnpowéHHo!

. 5 .
ycef{{l,]é;liecs ;(Cz,gpg " C1,gpg) subjectto  ys € PF (yc, 55’)

UemouHuk: Kibaek Kim, Physic-Informed Training for Feasible OPF Predictions (ANL}4



. ObGyu4eHure ¢ y4eToM (OM3MYECKMX 3aKOHOB ANS NPOrHO3MPOBaHUS AOMNYCTUMBbIX mh

DEXMMOB B 3aja4ye onTumManbHOro ynpasneHua pexnmamm (OYP

EbICTpO, HO pelleHnsaA MoryT ObITb HeaOoNnyCTUMbIMM...
§ HelpoHHas ceTb, MPOrHO3UpYoLLLas PEXUM MO Harpy3ke, MOXeT ObITb B cpeaHEM
TOYHA, HO HapyLaTb OrpaHNYEeHNsT B HOBbIX YCITOBUSIX.

§ B bonblunHCTBE Npeablaywmnx paboT B oyHKUMIO 3aTpaTt gobasndatoTca wrpadbl 3a

HapyLLeHusl, ogHako dumanyeckas peann3yemMocTb BCE PaBHO MOXET He
obecrneynBaTbCs B KOHEYHOM PELUEHUN.

control u

C Hapexaou Ha
O0MYyCTUMOCTb

UemouHuk: Kibaek Kim, Physic-Informed Training for Feasible OPF Predictions (ANL}5



. ObGyu4eHure ¢ y4eToM (OM3MYECKMX 3aKOHOB ANS NPOrHO3MPOBaHUS AOMNYCTUMBbIX mh

DEXMMOB B 3aja4ye onTumManbHOro ynpasneHua pexnmamm (OYP

Bbixoa — [lo6aBuTL pacyéTt notokopacnpenenenusn (PF) B kayecTBe crnos

HEeMPOHHOU CeTU

§ BbluncneHue notokopacnpeaeneHus (pelleHne cuctemMbl ypaBHEHNN) MOXET OblTb J0OaBneHo B
MOZenb B BUAE OTAENbHOro Cros.

§ Cnon PF rapaHTupyer, 4To pelweHuns OyayT yaoBneTBopaTb pyHOaMeHTanbHbIM (OU3NYECKUM
3aKOoHaM.

§ Bbluncnenus cnos PF Takke MoryT adpdpekTUBHO BbIMOMHATHCA Ha rpadoMyeckom npoueccope
(GPUL).

§ B panbHenwen pabote AONONHUTENBHO yNyyLlleHa BblYUCANTENbHAA YCTOMYMBOCTb NyTEM
3aMeHbl pacyeTta PF Ha onTuMu3auMoHHY0 3adadvy

Control u
>

Load p

Control u State variables

UemouHuk: Kibaek Kim, Physic-Informed Training for Feasible OPF Predictions (ANL}6



. ObGyu4eHure ¢ y4eToM (OM3MYECKMX 3aKOHOB ANS NPOrHO3MPOBaHUS AOMNYCTUMBbIX mh

DEXMMOB B 3aja4ye onTumManbHOro ynpasneHua pexnmamm (OYP

lNMpepcTtaBneHue aHeprocuctemMsl B BuAe rpada

§ YHudnumpoBaHHOe NpencTaBreHne Bcex AaHHbIX 3HEProceTn B Buae rpada.
§ ATpnbyThl y3rnoB 1 pebep ob6beanHeHbl B YETbIPE rPynmbl XapakTEPUCTUK:

= pusndeckue,

" 3KOHOMUYECKME,

"  BpPEeMEHHb/e,

= ornepaunoHHbIe.

[ Supervised Lg; ]

» +

[ Physics Lp;, ]

MLP

Hetero Layers

v — Il
a— Il

Edges

»

Power Grid Data Static Hetero Graph Data
-Ni(?, 8): e Nn(B- 8)

UemouHuk: Kibaek Kim, Physic-Informed Training for Feasible OPF Predictions (ANL}7



. ObGyu4eHure ¢ y4eToM (OM3MYECKMX 3aKOHOB ANS NPOrHO3MPOBaHUS AOMNYCTUMBbIX mh

DEXMMOB B 3aja4ye onTumManbHOro ynpasneHua pexnmamm (OYP

MNMpenBapuTenbHble pe3ynbraTbl

§ ObecnevnBaeTcs BbicOKasi CNOCOBHOCTL K 0606LLeHn0 Ans paboTbl C HOBLIMW, HEN3BECTHBLIMU
cucteMamm ceten (obyyeHre Ha MHOXECTBE CeTeln 1 NPOrHo3npoBaHne A51si OCTaBLUENCS).

§ MicxogHasa mogenb NN cogepxunt 1,6 mnpa napameTpoB 1 obyvyeHa Ha Habope AaHHbIX 06 bEMOM
1,5 Th.

§ B 1000+ pa3 6onee 6bICTpoe NPOrHo3npoBaHMe MO CPaBHEHMUIO C TPAAULMOHHON ONTUMMU3ALNEN
ans cetn ¢ 2000 y3nos. Bpemsi ogHoro atana oby4eHnsa mogenun coctaBurno okono 90 cekyHf,
ncnosno3oBaHnem 4 GPU

Relative gap of objective function values across different models (casell8g)

o Method
[JanbHeWlne nnaHbI: 8

B supsrvised
- nepexoa K
ANHAMUYECKOMY
MPOrHO3MPOBAHMIO,
- BO3MOXHO, HO, CKopee
BCero, notpebyet

- ﬂ L
MCNoJrib30BaHNA h

CYnepKOMMbITEPOB T S

on

Relative Gap
=Y

r

GEN(N) SAGE(N) GIN(N) GATIN+E) HGTINE) HEAT(N+E) RGATIN+E)
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UemouHuk: Kibaek Kim, Physic-Informed Training for Feasible OPF Predictions (ANL?8



. 3aknr4yeHue m

He 3abbiBanTe, 4TO MO3r
ObICTPO gerpagupyer [ecnu
ero He Harpyxartb|
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