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eTUN rod >KU3HU

HCTUTYTA

MBaH Ocenepgel,

leHepanbHbIN AnpeKTop

B 2023 rogy HCTUTYT 3akpenun

cTaTyc OfHOro us nuaepos B Poccum

MO UCKYCCTBEHHOMY UHTENNEKTY

N YBEPEHHO MAOET K KPaTKOCPOYHOM Lenn —
CTaTb abCOMOTHLIM NNAEPOM MO Yncny
ny6nukaynm Ha koHdepeHumsax A/A*%

Halla ocHOBHas Lefb Ha bnuxaniine
rogbl — paspaboTka MynbTUMOLASbHbIX,
MYNbTUareHTHbIX CUCTEM CUNbHOro Al.

B aTOM roay Hawm KOMaHgbl BHECN
OrPOMHBIN BKNag B co3faHne Lenoro psaga
6onbLMX Moaenen, Taknx kak Kandinsky,
nepsas B Poccuu text-to-video mogensb
Kandinsky Video n nepsas B Poccumn
MynbTUMOanbHas mogenb OmniFusion.

B cTpaHe MHOro KoNneKkTnBoB, akTUBHO
paboTarowmx B 061aCTN NCKYCCTBEHHOIO
nHtennekTa: Ckontex, B3, MOTU, UTMO,
MHHononuc, NCI PAH, Ho Tonbko AIRI
CTaBUT CBOEN OCHOBHOW Lie/blo co3aHune
N pasBUTUE CUNBHOIO UCKYCCTBEHHOMO
WUHTenneKkTa. 4 cymTaro, YTO Mbl MOXEM

9TO caenaTtb, Tak KakK TEXHOSIOTUKU yXe
OOCTUTN HY>XXHOIO YPOBHS, Y Hac cobpaHbl
CuUnbHenwmne KoMaHgbl B ob6nacTtu

Al B cTpaHe.

B 2023 rogy K HaM NpucoeguHUINCh
HoBble Konnern — rpynny NLP Bosrnasun
AnekcaHgp NMaHyeHko, AMuTtpuin Obinos
opraHunsoBan nabopatoputo «CUNbHbIN

Al B MeguuuHe». Mbl nnaHnpyem 1 gansule
co3faBaTb HOBbIE KOJINEKTUBLI.

YenoBeKOLeHTPUYHOCTb, OTBETCTBEHHOCTb
1 BKNapg B 6yayliee no-npexHemy
OCTatOTCH OAHMMU U3 KIKOYEBbIX LIEHHOCTEN
NHCTUTYTa. Mbl NPOA0IXaEM aKTUBHO
BECTMW MPOCBETUTENbCKYIO AeATeNbHOCTb,
06beanHATbL COOBLLECTBO 3HTY3MaCcTOB
BOKPYI 06CY>XAEHNS HacyLLHbIX

BOMPOCOB NpeAMeTHO o61acTu.

3a 2023 rop, B HawweM nopTtdosmno
chopmMumpoBarncs Lenbii pag

KPYMHbIX HAYYHbIX pPe3ynbTaToB

no ¢yHOaMeHTaNbHbIM U NPUKIaAHbIM
acnekTtam Al, ¢ KOTOPbIMW Bbl MOXeETE
03HaKOMUTbLCS B 9TOM OTUETE.



Muccusa AlRI

Co3aaHune yHMBepcasbHbIX CUCTEM
NCKYCCTBEHHOr0 MHTENEKTAa, peLlatoLL X
3a[la4yuM peanbHOro M1pa

OcHoBHas uenb MHCcTutyTa —

HaNTN BO3MOXXHOCTU NPUMEHEHMUA
NCKYCCTBEHHOIO MHTENNEKTa 1A peLleHuns
CNOXHbIX COUMalbHbIX, 3KOHOMUYECKNX

N Hay4HbIX 3aga4. Hay4yHble COTPYAHUNKN
NHCTUTYTa 3aHMMalOTCA UccnenoBaHnaMU
B dyHOAMEHTasbHbIX N NPUKIaLHbIX
obnacTax. B paboTe Hag cBOUMM
NPOEKTaMN OHN CTPEMSATCA MONYUYUTb
NPOpPbIBHbIE pe3ynbTaThl B 0651aCTn
NCKYCCTBEHHOIO UHTENNEKTA U ero
NPUIOXEHUN, y4acTBYA B pOpMUPOBaAHNU
rnobanbHOM nccnenoBaTenbCKon
NOBECTKMW.
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HanpaBneHus
NEeATeNIbHOCTW

NN

[MapTHepcTBa

Pa3BuTMe NapTHepCTB

C NPOMBbILLINIEHHOCTLHO, Noaaepyka Al
cTapTanos, CO3[iaHNe BO3MOXHOCTEN
ANA KOMMepLManM3aunum nccnenoBaHuni
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NccnepoBaHusa

lNpoBeaeHne NPOopPbIBHbIX NCCNefoBaHUM
B o6nactu Al n ero NpuUNoXeHUn,
yyactue B popMupoBaHun rnobasnbHom
nccnepoBaTesibCKOW NOBECTKN,
CTaHOBJIEHME LIEHTPOM 3KCMepTuU3bl

B obnactu Al

—y

<
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Monynapusauuna Al
I'Ipose,u,eHme OTKPbITbIX CEMUHAPOB,

06YyuYaroLLNX CECCUIN, AUCKYCCUOHHbBIX Fpynn

n nonynsapusauma Al B Lesiom

R\Y/
eSS

Bknapg B passutue Al

YuacTue B rnobasnbHOM TEXHOTOrMYEeCKOM
pasBUTUU NCKYCCTBEHHOMO MHTEN/EKTa
yepes co3faHuve, pasBuUTne 1 NoSaepPXKy
open-source Al NpoeKkToB

“cH

BbiCcTynneHus

[MpoBefeHne MeXayHapoLHbIX
HaYy4HbIX KOHPEepPEHLMA U BCTPeY,
cosfaHue n nogaepxxka Al
COpEBHOBaHUN
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PykoBoguTtenu
Hay4YHbIX rpynn

ApTem
LenmaHoB

ObyyeHune Ha cnabo
pasMeyUeHHbIX JaHHbIX

EBreHunn
®ponos

pynna TexHonorum
nepcoHanusauum

AnekcaHgp
[MaHoOB

HenpocumBobHas
VHTerpaums

Onbra
KapAabIMOH

BruonHpopmaTuka

AIRI — pesynbTaTtbl 2023 roga

ApTyp
KagypwH

'ny6okoe obyyeHne
B HayKax O XXW3HWU

Oner
Poros

[oBepeHHble U 6e3onacHble
WHTEeNnneKTyasbHble CUCTEMDI

OMuntpun
BeTpos

BepOﬂTHOCTHbIe MeToabl
MallNHHOIo o6yquvm

AHpopen
Ky3Heu0B

FusionBrain
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PykoBogutenu
HaY4YHbIX FPYyMnn

AnekcaHgp
[TaHuYeHKo

BbluncnurensbHas
CeMaHTUKa

Anekcen
Ocapguun

HenpounHtepdenchol

Nnbsa
Makapos

Al B NPOMBILLSIEHHOCTU

MaHBen
ABeTuUCHH

MpuknagHble
npoeKTbl

AIRI — pesynbTaTtbl 2023 roga

EneHa
TyTy6anuHa

Domain-specific NLP

CemeH
ByneHHbIn

[n3aiH HOBbIX
MaTepuanos

EBreHun
BypHaeB

O6yvyaeMblit UHTENNEKT

OMunTpun
[binos

NabopaTopus «CunbHbin Al
B MeauLyMHe»

1



PykoBOoACTBO
MHCTUTYTa

MBaH
Ocenepey,

[eHepanbHbIn
ANpeKTop

Makcum
KysHeLo0B

[npeKkTop NpoeKTHOro
oduca

AnekcaHppa
BpontmaH

[VpeKTop No MapKeTUHrY
1N KOMMYHUKaLMAM

KOnna
HukuTKHa

PykoBoauTenb otaena
ropUaNYEeCcKoro
COMPOBOXAEHUS

KOHCTaHTUH
KaTtaHoB

Pykosogutens
HanpasneHus IT

AIRI — pesynbTaTtbl 2023 roga

MaHBen
ABeTucsaH

[vipekTop no passutuio
NPUKNafHbIX NPOEKTOB

AHTOH
Pusaes

DUHAHCOBLIN
OnpekTop

Mapwus
MapaxoBckas

HR OupekTop

CtenaH
MamMoHTOB

[naBHbIN
paspaboTumk

Onbra
CypoBerunHa

[vpeKkTop No HayyHo-
TEXHUYECKUM NapTHepcTBaM
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naBHble pe3ynbTaThl

AHOpen Ky3HeLoB

FusionBrain,
BeAYLUNIA HayYHbIA COTPYAHUK

OmniFusion

PaspaboTka nepBon pOCCUNCKON MYNbTUMOAAIbHON
Ananoroson Mogenun, kKotopas cnocobHa nogaepXxmeaTb
Ananor ¢ nonb3oBaTesieM He TOJIbKO Ha 6a3se TeKCTa,
HO 1N C MOMOLLbO N306paXxXKeHni

Mogenb yMeeT NOHUMaTb KapTUHKMN

N CTPOUTb ANanor BOKPYr HMUX, oTBeYas
Ha pa3Hble BOMPOCHI N reHepupys
nofpobHbIE ONUCAHUA CLEH U 06BHEKTOB.
B ocHOBe Moaenu nexuT A3blKoBas
Mogenb GigaChat-7B u Mistral-7B

(ana nybnmkaumm B open source).
ObyyeHne npoBoAMNOCH B AiBa aTana.
CHavana — KpyrnHomaclTabHoe
MHOronpoduIbHoe npeasapuTenbHoe
oby4yeHne oNs BblpaBHUBaHUA
NPWU3HaKoOB, 3aTEM — TOHKaA HaCcTPOWMKa
Ha nocnegyoLmnx 3agadax.

Do you know what kind of animal is in the
picture?

Where is it located? =28 >
It's 2 bird, a parrot
(1a
(v And what type of parrot is this?

This is a scarlet Ara macaw

N

y

i
(a
u What color are ts feathers?
They are red, yellow and blue
| (A
\ N

e) /

v
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— Text (token) embedding
— Image embedding
[II7] — Trainable embedding
— Predicted embedding

Al fla, onm mysume Ay,

912,112,..., 121,471 |
e
GigaChat-7B \
. S S S LS S
A L S S
[seoz.o, . vzven]  [o25.296,... 658, 52001] Adapter |
A A A
BPE BPE A A A
? Vit-CLIP-bigG

<IMG_END> AL: 910 kpoxoaun
Fexa

User: O

Apyxur? <IMG_START> i

\\\ ;/ fAP smape-tustiotan (R \\\\

@ Audio-Text @

Tell me, what sounds do you hear on the
audio recording?

w




MapTHepbl NpoekTa

CpaBHeHne OmniFusion ¢ OTKpbITOM
Mogensto LLaVA Ha ocHoBe 10 pasnmnyHbIX
6eH4YMapKOB NoKasasno, YTO Ka4yecTBO
OmniFusion He ycTynaeT, a B page crnyyaes
AaXke NpeBOCXOANT KOHKYPEHTa, HECMOTPS
Ha To, YTO B ocHoBe OmniFusion nexut
HaMHOro 6onee «nerkasa» si3blkoBas
Mopaenb. B ocHoBe LLaVA nexuT s3blkoBasi
Mozernb ¢ 13 MNpg. napaMeTpos,

B TO BpeMs KaK A3blkoBas MofefNb

B ocHoBe OmniFusion cogep>XuT Bcero

7 Mnppg. 3To 3HayuT, YTo Moaenb bonee
9KOHOMWYHas u bbicTpas.

B kakom ropoge cgenaHo ato ¢poTto?
15:48 v/
7

Ha ¢oto 3aneyatneH ropod CuHranyp. ;5.5

AIRI — pesynbTaTtbl 2023 roga

(& SBERAI (U SBERDEVICES

Mogenb yXe cTabunbHo pabotaeT

Ha aHrMMNCKOM fA3blKe N 0by4vaeTcs
rpaMoTHOMY BNageHuUo PyCCKUM, YToObl
CTaTb AOCTYMHOM NONb30BaTENAM,

a KOMaHfga roToBUT Hay4HyH Ny6nKaLunto
0 npouecce cosgaHmsa OmniFusion.

B HacTosLwee BpeMs NpoBOAATCSA
9KCMEePUMEHTbI N0 BHEAPEHUIO MOLENN
B GigaChat, a Tak>xe obcyxpgarTcs
BO3MOXHOCTWN NPUMEHEHNA Mogenu

B CaMOCTOSATENIbHOM dopMmaTe.

Yro a10?

' Ha KapTuHKe U306paXeHbl ABa NPO3paYHbIX ||
KpUCTanNa, KOTOpble HaxopATCs Ha Genoit |
noBepxHoCTU. OpH U3 HuX Gonbwe, a ¥
APYroii MeHblue. KpUCTannbl UMEIOT pastbie |
GOPMbI 1 pasMepbl, OAHAKO 06a MMeloT

p ntua?

7>

| Ha kapT1HKe M306paxeH KpacHblii neTyx,
KOTOPBIVi CTOUT Ha 3eN1eHOM none.

O[MHaKOBbIN LBET — droneroebiin. OHn - ,;
PacnonoxeHbl PAAOM APYr C APYTOM, rne Takue NTULbI BOAATCS? | |
NPUYEM OfIVH U3 HUX HAXOAWTCA HEMHOTO Qe

KpacHble neTyxu 061TaloT B pasnuuHbix Y 4
BbiLIE APYTOro. YenoBek AepXuT KpucTanbl | @

pervoHax Mupa, Bknioyas Espony, Asuio u
AdpuKy. OHW YaCTO BCTPEYAIOTCA B CENbCKUAX |
11 FOPOACKVIX paiioHax, rae ecTb A0CTYN K

B CBOE PyKe, AEMOHCTPUPYS UX
YHUKanbHble GOPMbI 1 LiBeTa.

o —

v nuue.

Kak [

o

DUONETOBbIE KPUCTaNNbI, KOTOPbIE
Ha

amerncTamu.

o
Ero MOXHO BCTPETUTL B CuHranype?

e
[la, KpacHble NeTyXW MOryT BCTPEYaThes B %—
CwHranype. CuHranyp sensetcs ™ )|
MHOrOHaUWOHAIbHBIM FOPOAOM- Dl

16



naBHble pe3ynbTaThl

AHOpen Ky3HeLoB CI - ’ HeHunc Aumntpos
e g 4

FusionBrain, '~ ) FusionBrain,
BeAYLLMIA HAYYHbIA COTPYAHUK g~ Hay4YHbI KOHCYbTaHT

&)

Kandinsky 2.X, 3.0

PaspaboTka nnaHa nccnegoBaHnUim U 9KCNEPMMEHTOB
Ana cospgaHna Hosow aAndoysmMoHHON Moaenm
CUHTE3a N300pa>KeHNM NO TEKCTOBLIM ONMUCaAHUAM
Ha pPas3/INYHbIX A3blKaX.

B xopne nccnepgoBaHnm NpoBOANINCH
pasnnUyHble SKCNEPUMEHTbI C apXUTEKTYPOW
peLeHnsa B YaCcTu NCMOSIb30BaHNA image
prior COCTaBAtOLWEN, OLEHKE €€ BKaja
B Ka4yeCcTBO reHepauun. B pesynbtate
nccnegoBaHu NoAroToBAeHa N NpUHATA
cTaTbsi Ha KoHOepeHuuo EMNLP (Core
A*). CTaTbs TakXe 3aHsna NnepBoe MecTo
cpenu ctaten AHA Ha nopTane Hugging
Face, o6orHaB ctatbn Google DeepMind
n Carnegie Mellon University.

AIRI — pesynbTaTtbl 2023 roga 17



Maprieps! Mpoeicra & SBERAI (S SBERDEVICES

Kandinsky Video

NccnepoBaHuma BkAoYanu B ceba cosgaHue
nepson B PO end-to-end Mmofenu cUHTe3a
BMUOEO MO TEKCTOBbIM ONUCaAHUAM, OCHOBaAHHOW
Ha AndPy3MOHHOM MOoLeNn reHepaLunm Kagpos.

PelueHne cocTonUT U3 ABYX 3Tarnos:

CUHTE3 K/HOYEBbIX KaapoB N CUHTES
WHTEPNONALMOHHbLIX KafpoB, YTO NO3BONAET
KOHTPOJSIMPOBAaTb Kak Co3faHue croXxeTa
BUAEO0, TaK M 3anofiHeHNe Kagpamu

0o 30 FPS c uenbto goctuxkenunsa addpekTa
NAaBHOCTU ABUXEHUI OOBEKTOB, YTO
noBbIlaeT BM3yaslbHOE KayeCcTBO CUHTE3a., ¢
cenyac npoxoguT peLeHsnpoBaHue. Fiare, Comparaio chemes o emparsl condionig
CTaTbA TakXe 3aHAna BTOPOe MecTo Cpeay T o
CTaTel7I ,U,H q Ha nopTa ne Hugg|ng Face' meli“?fﬁ;"?ﬁ'ﬁ?ﬁi’f‘.ﬁﬁ'&iﬁf.i‘;li'i";?::f'uﬁ”f.,‘;i;“:ﬂ.‘%1’?;&2;’&1";:2“,1Ti.“;‘!ﬂn!’tﬁfm‘iﬁ.‘l,“f'ﬁ;i‘ﬂ;‘;iff’“’““‘"'
YCTYNUB TOJSIbKO cTaTbe LeCun'a 0 HOBOM

MyNbTUMOanbHOM 6eHYMapKe.

A dog wearing a
Superhero outfit
with red cape
flying through
the sky

Capture the
intricate
movements of a
school of fish
swimming in
perfect harmony

AIRI — pesynbTaTtbl 2023 roga 18



KpynHble
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KpynHble pesynbTaThbl

Ycnexu B o6s1acTu pasBuUTUA
TexHosiormm o6paboTKu
ecTecTBeHHoOro f3bika (NLP)

[pynnamu nopg pykoBoacTeoM AnekcaHapa lNaH4yeHKo,
ApTema LLenmaHoBa n EneHbl TyTyb6annHom 6bia1 nonyydeH
PAL4 HOBbIX pe3ynbTaToB

AnekcaHgp AptemM EneHa
. MaHuyeHko ' ) LllenmaHoB TyTy6anunHa
\ Begywinin HayuHbIn HayuHbin HayuHbin
COTPYAHMK KOHCY/NbTaHT KOHCYNbTaHT
PaspaboTaHbl HOBble MeTObl PaspaboTaHHble MeTO4bl MO3BONAKOT
0719 BONPOCHO-OTBETHbLIX CUCTEM OTBeYaTb Ha BOMNPOCHLI C UCNOJ/Ib30BaHNEM
C Mcnofnb3oBaHWEM rpadoB 3HaAHUMN, rpada sHaHui 1 60/bLUIMX A3bIKOBbIX
KOTOpble NO3BONAKT OTBEYaTb Mojenen. Ha HeCcKonbKnx gataceTtax
Ha MPoCTble BONPOCHI yylle, YEM 3TO MEeTO[bl NOKasblBalOT YNyULLEHNSA
penaet ChatGPT. OTHOCUTENBHO CUJbHbIX 6a30BbIX

noaxoaos., BkntoYvaa ChatGPT.

Ys
text2graph
e —_—
projection (s) y 2080
r
text2graph
projection (r) y’ Sllele
o
: text2graph
Question, q projecgonp(o) —>» O OO
Answer
Candidate cosine: + & + —>» KG
Generator Te Triple
- (s, 1,0)
—>» O 0O
S er

(s, 1,0) Pre-trained ———>» O O O
Sy ! ————>  Entity e,

G Embeddings >0 0O

=)



MpeacTaBneHbl HOBblE BbIYUCAUTENBHO
adpdeKTnBHbIE METObI AN OLLeHNBaHUSA
HeonpeneneHHoCTN NpeacKasaHum
13bIKOBbIX MoAeNen.

PaspaboTaHHbI nogxon KOMOHUpyeT
nBa state-of-the-art metoga ons
Nosly4eHMs 3HaUYUTENbHOro NPMUPOCTa
KayecTBa B 3af,a4ye BbIGOPOYHOM
Knaccuukaymmn. Takon rubpuaHbIn
noaxon rnokasan cBoto 3QPEKTUBHOCTb
A5 3a[ia4 C BbICOKOW CTEMNeHbHo
HEeO4HO3HAYHOCTW, Hanpumep, 4ns
onpefeneHns cteneHn TOKCUYHOCTH

WU TOHaNbHOCTU TeKCToB. Kpome Toro,
He CMOTpPSA Ha TO, YTO aHHbIN MeTof,

He TpebyeT 60/bLUNX BbIYUCIIUTENBHbIX
3aTpaT, OH cnocobeH NPEeBOCXOAUTb Takme
MeTOoAbl, Kak rnyboKnin aHcambib, KOTOpPbIN
TpebyeT MHOroKpaTHOro yBenn4yeHuns
BbIYNCNUTESNbHBIX PECYPCOB.

PaspaboTtaHa 6ubnnoteka LM-Polygraph
ONA oueHKN HeonpepgeneHHocTn LLM,

B TOM yYMcne Moaenen, pasBepHyTbIX

B BUe CEpBUCOB.

OLEHKM HeonpeaeneHHOCTU NO3BONAT
[LEeTEKTMPOBaTb HN3KOKaYeCTBEHHbIE
oTBEeTbl MoAenei (Hanpumep,
rannouMHaLmnm) 1 oTKasbiBaTbCs

OT AEMOHCTPALMM UX MOJIb30BaTENHO.

PaspaboTaH HOBbIn 6EeHYMapK Ha OCHOBE
partaceTta PAUQ.

BEbino npegnoxeHo yeTbipe pasbueHns
text-to-SQL Hawero paTtaceTa PAUQ,
nony4ymeluMe HaseaHue Shifted

PAUQ, 0ns oUeHKN KOMMO3ULMHHOIO

N MyNbTUNNHIBaNbHOro 0606LLEHNSA
SoTA text-to-SQL mopenen. C nomoLLbio
KOHTEKCTHO-CBOBOOAHbIX FpaMMaTuK
paspaboTaHbl METPUKU OLLEHKN
KOMMO3ULMOHHOCTN Mo enen.

MpoBeaeHo nccneaosaHne MeToaoB
OLLEHKN HeonpeaeneHHoCTU COBMECTHO
c MeTogamMu aebanicuHra.

BbisiBNeHbl Hanbonee nNepcnekTUBHbIE
noaxopbl K Ae6aicuHry, Kotopble
0Ka3bIBalOT MUHUMAaIbHbIA HeraTUBHbIN
adPEeKT Ha OLLeHKN HeonpeaeneHHOCTH.

MpepnnoXxeH HoBbIN GpenMBOPK
Vote’n’'Rank, KoTopbliii BKOYaeT

B ceb6a BOCeMb MeTOA0B arperauum
MeTPUK Mofenen Ha OCHoBe Teopumn
MHOIOKpUTEpUanbHOro NPUHATUA
peLleHni.

MoMKMO 3TOro, NpeacTaBeHsbl
npakTuyeckne pekomMeHgauum

Mo UCMNoNb30oBaHMO GpPetMBOpPKa, KOTopble
ONMparTCA Ha TeopeTUYeckme CBONCTBa
MEeTOA0B arperauun pesynbTaTos

1 CLLEHapMK NOTEeHLMANbHOro NPUMEHeHUS.

Rank o i gom o Copeland Minimax Plurality Dowdall Borda
1 £o1.18 @%g.sg @‘g.ﬂom @-.»%gno @%O «‘,'y‘«zboo !'-‘y%b% !.3-280,50
: : 25 8 —5.50 2.00 4.08 256.00
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Table 3: Results of re-ranking the GLUE benchmark.

Changes in the system ranks are depicted with

arrows, whilst the superscripts denote scores assigned by the aggregation procedure. Notations: @=HUMAN;

©=ERNIE; ©=STRUCTBERT+CLEVER;

© =DEBERTA+CLEVER;

=DEBERTA/TURINGNLRV4;

B=MACALBERT+DKM;%=T5; ¥ =ALBERT+DAAF+NAS;*=FUNNEL. The superscript values stand for the
voting rules’ scores, whilst the subscript values indicate changes in the ranking positions. 1 z means up z positions,

J = means down z positions, J means no changes.



KpynHble pesynbTaThbl

BepoATHOCTHbIE

MeTo bl

MaLWWHHOIro obyyeHuns

[pynnon nog pykosogctesom Anbeka AnaHoBa
n OMutpua BeTposa 6b1/11 NOyYeHbl BaXKHble pe3ynbTaThbl

OMuTtpun BeTpos
Begywimnin HayuHbI COTPYOHUK

B 5000 pa3s yckopeHa foMeHHas
apantauua GAN gnsa reHepauuu nuu,.

B pesynbtate onybnvkoBaHa cTaTbs

Ha KOHpepeHuun ICCV. B gaHHomM

paboTe paccMaTtpusanacb obnacTtb
reHepauum CUHTETUYECKUX (HEOTINYNUMBIX
OT peanbHbiX) N306pa>KeHNn N3 3agaHHOro
AoMeHa (doTorpadum nuu, 4OMOB,

KoTOB). TOUHee, pellaeTca 3agava
AOMEeHHOW ajanTauun ansa sota mogenu
StyleGAN2 — cyTb 3afiayn B TOM, 4YTOObI

BazoBbii fOMeH

MHoOro gaHHbIX

o P
= © :

Xopollee Ka4yecTBO

AIRI — pesynbTaTtbl 2023 roga

Mano faHHbIx o

[omeHHas
apanTtauus

—_—

Anbek AnaHoB

Hay4HbI COTpyaHUK

Nony4YnTb B COOTBETCTBUE KaXK0MYy
CUHTE3MPOBaHHOMY NU306paxKeHuto
CTWU/IN30BaHHYHO KOMUIO U3 APYroro oMeHa
(puCyHOK, akBapenb, MyNbTALHbIA CTUNb).
Bce npeplecTsytowmne (B ToM yncne

sota) MeTofbl UCNofnb3oBanu JO0byYeHne
nosHoueHHon konun StyleGAN2 —
NpPeAnoXeHHbI HAMU MeTof, peLuaeT
3apauvy, ucnonbsysa B 5000 pas MeHbLUe
naMsaTn Npu obyyeHun n nHpepeHce,

N NPV 3TOM JOCTUraeT CPaBHUMOIo
KayecTBa C CyLWeCcTBYHOWNUMN NogX04aMMU.

JomeH 1

s 20

N A

Xopoliee KayecTBO Xopoliee KayecTBO

B
|

|
)
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YnyJyweHune gnudpodysmoHHbIX Mogenen.

MpepcTaBneHa HoBaa Mofesb, KoTopas
MOXET MPUMEHATLCS K PasNNYHbIM
pacnpefeneHnsiM B 9KCNOHEHLMaIbHOM
CEeMeINCTBe, YTO AenaeT ee Nose3How

AN MOAENMPOBaHMSA AaHHbIX

Ha MHOroo6pasusax C OrpaHNYeHnsMY,
TaKWX Kak efuHNYHas coepa

WKW MONOXKUTENbHbIE NONTyonpeaeneHHble
maTtpuubl (NeurlPS 2023).

YnyJdweHune reHepaTUBHbIX MoAene
ANS reHepaumm 3ByKa.

CoBMeCTHO ¢ KoJiIleraMmm n3 Samsung

Al Center 6b110 HaNMCcaHoO ABe CTaTby,
KoTopble 6binn NpuHATHLI Ha ICASSP 2023
n InterSpeech 2023.

PaspaboTaH MeToA ona MaHuUnynauum
n306paXKeHni ¢ NoMoLLbo reHepaTUBHOMN
mopenu StyleGAN u 6bln1a nogaHa cTaTbA
Ha KoHpepeHuuto CVPR 2024.

B naHHon paboTe peluaeTcs 3agaya
obpalleHun (inversion) peanbHbIX
n3obpaxxeHun gnsa mogenn StyleGAN.
MpepnnoXeHHoe HaMu peLleHne NoTHOCTbIO
NPEeBOCXOAUT BCE CyLlecTBytowme (B TOM
yucne u sota) MeToabl N0 06bEKTUBHbLIM
MeTpuKamM PeEKOHCTPYKUUN. OTANYNTENBHON
0COBEHHOCTBIO peLleHns ABNAETCS
BbICOKasi CMOCOBHOCTb pefakTUpOoBaHUA
peanbHbIX N306paXXeHNn 1 BOSMOXHOCTb
NPYMEHEHNS Ha aKCTpeMasbHbIX out-of-
domain npumepax.

original

AIRI — pesynbTaTtbl 2023 roga

PaspaboTaH MmeTopq 0N peaakTUpoBaHUs
pearnbHbIX N306paXeHnin C MOMOLLLbHO
text-to-image gnuodysnoHHbIX Mogenen
M 6blsla NogaHa cTaTbA Ha KOHbepeHUUto
CVPR 2024.

MpennoXeHHbIn MeTog, 06XxoauT BCe
OCHOBHbI€ (B TOM yncne sota) meToAbl
ONA pefakTUpPOBaHUs Mo OTK/IMKaM
peasnbHbIX NONb3oBaTeNen U B cpegHeM
no MeTpukam. OTANYUTENbHON
0COBEHHOCTLIO ABNAETCA POH6ACTHOCTb
K BbIGOPY rmnepnapamMeTpoB — TO eCTb
MeTo[, OT/INYHO cebs nokasbiBaeT

npw Bblbope U3 AOCTAaTOYHO

60nbLWoro AnanasoHa.

PaspaboTaH MeToa onAa apdeKTUBHOIro
peleHnn 3agaum HairSwap ¢ noMoLLbio
reHepaTtusHon mogenu StyleGAN

1 6b1na NofgaHa cTaTbsl HA KOHPepeHL U0
CVPR 2024.

B naHHom paboTe paccmaTpuBanach
CNoXHaf 3agava nepeHoca NpuUYeckun

no exogHon ¢potorpadpumn. OCHOBHaA
CNOXHOCTb JaHHOW 3afayn 3aKovaeTcs
B TOM, UTO6bI JOBUTLCA €CTEeCTBEHHOIO
W peanncTnyHoro pesynbTaTa npu
nepeHoce Bosnoc. MNpennoXeHHbIn MeTos,
pelaeT 3Ty 3agavy 6e3 onTumMmsayuu,
YTO CYLLECTBEHHO YCKOPSAET ero pabory,
npw aTOM OH AOCTUraeT fyyllero kavyecTsa
No CpaBHEHUIO C ApyruMu noaxogamu.

+ +
Pixar
the joker 3D Render
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KpynHble pesynbTathbl

O6yyaeMbi MHTENNEKT

[pynnow nof pyKoBoACTBOM EBreHuns bypHaeBa nonyyeHbl HOBbIE
pesynbTaTbl B 061aCTN ONTUMANIbHOIO TPaHCMopTa U NPUIOXEHUNA

EBreHunin bypHaes
Begywimnin HayyHbI COTPYOHUK

HoBble MeTOoAbl NOCTPOEHUSA reHepaTUBHbIX
Mozerniel Ha OCHOBE ONTUMaJIbHOro
TpaHcnopTa n andPy3noHHbIX NpoL,eccoB
(pesynbTaTbl ony6nnkoBaHbl B 3 CTaTbAX
ICLR, 2023 u 4 ctatbax NeurlPS, 2023).

OcO6€eHHO CTOUT YNOMSAHYTb CTaTby

Ha ICLR, 2023 (Notable-top-25% paper)

n NeurlPS, 2023 (Oral talk, 3% of accepted
papers). B nepson paboTte nonyyeH
MeTOo[ NOCTPOEHUA reHepaTUBHOM
MOZeNn Ha OCHOBE HOBOTIO 3pPEeKTUBHOIO
anroputMa pelleHus 3agaum cnaboro
onTMManbHOro TpaHcrnopTa. Bo BTopown
paboTe nccnefoBaHa aKBUBANEHTHOCTb
3aja4yu HeNpPepPbIBHOIo ONTUManbHOro
TpaHcrnopTa B SHTPOMNUAHOM NOCTaHOBKE
N 3afia4un HaxoxgeHusa ouddysmoHHOro
MocTa LpeguHrepa; npennoxeH
MacLTabupyemMbil HEMPoOCeTeBOW
anroput™m na pewenus obeunx sagau.
PaspaboTaHHbIn MeTof, No3BosiseT

9P PEeKTUBHO peLuaTb 3agayum HenapHoro
obyuyeHus, HanpuMep, rNoBbIWwaTb
paspeLueHne nsobpaxeHun.

HoBble MeTofbl aHanusa CTPYKTYpbl
MHOrOMEpPHbIX A aHHbIX Ha OCHOBE
TOMONOrMYECcKOro aHannsa AaHHbIX
(ctaTbsi Ha ICLR, 2023).

Ha ocHoBe Tononornyeckoro noaxoga

K OL,eHKEe pa3MepHOCTU NpeaJsioXeH
noaxon K getekumn GenkoBbIX TEKCTOB,
CreHepmpoOBaHHbIX 60bLINMU A3bIKOBbIMU
Mopgensamu, Hanpumep, GPT4 (cTaTbs
Neurips, 2023).

Ha ocHoBe pa3paboTaHHbIX NOAX0[0B

K nogcyeTy onTUManbHOro TpaHcnopTa
6bin pa3paboTaH HOBbIM MeTOof,

KOTOPbIA MOXET paboTaTb COBMECTHO

CO MHOXXECTBOM cyLlecTByoWwMnX opdnanH
MeTOA0B 06Y4YEHUA C NOAKPENIEHNEM.

B yacTHOCTH, B KOMBUHAL N C HEOABHO
npeanoxeHHoiM SOTA MeTo4OM —
ReBRAC, paspaboTaHHbIM KOMaHO0N 6aHKa
Tinkoff, koTopbIn o6ecneynBaeT yCKOpeHne
N yny4dlweHne TOYHOCTU peLLeHns 3adad
npumepHo Ha 40%, npepnaraemblii NOAX0L
No3BOJIAET AOCTUYb AOMNONHUTENTbHOIO
ynyJweHnua B cpegHemM Ha 20% Ha 3agavax
B cpene AntMaze.



Ypaanocb nokasaTtb, YTO pa3paboTaHHbIN
paHee aBTOpaMu cTaTbu Habop
TOMNONIOrNYECKNX NPU3HAKOB NPUMEHNM
ANA COBEPLUEHHO HOBOIMO TUMNa faHHbIX —
peyn — Npu peLlleHnn cTaHgapTHbIX 3agay
Knaccupumkauum, u B HEKOTOPbIX CRyYyanx
nossonseT gobutbca SOTA pesynbTaToB
(cTatba Interspeech, 2023).

HoBble MeToAbl 3D KOMMNbIOTEPHOIrO
3peHnsa n socctaHosneHua 3D ¢popm.

[MocTpoeHa BbI6OpKa PasHOTOYHbIX
MynbTuUMOAanbHbIX 3D AaHHbIX, KOTOpas
nossonsfeT obyyartb Mmogenu ans
BoccTaHoBneHna 3D ¢opMm. [JaHHbIN
pes3ynbTaT NO3BONUT 0b6ecnevYnTb Hay4YHoe
Cco0bLLEeCTBO Ka4YeCTBEHHbIMU aHHbIMU
Ana 0by4vyeHnsa pasnnyHbiX Moaenen

3D KOMMbHOTEPHOrO 3peHus (2 cTaTbu

Ha CVPR, 2023).

Puc. (a)

YueHble AIRI paspaboTanu pag MeTogoB
onTUManbHOro NnepeHoca AaHHbIX

13 O4HOro fOMEHa B Jpyron ¢ NOMOLLbLO
HENPOHHbIX CeTen.

Takne MeTofbl cenyac akTUBHO
nccneayrTcs B Hay4HOM coobLlecTBe

N 4aCTO NPUMEHSIOTCA B reHEPaTUBHOM

MO EeNMpoBaHun, 06paboTke N3obpaxxeHumn
N aHanmse BMONOrnMYecKmNX AaHHbIX.

B ocHOBe HOBbIX METOA0B NEXUT

Teopus onNnTUMarnbHOro TPaHCNopTa,
3HAUYUTENbHbLIN BKNa4 B pa3BUTUE KOTOPOWN
Obln1 coenaH cCoBeTCKMM MaTeMaTUKOM
JleoHngom KaHtopoBnyem eule B XX
Beke. IMEeHHO No3TOMY NpenoXXeHHbIe
MeTO/[bl, OCHOBaHHblE Ha HEMPOHHbIX
ceTAx, nonyynnn obuiee HasBaHue
«HEMNPOHHbIN ONTUMAaSbHbIA TPAHCMOPTY.
3Tn HOoBble noaxoabl ob6nagatoT 6onbLIen
MHTEPNPETUPYEMOCTLIO U TEOPETUYECKON
060CHOBAHHOCTbIO, YEM MHOrue
cylw,ecTByroLWME anbTepHaTUBHbIE NOAXOObl
ONnAa nepesofa AOMeHa AaHHbIX, KOTopble
O6bIYHO CTPOATCA Ha IBPUCTUYECKUX
NnpuHUMNax u He UMEKOT CTPOroro
TeopeTnyeckoro o60CHOBaHUA.
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MpuMepbl paboTbl pa3paboTaHHOrO HEMPOCETEBOro anropuTMa Ha TPex 3ajadax nepeHoca AoMeHa C HenapHbIMM
obyuaroLmmu Boibopkamu. Puc. (a) — ctunusaumna potopeanmcTUYHOro nopTpeTa nog aHuMe (nepeble ABe CTPOKM)

U reHepauma 30bpaxkeHns 34aHnsa no sagaHHoOMy M306paxeHuno nensaxa (BTopble Ase CTPoKM). Puc. (6) — reHepauus
n306paxeHns 06yBM Mo CTUNIIO, 3aAaBaEMOMY BXOAHbIM N306paxeHNeM CYMKM (B CTpoKax 2-4 nokasaH pesysbTtart

pasHoobpa3Hoii reHepaLumn).
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KpynHble pesynbTaThbl

BbluncnuTenbHbI UHTENNEeKT

Hay4HbIM KONNEKTUBOM MoA4 pykoBoacTBOM MBaHa Ocenegua
Obl1 NONYYeH psag, pes3ynbTaTtos

MeaH Ocenepey,

[eHepanbHbIV ANpeKTop

lMokasaHo, 4YTo B pAae cny4vyaes
onoddy3noHHbIE MOgeNu peanusyroT
ONTUMasbHbIA TPAHCNOPT MeXAY
NUCXoOHbIM pacrnpepeneHnem

W HOpManbHbIM pacrnpegeneHuem,
cbopmMynmpoBaHa u NpoTecTUpoBaHa
rmnoTtesa B obueM cnyvae.

lMokasaHo, uTo AaBe oNdPY3NOHHbIE
Mogenun, 0by4YeHHble Ha ABYX OTAENbHbIX
JaraceTax, [alT «B6NM3KMe» NaTeHTHble
KoAbl ANA «B6AN3KNX» KapTUHOK.

CrtaTtbsa yxe npouutnposaHa B 2023
rogy 18 pas, cornacHo Google Scholar.
CtaTbs onybnunkosaHa Ha ICLR 2023.

BbinonHeH pag paboT no pasBuTUio
MeTO[,0B MaLUMHHOIO 06y4eHus ans
MaTeMaTM4YeCKOro MoeNMpPoBaHus.

MpennoxeH mMeTton 6bICTPOro yBennyeHus
fJartaceTa 3a c4YeT UCNOoJIb30BaHNA CBONCTB

ypaBHEHUA (ayrMeHTaumsa gaHHbIX)
Ona oby4yeHUs HEMPOHHbIX ONepaTopos.
Ony6nukoBaHa cTaTba Ha ICML 2023.

AIRI — pesynbTaTtbl 2023 roga

simple datasets

complex datasets

Equation Model X 4 g % Vv g
FNO 0.067 0.048 28% 0.510 0.418 18%
DeepONet  0.675  0.567 16%  — —

Goivectonsdittagion DilResNet  0.023  0.010 SG% 0.312  0.225 28%
MLP 0.094  0.050 49% 0.566 0.496 12%
U-Net 0.069 0.031 55% 0419 0.364 13%
SNO 0.086 0.066 23% 0416 0.373 10%
FNO 0.066  0.036  46% 0.306 0.207  32%
DeepONet — 0.826 — —

Elliptic alpha DilResNet  0.105 0.021 80% 0.160  0.133 17%
MLP 0.088 0.053 40% 0.322 0.253 21%
U-Net 0.093  0.070 25% 0.386 0.194 50%
SNO 0.082  0.050 39% 0.251 0.209 17%
FNO 0.034 0.021 38% 0.181 0.126 30%
DeepONet — 0.832 — 0.946

Elliptic beta DilResNet  0.099  0.022  78% 0.089 0.062 30%
MLP 0.069 0.035 50% 0.238 0.138 42%
U-Net 0.070  0.067 4%  0.170 0.143 16%
SNO 0.068 0.038 44% 0.187 0.144 23%
FNO 0.200 0.159 21% 0.650 0.628 3%
DeepONet — — — —

Wave DilResNet  0.053  0.048 9% 043 038 12%
MLP 0.313 0295 6% — 0.99
U-Net — — 0.57 0.52 9%
SNO 037 037 0% — =

ot 52

FNO 0.005 0.003 40% 0.022 0.010 55%
UNet 0.019  0.09 53% 0.069 0.037 46%

Navier-Stokes DilResNet  0.021  0.015 29% 0.073 0.045 38%
MLP 0.082  0.066 38% 0.082 0.066 20%
SNO 0.004 0.003 25% 0.013 0.008 38%
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BbinonHeH pag paboT no pasBUTUKO
TEH30pPHbIX METOAO0B: KOHCTPYKTUBHbIN
noaxoA K NOCTPOEHUIO TEH30PHbIX
annpokcumMauum gna GyHKULum
crneumnanbHOro Buga.

B yacTHOCTK, NONYYEHO CYLLECTBEHHOE
YCKOpEeHMe pacyeTa KoonepaTmBHbIX

Urp v NOJsly4eH ONTUMasbHbIA anropuTMm
BblYNCNEHNA NePMaHeHTa. 3TOT anNropuTM
B KOHUe 2023 roga nonyyun ganbHenwee
pasBuUTUE ANA YCKOPEHUS MOOEeNNPOBaHNA
6030HHbIX CAMMNNEPOB, KOTOPbIE UrpaeT
BaXXHYHO pOSib B GOTOHHbBIX KBAHTOBbIX
KoMnbtoTepax. PaspaboTaH HOBbIN
TEH30pbIN MeTo, ONTUMKU3aLMKN TUNa
«YyepHbIn Awmnk» PROTES, koTopbIn

CYLLECTBEHHO NpeB30Le aHanorun, B Tom
yucne, nakeT Nevergrad (Meta) Ha uenom
psage 6eHYMapkoB. OnybnnkoBaHa

cTatbA Ha NeurlPS 2023. PaspaboTtaH
HOBbIN MeTOo4 oNTUMM3aLMN GYHKLURA,
npeAcTaBfeHHbIX B ManiopaHroBOM
dopmarte. CtaTbs onybankosaHa

B SISC (Q1).

PaszpaboTaH MeTOf YMEHbLUEHNA NaMATU
0na obyyeHna HelpoceTeBbIX Mogenen
3a cYeT KBaHTU3aLunM aKTuBauuin

B o6paTHOM npoxopae (Meton FewBit).

CokpalieHne namaTtn 6es notepu
TOYHOCTW cocTaBuno 5-10%.
Ony6nnkoBaHa cTtatba Ha ICML 2023.
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Figure 4. Dynamic of loss values in finetuning of ruDALL-E Malevich with Few-bit GELU activations.
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Figure 1. Optimized 3-bit piecewise-constant approximations of the derivatives of activation functions.
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KpynHble pesynbTaThbl

HenpocnmBonbHasa UHTerpayus

[pynnon nof pykoBogcTBoM AnekcaHgpa llaHoBa
nony4yeHbl cnegyroline pesynbraThl

AnekcaHgp lNaHoB
Begywimnin HayyHbI COTPYOHUK

lMpeanoxeH MeToa UHTerpauumu
TpaHCPOpPMeEpPHbIX HENpPOCeTeBbIX
Mopaenen u anropuTMoB
3BPUCTNYECKOro NouckKa ana sagaydu
nomucka nNyTu Ha rpade perynsapHomn
AeKoMMno3numu (nnaHnposaHmun
TpaekTopuun no rpady-ceTke).

Pa6oTa ony651MKoBaHa Ha KOHdpepeHLnn
AAAI 2023 (Core A*).

MpepnoXxeHbl HOBble METOAbI
NAaHUPOBaHUA TPAaeKTOPUM MOBUNBbHOIo
areHTa B cpefe C ABMXXYLWNnmMncs

(H/8, W/8, 64)
x 3 times r

+Positional

and rearrange

Decoder |

J[j[-' KE

input map
(H,W,2)

ﬁ

output PPM
(HW,1) a)

x4
times

Optimal Found Cost Expansions
Ratio (%) 1 Ratio (%) | Ratio (%) |
A* 100 100 100

WA* 40.66 103.52 +4.85 44.43 +£25.92
Neural A* 29.82 104.90 £6.56  52.30 +30.47
A*+HL 79.11 100.27 £0.62  80.50 +74.40
WA*+CF 85.40 100.25 +£1.13  36.98 £21.18
FS+PPM 82.97 100.24 +0.74 26.36 +21.08
GBFS+PPM 83.02 100.25 £0.90  23.60 +18.34

NpPenAaTCTBUAMMU, yYuTbiBatoLW e
KWHOAWHaAMUYEeCKNe orpaHuyeHuns

obbeKkTa ynpasrieHus, B TOM yucrne
MeToAbl, KOMOMHUpYoLW e obyyaemble
cTpaTernn nokanbHoro nsberaHus
CTONKHOBEHWUN U KlacCU4ecKne anropuTMbl
NIaHMPOBaHUA (IBPUCTUYECKUIN MOUCK,
naaHMpoBaHUE Ha OCHOBE Clly4YanHoro
ceMnnmpoBaHus).

Pa6oTbl ony6nmMkoBaHbl Ha KOHpepeHL K
AAAI 2023 (Core A*), xxypHane RA-L
(Q1, Top-1in Robotics).

CNN model Transformer

n

Path probability map

Search results
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Il PUKnagHble pe3ynbTaTbl

NLP

HoBbIn MeTOoA OLEHKMN
HeonpeaeneHHOCTU NpeacKasaHnin
BHeLpeH B CUCTEMY MEeAUNLMHCKOMN
ANarHoCTUKK, KoTopas
paspabaTbiBaeTca Sber Al Lab. Cuctema
pa3BepHyTa B KJIMHMKax MOCKBbI.

PaspaboTka MeTof0B 4151 KpoCcC-
A3bIYHON U MYNbTUA3LIYHOMN
petokcnoumkaumm TekcToB. B pamkax
AaHHOM paboTbl 6bISIN NpeacTaB/EeHbI
MeTo[fbl «NepeBoa» TOKCUYHOro
TEKCTOBOrO COOBLEHNA, Hanpumep,
cofepykallero HelLleH3ypHble
BblpaXXeHNA B aKBUBANIEHTHOE

No CMbICNy COObLLEeHNe, NepenmcaHHoe
B HeMTpanbHOM cTuse. B Hawem
nccnefoBaHum Bnepsble 6bin
NPOTECTUPOBAHbI METOAbI
petokcnoumkaumm B MynbTUA3bIYHON
N KPOCC-A3bIYHOM NOCTAHOBKE.
[MocnepHaAA nogpasymeBaeT,

4YTO O HOBPEMEHHO peLuatoTcs Ase
3ajaun — nepesop, N feToKCcndpukaLums
TekcTa. PesynbTaTbl MeTofa 6b1nn
npencTasBlieHbl Ha MeXAyHapoLHon
kKoHdpepeHumn AACL-IJCNLP-2023

B IHOoHe3un. Kpome aToro, 6bina
NPUHATa 3a8BKa Ha NpoBeLeHne
MeXYHapOoL4HOro CoOpeBHOBAHMA

diabetes | Diabetes mellitus

Ha TeMY KpOCC-A3bl4YHOWN
OeToKCcudmKaLmm TEKCTOB B paMKax
dopyma CLEF-2024.

MpepnoxeHa mogens Graph-Enriched
Biomedical Entity Representation
Transformer (GEBERT), ocHoBaHHas
Ha NCNob30BaHMN rpadoBbIX
HEeMpPOHHbIX CETEN apXUTEKTYPbI
GraphSAGE n GAT gnsa oboraweHus
A3bIKOBOW MOAENN LOMNOSTHNTENbHON
nHdopmaumnen ns rpada sHaHun.

Mo pesynbTaTtamM 3KCNepuMeHTOB

Ha NATW aHINOA3bIYHBIX KOpRycax
npeanoXxeHHaa Mogesib Ha OCHOBE
apxutekTypbl GraphSAGE npes3oLwwna
CyLLeCTBYHLLME NepefoBble MOgEeNu
HOpMann3aunum MMeHOBaHHbIX
CYLHOCTEN, He ucnonb3ytowme rpad
3HaHWI, Ha BCexX NATU Kopnycax

no ToO4YHocTK (accuracy). Ony6nukoBaHa
ctaTbAa Graph-Enriched Biomedical
Entity Representation Transformer”

B COOpHUKE MeXOYyHapOAHON
KoHdepeHumn CLEF 2023 n cTaTbs
“Graph-Enriched Biomedical Language
Models: A Research Proposal”

B c6opHunke AACL-IJCNLP SRW

2023 (CORE B).

Textual embeddings

DKD | Diabetic Kidney Disease
ibuprofen | Ibuprofenum BERT
CPT | L-Captopril = encoder >
headache | cephalgia
( ) multimodal
/‘ loss
Local concept subgraphs Node embeddings
@, S CXXxX)
Knowledge : Iy : J encoder
base ! ' (Q
(UMLS) ow X
Local subgraph
C0163657 €0011849 €0011881 €0006938 €0118168
I chromium picolinate diabetes Kidney Diseases, L-Captopril fosinopril
1 Chromium(lll) —> diabetes melitus €~ Diabetic diabetic nephropathy €~  Captopril Fosinopril (substance) |

t picolinate DM diabetes Diabetic renal disease cPT
(Om) Diabetic Kidney Disease

ace inhibitors fosinopril



Il PUKnagHble pe3ynbTaTbl

HenpocnmBonbHasa UHTerpayus

[pynnon nof pykoBogcTBoM AnekcaHgpa llaHoBa
nony4yeHbl cnegyroline pesynbraThl

AnekcaHgp lNaHoB
Begywimnin HayyHbI COTPYOHUK

MpepnoxeH pag MeETOLOB

peleHns 3agaym MHOroareHTHoOro
NNaHMPOBaHNA TPAEKTOPUN

(B pELEeHTpann3oBaHHON NOCTAHOBKE),
ONMparLLMXCA Ha UHTerpaymo
MeTOA0B 3BPUCTUYECKOIrO NOMUCKa
n obyyeHnsa ¢ NoaKpenneHnem

(kak Ha ocHOBe Moaenu, Tak u 6es).
OpgHa 13 nybnmkaummn no aTomn

Teme B xypHane TNNLS (Q1, top-1
No HeMpoceTeBbIM METOAaM).

PaspaboTaH Moaynb NnaHNPOBaHMUA
noBefeHNs UHTENNEeKTYyalbHOro areHTa
MO MHCTPYKLUWNAM Ha eCTEeCTBEHHOM
A3blKe Ha ocHoBe LLM. Anpobauuns
MOAYNA Npoxoguna Kak Ha cneuunanbHo

Input

Skill Fusion Decider

Generated

CreHepupoOBaHHbIX AaHHbIX, TakK
N B COCTaBe CUCTEMbI yNpaBfeHNs
po6oTOTEXHMYECKOM NNaTGopMbl

Ha NONUroHe (COBMECTHO C LieHTpom
poboToTexHukn Cbepa).

Paspa6boTtaH nogxog, SkillFusion,

B KOTOPOM Kfaccuyeckue n obyyaemble
anropuTMbl 6b11 peanMsoBaHbl

B KayeCTBe HaBbIKOB areHTa, v 6blin
npeasioxXeH Moaynb NPUHATUA PeLLEHN
0 Bblbope HaBblKa, KOTOPbIN OCHOBAH
Ha OuEeHKe BHYTPEeHHeN Nofes3HoCcTun
KaXgoro HaBblka. Ha ocHOBe flaHHOro
pesynbTaTa 6b110 NPeaIoXeHO nyJllee
pelleHne Ha copeBHoBaHUM Habitat
Challenge CVPR 2023 n ony6nvkoBaHa
cTaTbsi B XYypHane Robotics (Q1).

Method Success SPL SoftSPL

DDPPO [1] 0.18 0.10 0.35

SemExp [14] 024 0.14 0.26
Auxiliary RL [8] 0.51 0.29 0.34
SkillFusion 0.64 0.36 0.38

Skill Metrics
Explore GoalReacher Success SPL SoftSPL

Classical Classical 0.410 0.182 0.263
RL RL 0.403 0.224 0.321
Classical pipeline RL+Classical Classical 0.511 0.299 0.309
- RL+Classical RL+Classical 0.547 0.316 0.365




Il PUKnagHble pe3ynbTaTbl

Al B NpOMbILLNEHHOCTU

[pynnon nop pykosoacTeoM Mnbn MakapoBsa
noslydeHbl cneaytowme pesynbraTbl

‘,‘a ﬂ!! nba Makapos

CTapLumii Hay4HbI COTPYAHMNK
N~ 4

B o6nacTtu Industrial ML:

MeToz OLUEeHKN COCTOSHNA
obopynoBaHMs Ha OCHOBE KOMBUHaLMn
Mogenen rnybokoro obyyeHms

N CyLEeCTBYHOLWNX MOAeNen N3HOCA,
NHTEPNPETUPYEMDINA CO CTOPOHBI
CYLWEeCTBYHLWMX ANArHOCTUYECKUNX
npasun.

MeToz opraHmMsaumm n nHTepnpeTauum
HN3KOPa3MePHOro NaTEHTHOro
NPOCTPaHCTBa NPU peLUeHNN 3aaum
Aerpagaunm MHAYCTpUanbHoOro
obopynoBaHus.

leHepaTuBHaa onodysMoHHaa MoLenb
OTKas30B 060pyAOBaHUSA C MOCTPOEHNEM
condition Ha ocHoBe 6N3KNX

B JlTaTEHTHOM MNPOCTPaHCTBE TpaeKTopumn

gerpagaunn.

®dpenMBOpPK 1 NpoBefeHbl MacwTabHble
SKCNEepPUMEHTbI NO 3aLluTe CUCTEM
ANArHOCTUKN HencnpaBHOCTEN

OT COCTA3aTesIbHbIX aTak.

Unsupervised Fault Diagnosis
MO CEHCOPHbIM AaHHbIM XUMNYECKNX
npegnpuaTui:

a. Nony4yeHo SOTA pelueHue,
OCHOBaHHoe Ha self-supervised
npenobyyeHnun n deep clustering,
ynyJdwaroume MeTpuKM KayecTsa
OTHOCUTENbHO CYLLECTBYIOLLMX
noaxonos Ha 20—-30%;

b. NMokasaHo, YTo paspaboTaHHbIN
crnocob npenobyyeHns nossonaeT
Moaenam, oby4yeHHbIM B semi-
supervised ceTTUHre ¢ aKCTpeMarsnbHO
MasibiM KOJIMYECTBOM pPasMeYeHHbIX
OaHHbIX, AOCTUraTh pesynbTaToB
6nmsknx SOTA mopenen, oby4YeHHbIX
B supervised ceTTuHre.

B o6nactu Graph ML:

MpepnoxeHa SOTA mogens TI-DC-
GNN gns paboTbl ¢ BpeMeHHbIMM
rpadamu, Ha OCHoBe NpenoXeHHbIX
rpadoB Kay3anbHOCTU U CNeaCcTBuS,
YTO NO3BOMUSO YAYYLINTb Ka4yecTBO
N KpaTKO- N A0STOCPOYHbIX
npenckKasaHui.

PaspaboTtaH HoBbIn SOTA SSL
nogxopg Ansa npepobyyeHns moaenen
ANA NpefcKasaHna CBONCTB MOSEKYN,
KOTOPbIA COXpaHAEeT BaXKHble
[OMEHHbIe 3HaHUA.



Il PUKnagHble pe3ynbTaTbl

ApanTtupoBaH MeTom MArkown
Knactepusayum rpada K 3agade
nccnegoBaHus B pekcucTemMay,

YTO NO3BONMAO YAYYLINTb Ka4yecTBO
ajantaumm K USMeHeHnsM

B NOJIb30BATE/IbCKOM MOBEAEHUNN.

B o6nactu Computer Vision:

HoBble noaxogbl K 3D geTexkyunmn

Ha OCHOBE AUCTUINALMN YYNTENA

Ha AO0MOJ/IHEHHbIX AaHHbIX C TAXENbIM
CTYLEHTOM B supervised 1 semi-
supervised ceTTUHrax B 3agave

aBTOMaTN4YecKom reHepauunnm pasMeTKn.

B pesynbrare:

a. PaspaboTaH noaxopn, OCHOBaHHbIN

Ha o6beNHEeHNN NOCNe[0BaTENbHOCTH
kagpos LIDAR ¢ nomMoLbto anropmMtmMoB
permcTpaumnm ob6/1akoB TOYEK, KOTOPbIN
pocturaet SOTA pesynbTaToB B semi-
supervised ceTTuUHre n cTabunbHO
ynyylwaeT KayecTBO Mogenen

B supervised ceTTuHre;

b. HangeHa owwnbka B cnocobax
CpaBHeHuA semi-supervised Mmogenen
3D pgeTeKkumn Ha NoNynApHOM
patacete ONCE v npegnoxeH
MOANPULMPOBaHHBIN CNOCO6
oby4yeHus Mogenen ona eé pelweHuns.

Object-Complete Frame

Original LiDAR Frame

Object
Completion

Original X-Ray
3D Detector Teacher

B o6nacTtu Natural Language Processing:

OpraHusayma paboTbl Hag,
NPOTOTUMNOM aCCUCTEHTa MeHeXXepa
C ucrnonb3oBaHveM LLM Ha 6aze
MyfbTMareHTHoOro noaxoaa
(BabyAGI). MNpoeKT BbINONHAETCA

B coTpygHuyectse ¢ Sber Al Lab.

YcTaHoB/EHa CBA3b MEXAY
TEeopPeTUYECKUMM OOCTUXKEHUAMU

B 06/1aCTW AOCTYNa K AaHHbIM

Ha OCHOBE OHTONIOMNIM M NPaKTUYECKNMMU
NPUNOXEHNAMUN MALUMHHOIO 06Yy4YeHus,
OEMOHCTPUPYSA, YTO MeTOAbl MaLLMHHOIO
oby4yeHna moryT 6bITb 30 PEKTUBHBIM

N HETPaANLNOHHBbIM NOAX040M

015 OTBeTa Ha TeopeTnyeckune
OHTONOrMYeCcKMe 3anpochbl C MOMOLLbHO
NOKpPbIBatOLLLEN aKCUOMBbI.

MpennoXeH nogxopn, KoTopbin
npumMeHsaeT rpadoBble HEMPOHHbIE CETU
(GNN) k 3agaye UHAYKLMM CMbICTa
cnosa (WSI) ¢ ncnonbzoBaHmem

CeTW COBMECTHOIO NOSsIBNIEHMUS,
OEMOHCTpUpYeT yooBneTBOpUTENbHbIE
pesynbTaTbl C HU3KMM NoTpebneHnem
BbIYNCNUTESNbHBIX PECYPCOB.

B o6nacTtu Deep Reinforcement Learning:

PaspaboTka Mofenu, KoTopas
BK/HOYaET B Ce6s1 pacluMpeHHble
GYHKLMM arperaunm n MexaHusmbl
BHUMaHNA B CBEPTOYHbIX CETAX
rpaoB, YTO 3HAUUTENBHO MOBbILAET
90 GEKTMBHOCTb rNMy6GOKOro obyyeHms
C NoAKpenseHneM npu HaBurawuum

Mo pa3peKeHHbIM BO3HarpaXxa4eHusm,
4acTUYHO HabnogaemMbIM
TPEeXMepHbIM Cpeaam.

HoBble nogxoabl B 3afade
MHTepnpeTupyemMon agantaumm

C peasibHbIX Ha CUHTETUYECKME
AaHHble C nocneaywmmM obyyeHnem
n obpaTHOM LOMEHHOW aganTaumen.



Il PUKnagHble pe3ynbTaTbl

buonHdpopmaTumka

[pynnow nopf pykosoactsoM Onbru KapabIMOH
nosly4yeHbl cnegyroume pesynbrathbl

Onbra KapabIMOH

HayuHbI coTpygHUK

PaspaboTaHO 1 BbISTOXEHO B OTKPbITbIN
AOCTYN CEMENCTBO A3bIKOBbLIX MOAeNen
ana JHK GENA — LM. lNoka3saHa
apPpekTNBHOCTL NpuMeHeHus GENA ons
peLleHns LWMPOKOro cnekTpa reHOMHbIX
3agady. CornacHo NoslyYeHHbIM AaHHbIM,
Mmopaenn GENA-LM nokasbiBaroT
XapakKTepPUCTUKM He yCcTynarowue,

a B HEKOTOPbIX Cny4vasax npesocxogsume
MOAEeNN MUPOBbLIX KOHKYpeHToB (Google,
Nvidia, Stanford), npeacTtaBneHHble

B 2023 rogy. GENA-LM c¢ Bbicokor
TOYHOCTbIO NMpefCcKasbiBaeT
pacnosioXeHne KNKYeBbIX 3/IEMEHTOB
reHomMa: NpPOMOTOPOB FrEHOB, CaNToB
CnianCuHra, TepMMHaTOPOB MEHOB,
pPerynaTopHbIX 3N1eMeHTOB. AHHOTaL KA
Pa3/INYHbIX FEHOMHbIX 3/1IEMEHTOB

Ha ocHoBe nocrnegoBaTtenbHocTn JHK
OTKpbIBaeT BO3SMOXHOCTb AN1A CO34aHUSA
WHCTPYMEHTOB AN18 UHTepnpeTaummn
MyTauuin B reHOMe YenoBeka.

CoBMecTHO ¢ AMutpnem BeTpoBbiM

n konneramun us BLLU3 obyyeHa moaenb
ansa 6esycnosHon anddysnoHHON
reHepauunm 6enkos DIMA No TEKCTOBbIM
(@MMHOKNCNOTHbBIM) AaHHbIM.
PaspaboTaH anroputM cpaBHEHMS
reHepupyeMbix nocnegoBaTenbHOCTEN
Mo KayecTBY U pasHoobpasuto

Kak MeXxpay Knactepamu, Tak

N ¢ KoHKypeHTamm (EvoDiff-seq,
nanoGPT, SeqDesign).

PaspaboTaHbl 1 ony6MkKoBaHbl psag,
Mopaenemn:

MoAefb OLLeHKN CTabunbHOCTM 6enkoB
NPV NOSBNEHUN OAMHOYHBIX MYy TaLUiA
«PROSTATA» (Bioinformatics, Q1,
IF=5.8);

COBMECTHO paspaboTaHHasa ¢ MIMHL|
nMm. boukoBa Mofenb n gataceT

ONA NOUCKA KNUHUYECKN 3HAUYUMBbIX
PEernoHoOB B He KoaupyroLwem 6enok
Ha4yane nocnegoBaTeNbHOCTU FEHOB
(Nucleic Acids Research, Q1, IF = 19.16);

Moaenb gna nHTepnpeTaunn BNnMaHnA
Ha reHbl MyTaLuWi B HE KOOMPYIOLLUX

6enku yyactkax JHK B pasHbIxX Tunax
kneTtok (GigaScience, Q1, IF = 7.658).

CeMeNncTBO A3bIKOBbIX e a
moaenen GENA_LM

CKauymBaHum
Kaxkabin mecau ¢ HF

ckaumBaHui 3a 2023 rop,

MeXAQYyHapOo4HbIX CeMUHapa



Il PUKnagHble pe3ynbTaTbl

[1n3anH HOBbIX MaTepunanos

[pynnon nop pykosogcteoM CemeHa byaeHHOro
nony4yeHbl cnegyroline pesynbraThl

CemeH bygeHHbIn

HayuyHbI KOHCYNbTaHT

Komnnekc nporpamMmmMHoro obecnevyeHnus
ASCAD Light pns aBTomaTnyeckom
aetekumn 0edpekToB Ha COSTHEYHbIX
fiyenkax n nokanusauum ysnos
NPON3BOLACTBEHHOM SINHUMN, CBA3AHHbIX
C nx obpasosaHuneM. lNMposeneHo
ycneLwHoe OnbITHO-NPOMbILWEHHOE
NcnblTaHMe paspaboTaHHOro
KOMMMMeKca B NPOM3BOLCTBEHHOM
naHgwadTe KoMnaHmm Hevel.
Hay4Hble pesynbTaThl ony6ankoBaHbl
B XYypHane Solar Energy (Q1).

Eco4cast, open-source 6ubnunoteka

Ha Python, cHuarowas yrnepogHbin
cnep ot obyyeHns mogenen Al

3a cyeT pacnpegeneHns obnayHbix
BbIYMCIIEHN NO BPEMEHHbIM
WHTepBanamM n permnoHam C HauMeHbLLen
TeKkyLLen yrnepofHom CTOUMMOCTbLIO
9NeKTPO3Heprun. HayyHble pesynbtaThl
C 3KCNepPUMEHTabHOM NPOBEPKOW

30 PEeKTUBHOCTU BUBINOTEKM BbINN
ony6nukoBaHbl B XXypHane «[Joknagbl
mMaTemMaTukm» (Q2).

PeweHns komaHgbl B obnactn ESG —
ASCAD Light, Eco2Al n Eco4cast —
npencTaBieHbl Ha KJIMMaTUYECKOM
cammuTte OOH.

Penosutopuin Cd- and Zn-doped
CsPbl; Energetics ¢ gataceTom

N KOgOM NocToBpaboTKM npeackasaHumn
TepMoANHaMMNYECKNX CBONCTB

NEermpoBaHHbIX NEPOBCKUTOB.
PesynbTaTbl, NOSyYeHHble

C NPUMEHeHNeM paspaboTaHHOro
rmépungHoro DFT/GNN nogxoga,
ony6/MKOBaHbl B XXYpHane
Computational Materials Science (Q1).

C uenbto npusneyeHns ¢usnko-
XUMUNYECKOro Hay4yHoro coobuiecTBa

K cosgaHuo Al-pelueHnin B obnactu
MaTepuanoBefeHns cosgaHbl

caunT u penosutopuin 2DMD at

a Glance, cogepxalime anropuTmbl
NocTo6paboTKN 1 YNPOLLEHHOIO
A0CTyna K AaHHbIM OTKPbITOro
faTaceTa CBOMCTB TOYEYHbIX AedeKTOB
B AIBYMEPHbIX MaTepuranax (2DMD).

MpoToTmn 6UbNNoTEKn Ans
aBTOMaTU3MPOBAHHOIO NPOEKTUPOBaHUA
n3genvin n3 MeTamMmatepuanos

ana 3D neyaTtu, B 4aCTHOCTH,
UMMIaHTOB KOCTEMN.

PaspaboTaHa cypporaTHas Moaenb
CUMYNALMN NUTOrpaduyeckoro
npouecca B MUKPO3EKTPOHMKE,

a TakxXe crneymanmsnpoBaHHble
MeTpuKka 1 GyHKLMA NoTepb,
yuYuTbIBaKOLWME Kak Gopmy,

TaK 1 TOMOSIOrnK NaTTepPHOB
doTowabnoHoB. B paMkax napTHepcTBa
co Sber Robotics Lab moaenb
yCNeLwHo npoLuia NepBuYHbIN 3Tan
9KCNepUMEHTaNIbHOro TeCTUPOBAHUA.
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[[ny6okoe obyyeHmne B HayKax

O XXN3HU

[pynnow nop pykoBoACTBOM ApTypa KagypuHa

noJjiy4dyeHbl cregyromne pe3ysibTaTbl

ApTyp KaaypuH

MHeHep-uccnegosaresib

Molecule Fragments

h l\ \<§/ ./ﬁ\/“l\. r

N
\O

4

=n 0 =

Q(s,a) 7 (a)

PaspaboTtaH MeTof reHepauum
HOBbIX MONEKYNAPHbIX CTPYKTYP

C BbICOKOW adMHHOCTbIO K 6enky-
MULWweHn. CTaTbs NPUHATA B XXYpHan
TMLR v 3apernctpupoBaHo
cooTBeTcTBYtoLee [10.

PaspaboTaH MeTo4 onTMMM3aLLUK
MOJeKYNAPHbIX KOHPOpMaLLMiA,
NO3BONAIOLWMIA COKPATUTb
BbIYMCIIUTENBHYIO CITOXXHOCTb

Ha HECKONbKO nopsakoB. CTaTbs
nogaHa Ha koHoepeHuuno A* ICLR.

CoBMeCTHO ¢ KOMaHaoWn EneHsbl
TyTy6anuHon paspaboTaHbl HOBblE
Mogenu ana o6paboTku MeaAnLUHCKIUX
TEKCTOB C YYETOM [LOMEHHbIX

3HaHWN, NpeaCcTaBNeHHbIX B BUAE
rpadoB (MpUHATa Ha KOHGEPEHLNIO
CLEF), a Tak e cos3faH 6eHYMapK
A3bIKOBbIX MOAeNen Ans nposepkun

NX Ha XUMNYEeCKne 3HaHNA

(nopaHa Ha ICLR).

CoBMecTHO ¢ KoMaHaon Onbru
KapabIMOH BefeTcA paspaboTka MeToa
AV3aHa 6enKoB Ha OCHoBe 0by4YeHus

C NoAKpenneHnem.

[oTOBUTCA K Ny6MKaLmm BTopas
Bepcus 6eHUMapKa 1 gataceTa gns
peLleHns KBaHTOBO-XMMMNYECKNX 3a4au
nablaDFT.

CoBMecCTHO ¢ KoMaHaon CeMeHa
byneHHoro Begetcsa paspaboTka
MeTOA0B An3alHa N0CKNX MaTepunanos.

BmecTe ¢ komaHaon ¢nsnkos ns My
6b110 NPOBEAEHO UCCnefoBaHNe

Mo OLLeHKe MarHUTOKanopmnyeckoro
apdekTa B BMHapHbIX MaTepmnanax

C NernpoBaHuem.
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HenpouHTeppencnol

[pynnow nopf pykoBoacTBoM Anekcesa Ocagyero
NoNIy4YeHbl cnegyrowine pesynbraThbl

o

(== Anekcen Ocaguni

) %‘i BepyLnin HayuYHbI COTPYAHNK

- BHeppeHue pesynbTaToB NpoeKkTa
«MrHoBeHHas HenpoobpaTHas CBA3b»
B MPaKTUKY.

Peanunsauunsa anropuTMa MrHOBEHHOM
(sapepxka 3 Mc, <3% oT nepuoga
pUTMa) OuEeHKM dpasbl pUuTMa

MoO3ra Ha 60pTy OTe4YeCTBEHHOMO
anekTpoaHuedanorpapa NVX52

n anpobaunsa B aKCNnepnumMeHTax

No COCTOAHME-3aBUCUMOM
TpaHCKpaHWasnbHOM MarHUTHOM
CTUMYNALNN.

MNpnBsA3Ka MOMEHTa CTUMYNAL UK

K ¢a3e CeHCOMOTOPHOro puTMa
NO3BOMW/IA B HECKOJIbKO pas
NOBbLICUTb TOYHOCTb NloKanusauymm
KOPTUKasbHbIX 30H NpeACcTaBeHns
MbILL, KNCTU. B BepxHeM psay
npeacTaBeHbl KapTbl aMMAUTYAbI
BbI3BAHHOI0 MOTOPHOIO OTBETA,
NnonyYyeHHble CTaH4APTHBIM METOLO0M.
HWXHWN pag — KapTbl, NOMYYEHHbIE
B pexunme ¢pasosaBuCcnMMon
CTUMYNALWM B peasibHOM

BPEMEHN C NCMOJSIb30BaHNEM
MoandunumposaHHoro NVX-52.

AIRI — pesynbTaTtbl 2023 roga
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O6yyaeMbi MHTENNEKT

[pynnow nog pyKoBoACTBOM EBreHuns bypHaeBa
Nosly4yeHbl cnegyroume pesynbTathl

EBreHunin bypHaes
Begywimnin HayyHbI COTPYOHUK

S~ ”~

HoBble o6uwme anroputmbl ML - MopgenupoBaHue HaBOgHEHUN

(2 ctatbn Q1) no gaHHbiM 133

- PasHOTOYHbIN anropuTm - Knaccuoumnkauma Tmnos
aBTOMAaTUYECKOro nouncka 3eM1enob3oBaHns No aaHHbiM 133

HEeNpOCeTEBbIX apXUTEKTYP
- 0630p NPUNOXEHU anroputmMos ML
- KnacTepusaumna BpeMeHHbIX B 3afa4yax yCTOM4YNBOro pasBuUTUSA
TOYeYHbIX NpoLeccoB Ana o6paboTku
NoNb30BaTENbCKUX AAaHHbIX

- Anroput™M obyyeHnss O4HOKNACcCOBOW
MaLUWHbl OMOPHbIX BEKTOPOB
C NpUBUIIErMPOBaAHHON NHPOPMaLnen

\ . Training

Segmentation
model

L] Vi

SR model

17 7

Mpunoxenua anroputmos ML
(9 cTtaTein Q1)

X SR HR

Pred GT

Sentinel-2 |

Eﬂ.ﬁ _________ T
._r' SR model

/

- OnTuManeHbIn Bbl6op nopTdens
aKTMBOB

2
Segmentation
model

Sentinel-2
inference

- O6Hapy>XeHus HenpoaereHepaTuBHbIX
3aboneBaHu Ha OCHOBE CTPYKTYPHOro
MPT 1 MmoppoMeTpUYeCcKnx npnusHakos

- O6Hapy>XeHns AenpeCcCUBHbIX
paccTponcTs

- [lpUMeHeHne MeToL,0B MOLEeNNPOBaHNSA
MHoroo6pasuin gnsa aHanusa
MUKPOBMOMa KMLEeYHMKa YenoBeka

- CermMeHTtauua 3gaHuim rno gaHuoim 133

AIRI — pesynbTaTtbl 2023 roga
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BblyncnnTenbHbIN NHTENNEeKT

[pynnoin nog pykosoacTeoM KBaHa Ocenepgua
nosly4YyeHbl cneayrowmne pesynbraThbl

MeaH Ocenepey,

[eHepanbHbIV ANpeKTop
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Neural Harmonics: Bridging Spectral
Embedding and Matrix Completion
in Self-Supervised Learning

Marina Munkhoeva, lvan Oseledets

Self-supervised methods received tremendous attention thanks
to their seemingly heuristic approach to learning representations
that respect the semantics of the data without any apparent
supervision in the form of labels. A growing body of literature

is already being published in an attempt to build a coherent and
theoretically grounded understanding of the workings of a zoo
of losses used in modern self-supervised representation learning
methods. In this paper, we attempt to provide an understanding
from the perspective of a Laplace operator and connect the
inductive bias stemming from the augmentation process

to a low-rank matrix completion problem. To this end, we
leverage the results from low-rank matrix completion to provide
theoretical analysis on the convergence of modern SSL methods
and a key property that affects their downstream performance.
other methods on different downstream tasks.

Building the Bridge of Schrodinger:
A Continuous Entropic Optimal
Transport Benchmark

Nikita Gushchin, Alexander Kolesov, Petr Mokrov, Polina Karpikova,
Andrei Spiridonov, Evgeny Burnaev, Alexander Korotin

Over the last several years, there has been significant progress
in developing neural solvers for the Schrédinger Bridge (SB)
problem and applying them to generative modelling. This new
research field is justifiably fruitful as it is interconnected with

the practically well-performing diffusion models and theoretically
grounded entropic optimal transport (EOT). Still, the area lacks
non-trivial tests allowing a researcher to understand how

well the methods solve SB or its equivalent continuous EOT
problem. We fill this gap and propose a novel way to create pairs
of probability distributions for which the ground truth OT solution
is known by the construction. Our methodology is generic

and works for a wide range of OT formulations, in particular,

it covers the EOT which is equivalent to SB (the main interest

of our study). This development allows us to create continuous
benchmark distributions with the known EOT and SB solutions
on high-dimensional spaces such as spaces of images.

As an illustration, we use these benchmark pairs to test

how well existing neural EOT/SB solvers actually compute

the EOT solution.

Neural Harmonics: Bridging Spectral Embedding and
Matrix Completion in Self-Supervised Learning

Building the Bridge of Schrédinger:
A Continuous Entropic Optimal Transport Benchmark
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PROTES: Probabilistic Optimization
with Tensor Sampling

Anastasia Batsheva, Andrei Chertkov, Gleb Ryzhakov, lvan Oseledets

We developed a new method PROTES for black-box optimization,
which is based on the probabilistic sampling from a probability
density function given in the low-parametric tensor train format.
We tested it on complex multidimensional arrays and discretized
multivariable functions taken, among others, from real-world
applications, including unconstrained binary optimization

and optimal control problems, for which the possible number

of elements is up to 2'%, In numerical experiments, both

on analytic model functions and on complex problems, PROTES
outperforms existing popular discrete optimization methods
(Particle Swarm Optimization, Covariance Matrix Adaptation,
Differential Evolution, and others).

Star-Shaped Denoising Diffusion
Probabilistic Models

Andrey Okhotin, Dmitry Molchanov, Vladimir Arkhipkin, Grigory Bartosh,
Viktor Ohanesian, Aibek Alanov, Dmitry Vetrov

Denoising Diffusion Probabilistic Models (DDPMs) provide

the foundation for the recent breakthroughs in generative
modeling. Their Markovian structure makes it difficult to define
DDPMs with distributions other than Gaussian or discrete. In this
paper, we introduce Star-Shaped DDPM (SS-DDPM). Its star-
shaped diffusion process allows us to bypass the need to define
the transition probabilities or compute posteriors. We establish
duality between star-shaped and specific Markovian diffusions
for the exponential family of distributions and derive efficient
algorithms for training and sampling from SS-DDPMs. In the case
of Gaussian distributions, SS-DDPM is equivalent to DDPM.
However, SS-DDPMs provide a simple recipe for designing
diffusion models with distributions such as Beta, von Mises—
Fisher, Dirichlet, Wishart and others, which can be especially
useful when data lies on a constrained manifold. We evaluate
the model in different settings and find it competitive even

on image data, where Beta SS-DDPM achieves results
comparable to a Gaussian DDPM.

PROTES: Probabilistic Optimization with Tensor
Sampling

Star-Shaped Denoising Diffusion Probabilistic Models
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Intrinsic Dimension Estimation
for Robust Detection
of Al-Generated Texts

Eduard Tulchinskii, Kristian Kuznetsov, Laida Kushnareva,
Daniil Cherniavskii, Serguei Barannikov, Irina Piontkovskaya,
Sergey Nikolenko, Evgeny Burnaev

Intrinsic Dimension Estimation for Robust Detection
of Al-Generated Texts

Rapidly increasing quality of Al-generated content makes

it difficult to distinguish between human and Al-generated
texts, which may lead to undesirable consequences for society.
Therefore, it becomes increasingly important to study the
properties of human texts that are invariant over different text
domains and varying proficiency of human writers, can be easily
calculated for any language, and can robustly separate natural
and Al-generated texts regardless of the generation model and
sampling method. In this work, we propose such an invariant

for human-written texts, namely the intrinsic dimensionality

of the manifold underlying the set of embeddings for a given
text sample. We show that the average intrinsic dimensionality
of fluent texts in a natural language is hovering around the
value 9 for several alphabet-based languages and around

7 for Chinese, while the average intrinsic dimensionality of Al-
generated texts for each language is =1.5 lower, with a clear
statistical separation between human-generated and Al-
generated distributions. This property allows us to build a score-
based artificial text detector. The proposed detector’s accuracy
is stable over text domains, generator models, and human...

Extremal Domain Translation with
Neural Optimal Transport

Milena Gazdieva, Alexander Korotin, Daniil Selikhanovych,
Evgeny Burnaev

Extremal Domain Translation with
Neural Optimal Transport

In many unpaired image domain translation problems, e.g., style
transfer or super-resolution, it is important to keep the translated
image similar to its respective input image. We propose the
extremal transport (ET) which is a mathematical formalization
of the theoretically best possible unpaired translation between i -

. . . L . . PP PP
a pair of domains w.r.t. the given similarity function. Inspired SV PV T,
by the recent advances in neural optimal transport (OT),
we propose a scalable algorithm to approximate ET maps
as a limit of partial OT maps. We test our algorithm on toy
examples and on the unpaired image-to-image translation task.
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To Stay or Not to Stay in the Pre-
train Basin: Insights on Ensembling
in Transfer Learning

lldus Sadrtdinov, Dmitrii Pozdeev, Dmitry Vetrov, Ekaterina Lobacheva

Transfer learning and ensembling are two popular techniques
for improving the performance and robustness of neural
networks. Due to the high cost of pre-training, ensembles

of models fine-tuned from a single pre-trained checkpoint are
often used in practice. Such models end up in the same basin
of the loss landscape, which we call the pre-train basin, and
thus have limited diversity. In this work, we show that ensembles
trained from a single pre-trained checkpoint may be improved
by better exploring the pre-train basin, however, leaving the
basin results in losing the benefits of transfer learning and in
degradation of the ensemble quality. Based on the analysis
of existing exploration methods, we propose a more effective
modification of the Snapshot Ensembles (SSE) for transfer
learning setup, StarSSE, which results in stronger ensembles
and uniform model soups.

Entropic Neural Optimal Transport
via Diffusion Processes

Nikita Gushchin, Alexander Kolesov, Alexander Korotin, Dmitry Vetrov,
Evgeny Burnaev

We propose a novel neural algorithm for the fundamental
problem of computing the entropic optimal transport (EOT)

plan between continuous probability distributions which are
accessible by samples. Our algorithm is based on the saddle
point reformulation of the dynamic version of EOT which

is known as the Schrodinger Bridge problem. In contrast

to the prior methods for large-scale EOT, our algorithm is end-
to-end and consists of a single learning step, has fast inference
procedure, and allows handling small values of the entropy
regularization coefficient which is of particular importance

in some applied problems. Empirically, we show the performance
of the method on several large-scale EOT tasks.

[=]

To Stay or Not to Stay in the Pre-train Basin:
Insights on Ensembling in Transfer Learning

Entropic Neural Optimal Transport
via Diffusion Processes
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Kandinsky: an Improved Text-to-
Image Synthesis with Image Prior
and Latent Diffusion

Kandinsky: an Improved Text-to-Image Synthesis with
Imay d Late

Anton Razzhigaev, Arseniy Shakhmatov, Anastasia Maltseva,
Vladimir Arkhipkin, Igor Pavlov, llya Ryabov, Angelina Kuts,

Alexander Panchenko, Andrey Kuznetsov, Denis Dimitrov

Text-to-image generation is a significant domain in modern
computer vision and has achieved substantial improvements
through the evolution of generative architectures. Among these,
there are diffusion-based models that have demonstrated
essential quality enhancements. These models are generally
split into two categories: pixel-level and latent-level approaches.
We present Kandinsky, a novel exploration of latent diffusion
architecture, combining the principles of the image prior
models with latent diffusion techniques. The image prior

model is trained separately to map text embeddings to image
embeddings of CLIP. Another distinct feature of the proposed
model is the modified MoVQ implementation, which serves

as the image autoencoder component. Overall, the designed
model contains 3.3B parameters. We also deployed a user-
friendly demo system that supports diverse generative modes
such as text-to-image generation, image fusion, text and image
fusion, image variations generation, and text-guided inpainting/
outpainting. Additionally, we released the source code and...

Better Together: Enhancing W

Generative Knowledge Graph
Completion with Language Models
and Neighborhood Information

Alla Chepurova, Aydar Bulatov, Yuri Kuratov, Mikhail S. Burtsev

Real-world Knowledge Graphs (KGs) often suffer from
incompleteness, which limits their potential performance.
Knowledge Graph Completion (KGC) techniques aim to address
this issue. However, traditional KGC methods are computationally
intensive and impractical for large-scale KGs, necessitating the
learning of dense node embeddings and computing pairwise
distances. Generative transformer-based language models
(e.g., T5 and recent KGT5) offer a promising solution as they
can predict the tail nodes directly. In this study, we propose

to include node neighborhoods as additional information

to improve KGC methods based on language models. We
examine the effects of this imputation and show that, on both
inductive and transductive Wikidata subsets, our method
outperforms KGT5 and conventional KGC approaches...
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LM-Polygraph: Uncertainty Estimation
for Language Models :

Ekaterina Fadeeva, Roman Vashurin, Akim Tsvigun, Artem Vazhentsev,
Sergey Petrakov, Kirill Fedyanin, Daniil Vasilev, Elizaveta Goncharova,
Alexander Panchenko, Maxim Panov, Timothy Baldwin, Artem Shelmanov

Recent advancements in the capabilities of large

language models (LLMs) have paved the way for a myriad

of groundbreaking applications in various fields. However,

a significant challenge arises as these models often
«hallucinate», i.e., fabricate facts without providing users

an apparent means to discern the veracity of their statements.
Uncertainty estimation (UE) methods are one path to safer, more
responsible, and more effective use of LLMs. However, to date,
research on UE methods for LLMs has been focused primarily
on theoretical rather than engineering contributions. In this work,
we tackle this issue by introducing LM-Polygraph, a framework
with implementations of a battery of state-of-the-art UE
methods for LLMs in text generation tasks, with unified program
interfaces in Python. Additionally, it introduces an extendable
benchmark for consistent evaluation of UE techniques

by researchers, and a demo web application that enriches

the standard chat dialog with confidence scores, empowering
end-users to discern unreliable responses. LM-Polygraph is
compatible with the most recent LLMs, including BLOOMz,
LLaMA-2, ChatGPT, and GPT-4, and is designhed to support
future releases of similarly-styled LMs.
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Understanding DDPM Latent Codes
Through Optimal Transport

Valentin Khrulkov, Gleb Ryzhakov, Andrei Chertkov,
Ivan Oseledets

Diffusion models have recently outperformed alternative
approaches to model the distribution of natural images.

Such diffusion models allow for deterministic sampling via

the probability flow ODE, giving rise to a latent space and an
encoder map. While having important practical applications, such
as the estimation of the likelihood, the theoretical properties of
this map are not yet fully understood. In the present work, we
partially address this question for the popular case of the VP-
SDE (DDPM) approach. We show that, perhaps surprisingly, the
DDPM encoder map coincides with the optimal transport map
for common distributions; we support this claim by extensive
numerical experiments using advanced tensor train solver for
multidimensional Fokker-Planck equation. We provide additional
theoretical evidence for the case of multivariate normal
distributions.

Constructive TT-representation

of the tensors given as index
interaction functions with applications
Gleb V. Ryzhakov, Ivan V. Oseledets

This paper presents a method to build explicit tensor-train (TT)
representations. We show that a wide class of tensors can be
explicitly represented with sparse TT-cores, obtaining, in many
cases, optimal TT-ranks. Numerical experiments show that

our method outperforms the existing ones in several practical
applications, including game theory problems. Theoretical
estimations of the number of operations show that in some
problems, such as permanent calculation, our methods are
close to the known optimal asymptotics, which are obtained
by a completely different type of methods.

piperst LR 2023

CONSTRUCTIVE TT-REPRESENTATION OF THE TENSORS
GIVEN AS INDEX INTERACTION FUNCTIONS
WITH APPLICATIONS
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Learning topology-preserving data
representations

llya Trofimov, Daniil Cherniavskii, Eduard Tulchinskii,
Nikita Balabin, Evgeny Burnaev, Serguei Barannikov

We propose a method for learning topology-preserving data
representations (dimensionality reduction). The method aims

to provide topological similarity between the data manifold and
its latent representation via enforcing the similarity in topological
features (clusters, loops, 2D voids, etc.) and their localization.
The core of the method is the minimization of the Representation
Topology Divergence (RTD) between original high-dimensional
data and low-dimensional representation in latent space. RTD
minimization provides closeness in topological features with
strong theoretical guarantees. We develop a scheme for RTD
differentiation and apply it as a loss term for the autoencoder.
The proposed method «RTD-AE» better preserves the global
structure and topology of the data manifold than state-of-
the-art competitors as measured by linear correlation, triplet
distance ranking accuracy, and Wasserstein distance between
persistence barcodes.

Neural Optimal Transport

Alexander Korotin, Daniil Selikhanovych, Evgeny Burnaev

We present a novel neural-networks-based algorithm to compute
optimal transport maps and plans for strong and weak transport
costs. To justify the usage of neural networks, we prove that
they are universal approximators of transport plans between
probability distributions. We evaluate the performance of our
optimal transport algorithm on toy examples and on the unpaired
image-to-image translation.
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Kernel Neural Optimal Transport

Alexander Korotin, Daniil Selikhanovych, Evgeny Burnaev

We study the Neural Optimal Transport (NOT) algorithm which
uses the general optimal transport formulation and learns
stochastic transport plans. We show that NOT with the weak
quadratic cost may learn fake plans which are not optimal.

To resolve this issue, we introduce kernel weak quadratic costs.

We show that they provide improved theoretical guarantees
and practical performance. We test NOT with kernel costs
on the unpaired image-to-image translation task.
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SwiftDepth: An Efficient Hybrid

CNN-Transformer Model for Self-
Supervised Monocular Depth
Estimation on Mobile Devices

Albert Luginov, llya Makarov

Self-supervised Monocular Depth Estimation (MDE) models

trained solely on single-camera video have gained significant

popularity. Recent studies have shown that Vision Transformers

(ViT) can improve depth estimation quality, despite their high

computational demands. In Extended Reality (XR) context,
lightweight and fast models are crucial for seamless operation
on mobile devices. This paper proposes SwiftDepth, a hybrid
MDE framework that fulfils these requirements. The model
combines the benefits of Convolutional Neural Network (CNN),
which provides speed and shift invariance, and ViT, which
offers a global receptive field. We utilize SwiftFormer, a low-
latency feature extraction network with efficient additive
attention. Also, we introduce a novel two-level decoder

to enhance depth estimation quality without an increase in the
number of parameters. Our model achieves comparable results
to the state-of-the-art lightweight Lite-Mono on the KITTI...

MonoVAN: Visual Attention for
Self-Supervised Monocular Depth
Estimation

lia Indyk, llya Makarov

Depth estimation is crucial in various computer vision

applications, including autonomous driving, robotics, and

virtual and augmented reality. An accurate scene depth

map is beneficial for localization, spatial registration, and

tracking. It converts 2D images into precise 3D coordinates

for accurate positioning, seamlessly aligns virtual and real

objects in applications like AR, and enhances object tracking

by distinguishing distances. The self-supervised monocular
approach is particularly promising as it eliminates the need

for complex and expensive data acquisition setups relying
solely on a standard RGB camera. Recently, transformer-based
architectures have become popular to solve this problem, but

at high quality, they suffer from high computational cost and
poor perception of small details as they focus more on global
information. In this paper, we propose a novel fully convolutional
network for monocular depth estimation, called MonoVAN, which
incorporates the visual attention mechanism and...
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Fast Rates for Maximum Entropy
Exploration

Daniil Tiapkin, Denis Belomestny, Daniele Calandriello,
Eric Moulines, Remi Munos, Alexey Naumov, Pierre Perrault,
Yunhao Tang, Michal Valko, Pierre Menard

We address the challenge of exploration in reinforcement
learning (RL) when the agent operates in an unknown
environment with sparse or no rewards. In this work, we study
the maximum entropy exploration problem of two different
types. The first type is visitation entropy maximization
previously considered by Hazan et al. (2019) in the discounted
setting. For this type of exploration, we propose a game-
theoretic algorithm that has O(H3S2A/g2) sample complexity
thus improving the e-dependence upon existing results,
where S is a number of states, A is a number of actions, H is
an episode length, and € is a desired accuracy. The second
type of entropy we study is the trajectory entropy. This
objective function is closely related to the entropy-regularized
MDPs, and we propose a simple algorithm that has a sample
complexity of order O(poly(S, A, H)/e). Interestingly, it is the first
theoretical result in RL literature that establishes the potential
statistical advantage of regularized MDPs for exploration.
Finally, we apply developed regularization techniques to reduce
sample complexity of visitation entropy maximization to
O(H?SA/g?), yielding a statistical separation between maximum
entropy exploration and reward-free exploration.

Fast Rates for Maximu

im Entropy Exploration
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General Covariance Data
Augmentation for Neural PDE Solvers

Vladimir Fanaskov, Tianchi Yu, Alexander Rudikov,
Ivan V. Oseledets

General Covariance Data Augmentation for Neural PDE Solvers

The growing body of research shows how to replace classical
partial differential equation (PDE) integrators with neural
networks. The popular strategy is to generate the input-output
pairs with a PDE solver, train the neural network in the regression
setting, and use the trained model as a cheap surrogate for

the solver. The bottleneck in this scheme is the number of
expensive queries of a PDE solver needed to generate the
dataset. To alleviate the problem, we propose a computationally
cheap augmentation strategy based on general covariance

and simple random coordinate transformations. Our approach
relies on the fact that physical laws are independent of the
coordinate choice, so the change in the coordinate system
preserves the type of a parametric PDE and only changes

PDE's data (e.g., initial conditions, diffusion coefficient).

For tried neural networks and partial differential equations,
proposed augmentation improves test error by 23% on average.
The worst observed result is a 17% increase in test error

for multilayer perceptron, and the best case is a 80% decrease
for dilated residual network.

Few-bit Backward: Quantized
Gradients of Activation Functions
for Memory Footprint Reduction

Georgii Novikov, Daniel Bershatsky, Julia Gusak, Alex Shonenkov,
Denis Dimitrov, lvan Oseledets

i i Activation
Footprint Reduction

Memory footprint is one of the main limiting factors for large
neural network training. In backpropagation, one needs

to store the input to each operation in the computational
graph. Every modern neural network model has quite a few
pointwise nonlinearities in its architecture, and such operations
induce additional memory costs that, as we show, can

be significantly reduced by quantization of the gradients.

We propose a systematic approach to compute optimal
quantization of the retained gradients of the pointwise nonlinear
functions with only a few bits per each element. We show

that such approximation can be achieved by computing

an optimal piecewise-constant approximation of the derivative
of the activation function, which can be done by dynamic
programming. The drop-in replacements are implemented for
all popular nonlinearities and can be used in any existing...
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Efficient Out-of-Domain Detection
for Sequence to Sequence Models

Artem Vazhentsev, Akim Tsvigun, Roman Vashurin,
Sergey Petrakov, Daniil Vasilev, Maxim Panov,
Alexander Panchenko, Artem Shelmanov

Sequence-to-sequence (seq2seq) models based on

the Transformer architecture have become a ubiquitous tool
applicable not only to classical text generation tasks such

as machine translation and summarization but also to any
other task where an answer can be represented in a form

of a finite text fragment (e.g., question answering). However,
when deploying a model in practice, we need not only high
performance but also an ability to determine cases where

the model is not applicable. Uncertainty estimation (UE)
techniques provide a tool for identifying out-of-domain (OOD)
input where the model is susceptible to errors. State-of-the-
art UE methods for seq2seq models rely on computationally
heavyweight and impractical deep ensembiles. In this work,
we perform an empirical investigation of various novel UE
methods for large pre-trained seq2seq models T5 and BART
on three tasks: machine translation, text summarization,

and question answering. We apply computationally lightweight
density-based UE methods to seq2seq models and show
that they often outperform heavyweight deep ensembles

on the task of OOD detection.

Layerwise universal adversarial attack

on NLP models
O Tsymboi, D Malaev, A Petrovskii, | Oseledets

In this work, we examine the vulnerability of language models
to universal adversarial triggers (UATs). We propose a new
white-box approach to the construction of layerwise UATs
(LUATSs), which searches the triggers by perturbing hidden
layers of a network. On the example of three transformer models
and three datasets from the GLUE benchmark, we demonstrate
that our method provides better transferability in a model-
to-model setting with an average gain of 9.3% in the fooling
rate over the baseline. Moreover, we investigate triggers
transferability in the task-to-task setting. Using small subsets
from the datasets similar to the target tasks for choosing

a perturbed layer, we show that LUATs are more efficient

than vanilla UATs by 7.1% in the fooling rate.
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Hybrid Uncertainty Quantification
for Selective Text Classification
in Ambiguous Tasks

Artem Vazhentsev, Gleb Kuzmin, Akim Tsvigun,
Alexander Panchenko, Maxim Panov, Mikhail Burtseyv,
Artem Shelmanov

Many text classification tasks are inherently ambiguous,

which results in automatic systems having a high risk of
making mistakes, in spite of using advanced machine learning
models. For example, toxicity detection in user-generated
content is a subjective task, and notions of toxicity can be
annotated according to a variety of definitions that can be in
conflict with one another. Instead of relying solely on automatic
solutions, moderation of the most difficult and ambiguous cases
can be delegated to human workers. Potential mistakes in
automated classification can be identified by using uncertainty
estimation (UE) techniques. Although UE is a rapidly growing
field within natural language processing, we find that state-
of-the-art UE methods estimate only epistemic uncertainty
and show poor performance, or under-perform trivial methods
for ambiguous tasks such as toxicity detection. We argue that
in order to create robust uncertainty estimation methods for
ambiguous tasks it is necessary to account also for aleatoric
uncertainty. In this paper, we propose a new uncertainty...

A System for Answering Simple
Questions in Multiple Languages
A Razzhigaev, M Salnikov, V Malykh, P Braslavski, A Panchenko

Our research focuses on the most prevalent type of queries —
simple questions — exemplified by questions like “What is the
capital of France?”. These questions reference an entity such as
“France”, which is directly connected (one hop) to the answer
entity “Paris” in the underlying knowledge graph (KG). We
propose a multilingual Knowledge Graph Question Answering
(KGQA) technique that orders potential responses based on
the distance between the question’s text embeddings and the
answer’s graph embeddings. A system incorporating this novel
method is also described in our work. Through comprehensive
experimentation using various English and multilingual datasets
and two KGs — Freebase and Wikidata — we illustrate the
comparative advantage of the proposed method across diverse
KG embeddings and languages. This edge is apparent even
against robust baseline systems, including seg2seq QA models,
search-based solutions and intricate rule-based pipelines.
Interestingly, our research underscores that even advanced...

Hybrid Uncertainty Quantification for Selective Text Classification in

A System for Answering Simple Questions in Multiple Languages
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StyleDomain: Efficient and Lightweight
Parameterizations of StyleGAN

for One-shot and Few-shot Domain
Adaptation

Aibek Alanov, Vadim Titov, Maksim Nakhodnov, Dmitry P. Vetrov

Domain adaptation of GANs is a problem of fine-tuning

GAN models pretrained on a large dataset (e.g. StyleGAN)

to a specific domain with few samples (e.g. painting faces,
sketches, etc.). While there are many methods that tackle

this problem in different ways, there are still many important
questions that remain unanswered. In this paper, we provide

a systematic and in-depth analysis of the domain adaptation
problem of GANs, focusing on the StyleGAN model. We perform
a detailed exploration of the most important parts of StyleGAN
that are responsible for adapting the generator to a new domain
depending on the similarity between the source and target
domains. As a result of this study, we propose new efficient
and lightweight parameterizations of StyleGAN for domain
adaptation. Particularly, we show that there exist directions

in StyleSpace (StyleDomain directions) that are sufficient

for adapting to similar domains. For dissimilar domains,

we propose Affine+ and AffineLight+ parameterizations

that allows us to outperform existing baselines in few-shot
adaptation while having significantly less training parameters.
Finally, we examine StyleDomain directions and discover their
many surprising properties that we apply for domain mixing
and cross-domain image morphing.
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Sphere-Guided Training of Neural
Implicit Surfaces

Andreea Dogaru, Andrei-Timotei Ardelean, Savva Ignatyev,
Egor Zakharov, Evgeny Burnaev

Sphere-Guided Training of Neural Implicit Surfaces

In recent years, neural distance functions trained via volumetric
ray marching have been widely adopted for multi-view 3D
reconstruction. These methods, however, apply the ray marching
procedure for the entire scene volume, leading to reduced
sampling efficiency and, as a result, lower reconstruction quality
in the areas of high-frequency details. In this work, we address
this problem via joint training of the implicit function and our new
coarse sphere-based surface reconstruction. We use the coarse
representation to efficiently exclude the empty volume of the
scene from the volumetric ray marching procedure without
additional forward passes of the neural surface network, which
leads to an increased fidelity of the reconstructions compared

to the base systems. We evaluate our approach by incorporating
it into the training procedures of several implicit surface
modeling methods and observe uniform improvements across
both synthetic and real-world datasets.

Abstract

Multi-sensor large-scale dataset
for multi-view 3D reconstruction

Oleg Voynov, Gleb Bobrovskikh, Pavel Karpyshev,

Saveliy Galochkin, Andrei-Timotei Ardelean, Arseniy Bozhenko,
Ekaterina Karmanova, Pavel Kopanev, Yaroslav Labutin-
Rymsho, Ruslan Rakhimov, Aleksandr Safin, Valerii Serpiva,
Alexey Artemov, Evgeny Burnaev, Dzmitry Tsetserukou,

Denis Zorin

We present a new multi-sensor dataset for multi-view

3D surface reconstruction. It includes registered RGB

and depth data from sensors of different resolutions and
modalities: smartphones, Intel RealSense, Microsoft Kinect,
industrial cameras, and structured-light scanner. The scenes - @

are selected to emphasize a diverse set of material properties
challenging for existing algorithms. We provide around 1.4 million -
images of 107 different scenes acquired from 100 viewing E 0 EE
directions under 14 lighting conditions. We expect our dataset r
will be useful for evaluation and training of 3D reconstruction
algorithms and for related tasks.
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AAAI

Safe Interval Path Planning with
Kinodynamic Constraints

Zain Alabedeen Ali, Konstatin Yakovlev

Safe Interval Path Planning (SIPP) is a powerful algorithm

for solving a single-agent pathfinding problem where the agent
is confined to a graph and certain vertices/edges of this

graph are blocked at certain time intervals due to dynamic
obstacles that populate the environment. The original SIPP
algorithm relies on the assumption that the agent is able

to stop instantaneously. However, this assumption often does
not hold in practice, e.g. a mobile robot moving at a cruising
speed cannot stop immediately but rather requires gradual
deceleration to a full stop that takes time. In other words,

the robot is subject to kinodynamic constraints. Unfortunately,
as we show in this work, in such a case, the original SIPP is
incomplete. To this end, we introduce a novel variant of SIPP that
is provably complete and optimal for planning with acceleration/
deceleration. In the experimental evaluation, we show that

the key property of the original SIPP still holds for the modified
version: it performs much fewer expansions compared to A*
and, as a result, is notably faster.



https://ojs.aaai.org/index.php/AAAI/article/view/26453

AAAI

TransPath: Learning Heuristics
for Grid-Based Pathfinding
via Transformers

Daniil Kirilenko, Anton Andreychuk, Aleksandr Panov,
Konstantin Yakovlev

Heuristic search algorithms, e.g. A* are the commonly used
tools for pathfinding on grids, i.e. graphs of regular structure
that are widely employed to represent environments in robotics,
video games, etc. Instance-independent heuristics for grid
graphs, e.g. Manhattan distance, do not take the obstacles into
account, and thus the search led by such heuristics performs
poorly in obstacle-rich environments. To this end, we suggest
learning the instance-dependent heuristic proxies that are
supposed to notably increase the efficiency of the search.
The first heuristic proxy we suggest to learn is the correction
factor, i.e. the ratio between the instance-independent cost-
to-go estimate and the perfect one (computed offline at the
training phase). Unlike learning the absolute values of the
cost-to-go heuristic function, which was known before, learning
the correction factor utilizes the knowledge of the instance-
independent heuristic. The second heuristic proxy is the path
probability, which indicates how likely the grid cell is lying

on the shortest path. This heuristic can be employed in the
Focal Search framework as the secondary heuristic, allowing
us to preserve the guarantees on the bounded sub-optimality
of the solution. We learn both suggested heuristics in a
supervised fashion with the state-of-the-art neural networks
containing attention blocks (transformers). We conduct

a thorough empirical evaluation on a comprehensive dataset
of planning tasks, showing that the suggested techniques i)
reduce the computational effort of the A* up to a factor of

4x while producing the solutions, whose costs exceed those
of the optimal solutions by less than 0.3% on average; ii)
outperform the competitors, which include the conventional
techniques from the heuristic search, i.e. weighted A* as well
as the state-of-the-art learnable planners. and, as a result,

is notably faster.
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MNnennunct AIRI
Seminars

reHepaTVIBHble Moaenu

05 GU3NYECKUX NCCreZoBaHNI

OpHa LLM xopolwuo,
a N nyywe? MynbTuareHTHbIN
noaxod — nyTb K AGI

Hayu4Hble ceMunHapbl
AIRI mocTynHbl ANs BCex
Xenawouwmx Ha YouTube-
kaHane AlRI.

AIRI — pesynbTaTtbl 2023 roga

©

AIRI Seminars

AIRI Seminars — 3TO Hayu4HbIlA AWanNor Ha paBHbIX
N 3HAKOMCTBO npodeccrmoHanbHoro coobuecTea
C LOCTMXEHUAMN B 06/1aCTU UCKYCCTBEHHOIO UHTEeNNeKTa.

CeMuHap nNpusBaH NonynsapmMsnpoBaTb U pacnpoCTPaHATb
B npodeccnoHarnbHom cpee NpuHUKUMNbI N LLEHHOCTH,
KOTOpPbIX NnpugepxmneaeTca MHCTUTYT, a Takxe
npoasuraTb ngeun, peannsyrowme mmccuio AlRI: cosgaHue
YHMBEpPCalbHbIX CUCTEM UCKYCCTBEHHOIrO UHTENEKTa,
peLlaroLWwmnx 3agadnm peaabHoro Mmpa.

B kayecTBe 0OKMA4YMKOB UM OMNMOHEHTOB Ha CEMMHaPpP
npurnawarTca BegyLmne cneymanncTsl B o6nactu
NMCKYCCTBEHHOro MHTenNnekTa ns Poccun n ns-sa pybexa,
KOTOpble pacCcKasblBatOT N KOHCTPYKTUBHO KPUTUKYHOT
nccnepoBaTefibckne paboTtbl. B aTOM rogy ceMuHapbl
NPOBOOUNUCE HE TOJSIbKO OHJTalH, HO U O naiH.

B 2023 rogy 6bin npoBefeH 21 ceMuHap.
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ceMunHap opraHunsauunu NMPOCMOTPOB

CamMble NpocMaTpuBaeMble CEMUHapbI

YavBuTenbHble CBONCTBA NaHwadTa 0O6yyeHmne bonbwmnx Anddpy3nMoHHbIX
noTepb B NepenapamMmeTpusoBaHHbIX Mozenen N oLeHKN KadecTBa
Mopensax
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MpakTnyeckune acnekTbl 06yyeHns
MaclTabHbIX AUGPY3NOHHBIX MOaeneit
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AnekcaHgp Anekcen AnekcaHgpa EkaTepuHa KOpuin Hunkonan
[MaHoB CKpbIHHUK bponTtmaH MamMoHTOBa  ApOBMKOB KyLeHKko


https://m.youtube.com/watch?v=4RYeLmFeyWo
https://m.youtube.com/watch?v=4RYeLmFeyWo
https://m.youtube.com/watch?v=4RYeLmFeyWo
https://m.youtube.com/live/90Il2bIGmC4
https://m.youtube.com/watch?v=4RYeLmFeyWo

Cepua mmtanos MALWHKULA

B 2023 rogy Mbl pasBuBanu creynpoexkT B atom rogy Temamu MAWHNLLI cTanu:
«MNWwHMLa» — 3ToO cepusa OHNanH- Al Sefioritas, «Hayka o po6oTtax»,
MUTanoB, rae y4yeHble pacckasbiBatoT «dnddy3noHHbIE MOAENN N KX

NPO UCKYCCTBEHHbIN MHTENNEKT B paMKax pacLUMPEHNA» U HOBOFOAHWUI BbINYCK MNPO
20-TN MUHYTHOrO Hay4YHOro AoK/aga. CTaTbW Ha KOHbepeHunn NeurlPS 2023.

NIRI NIRI

Cepus MuTanos Cepus MuTanos

MUwWwHULa MUWwHULa

Al Seforitas Hayka o po6oTax
2wmapra  15:30 8uoHa  15:30

2 mapTa 8 ntoHA

Al Seforitas Hayka o po6oTax

NIRI NIRI

Cepusa MuTanos
Cepus muTanos

MAWwHMLa MwHMya

OunddysmoHHble Moaenmn
M UX paclumpeHus NeurlPS 2023

19 okTa6ps 15:30 21 pekabps  15:30

21 pekabps
NeurlPS 2023

19 okTs6pA

OnddysnoHHble
MoAenn n nx

paclmnpeHus



https://www.youtube.com/watch?v=RwPTrfGBv30&ab_channel=AIRIInstitute
https://www.youtube.com/watch?v=cyiG6WwwrIM&t=2s&ab_channel=AIRIInstitute
https://www.youtube.com/watch?v=lQSfeJI5pPk&ab_channel=AIRIInstitute
https://www.youtube.com/watch?v=07rD5Y1qUTA&t=3977s&ab_channel=AIRIInstitute

XXypHanbHbIN KNy0O

Wccneposatenu AIRI npoBOAAT XYpPHanbHbIN Ky,

roe obeyxgaroT nocnegHue HayyHbole ctaTbn B 0611aCTu
NCKYCCTBEHHOro nHtennekta. B 2023 roay 6bin10o
nposefeHo 13 XypHanbHbIX KIyOO0B.

o811 @ 16:30 © Zoom, Apma

0630p cTaTei, npeacTaBneHHbIX Ha KoHpepeHuun CVPR 2023:
OCHOBHbIe TpeHAbl, CEerMeHTaLusa rno 3anpocy,
ynpaBnseMasa cerMeHTauns, BOMIOLWEHHbIN
WCKYCCTBEHHbIN UHTENNEKT.

Omutpuin KOanH TaTbsAHa 3eMcKoBa
AIRI, Neural Symbolic Integration MoTU
MoTU

Ob6pasoBaTesibHble
LLKObI

Wccneposatenu AIRI npuHANM yyacTume

B 06pasoBaTesibHbIX LWKOMNax, BKKOYAA NETHIOK LIKOY

no ML B 6uonHpopmaTtunke BLUS, JTIeTHIOKO WKOMY MaLMHHOIO
o6yyeHuna SMILES wn JleTHioro wkony PAUU 2023.
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YyeHble AIRI npuHAnu yyacTtue
B nogkacTax

sur?
HAMEP3 |

15 Homo -
Science
Focatom

Anekcen Ocapuunm BMecTe
C BeayLwmm rnogkacra
«Cepexa n MUKpodOH» C pykoBoauTenem rpynnbl
paccy>xpgatoT npo cuny o “c «Al B NpOMbILWNEHHOCTU»
MbIC/IU N pacLUNpeHne Nnben MakapoBbIM.
BO3MOX>XHOCTEN MO3ra.

Bbinyck nogkacTta
«Mo3run ectb»

S PuA HoBOCT

Mbl Bce yMpéM. Ho 3TO He TOYHO

5057  OByvYaeTreHepaTUuBHble

Bbinyck nogkacTa

oT Akagemun Al ¢ BegyLmnm
Hay4YHbIM COTPYAHUKOM Al, pacckasan
BukTopom Nombonescknm =TEY.  pyKOBOAMTESlb Hay4YHOW
npo MeguunHy rpynnsl Fusion Brain

n medtech-ctapTanbl. AHppen KysHeLoB.

O ToMm, Kak Mo 3anpocy
«BKJIOUNTb SKCMEPTHOCTbY



https://www.youtube.com/watch?v=7vcszd767pA&t=722s
https://www.youtube.com/watch?v=7vcszd767pA&t=722s
https://www.youtube.com/watch?v=trFuE9iNbxQ
https://www.youtube.com/watch?v=trFuE9iNbxQ
https://ria.ru/20231219/chat-bot-1916564900.html
https://ria.ru/20231219/chat-bot-1916564900.html
https://youtu.be/wqnh4PwJIUg
https://youtu.be/wqnh4PwJIUg

YueHble AIRI npegcTaBmnu
CBOM pe3ynbTaTbl 60siee yem
Ha 25 Hay4HbIX KOHpepeHUnax

KoHdepeHuyusa ICLR

MeXXayHapoaHbIi

cumnosunym IEEE

Mo CMeLUaHHON 1 A,0NO/IHEHHON
peanbHocTn ISMAR
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Doknagbl AIRI Ha ACL 2023

B TOpOHTO NccnepoBaTtenu AlRI

Ha KoHdepeHuum Fall into ML 2023

2121612

2IR1219

26-28 oKTA6PA BLWS, Mokposckui 6-p, 11

ACL 2023 B TopoHTO

Doknappl AIRI Ha ICML 2023 Fa" |nt0 ML 2023

Ha aBancKnx ocTpoBax

ICML 2023
Ha NaBancKux
ocTpoBax

Ctatbu AIRI Ha Interspeech 2023
B [ly6nunHe

OpenTalks Al 2023
B EpeBaHe

Interspeech 2023
B Ay6nunHe

I'ne gppyxat A
W MonekynapHas
ouonoruna?

HAYKA O+

ONbrA KAPAbIMOH
PykoBoawTeNb rpynnbl
«BUOMHGOPMATHKAY

( 0) 7 oktsbps  11:30  Lysanosckuit kopnyc MY

Hayka O+
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Al Journey 2023

17

nccrnepgoBaTenen
BbICTYNUN

Ha KOHpepeHLumn .
C JoKnagamu i
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Be6uHap no

Hayka O+ B Kutae

MBaH Ocenepel,

EBreHnn bypHaes,

CemeH bygeHHbIN,
KoHCTaHTUH AKOBNEB,
AHppen KysHeLoB
BbICTYNUAN C JOKNagamu

B ceccun AlJ Ha pecTmBane
Hayku B Kutae.

14

Y4YEeHbIX
npeacTaBuiin
CBOW NOCTeEPDLI

NccnepoBaTenu
AlIRI nogroToBunun
ABe 3apauun

Ha COpeBHOBaHue
AlJ Contest

Strong Intelligence —
EVECER[ofo)
MYNbTUMOZAaNbHbIX
yaTboToB, Rescue Al —
3agava npo geTekuuto
XPOMOCOMHBbIX MepecTpoek
no Hi-C kapTtam.

WUccneposatenu AIRI
Ha KoHrpecce morno, yYeHbl
-4
ANEKCEM
ocAauMA

aaaaaa
ooooooooooooooo

nnnnnnnnnnnnnnnnnnnnnn

KoHrpecc
MOJI04bIX YYEeHbIX

29 n 30 HosAbps

Ha KoHrpecce Monogbix
y4eHbIX uccnegosarenu
AIRI npuHAnM yyacTtmne

B HECKONbKUX AUCKYCCUSAX
N npeacTasmnn

3 goknaga.
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Jleto ¢ AIRI 2023

AIRI — pesynbTaTtbl 2023 roga

JleTto c AlIRI

JleTHASA wKkona NHCTuTyTa
NCKyCCTBeHHOoro nHtennekTa AlRI

O015 CTYOEHTOB M acnNnUpaHToB —

9710 rnybokoe norpy>eHne B padboTy

C LUMPOKMM CMEKTPOM COBPEMEHHbIX
MeTO/0B MCKYCCTBEHHOIO MHTENNEKTa

N MaLLUMHHOIo 06yyYeHus.

YyaCcTHUKN npoeesv Ase Heaenn ¢ segyuimMmm y4eHbiMmn

n3 AIRl, MOTU, BLUIS, Ckontexa n gpyrnx aBTopuUTETHbIX
Hay4HO-nccnegoBaTesibCKUX opraHmsaumn n BY 3o..

[MPUMEHNTb NOoNyYeHHble B Xo4e NeKUUN 3HaHNA Y4aCTHUKU

CMOI/IN Ha NPaKTUYECKNX CEMUHapax N B MPOEKTHOWN
0eATeNnbHOCTN, Mo UTOraM KOTOpOW nNpencTaBuin
OOKaabl 0 pesynbTaTax paboTbl.
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https://www.youtube.com/playlist?list=PL8Ln1vvt4h5dTWfcJjNfXPCCkHvmiwrdZ

/00 35 80

3aABOK npenogasartenen CTyOEeHTOB
HeOenn NnPoeKTa aKageMn4yeckmx Hay4HbIX
Yaca nocTeponB

MapTHepbl
npoekTa
¢ cloud.ru © SBER Skoltech (3 Jeeo meTH
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Mospgpasnsem
AnekcaHpgpa MaHoBa
M ero KomaHgy!

@ Hosoctu AIRI b

Mospgpasnsem
AnekcaHgpa
KopoTuHa!

e
@ Hosoctu AIRI b

Naypeatamu npemun Yandex ML Prize
ctanu 3 uccnepgosatens us AlRI

- Q' -
ay =
» (2
Wb AVIBEK AHTOH

el
b MAKAPOB ANAHOB PA3XKMIAEB

@ HosocTi AIRI

AIRI LEGO kny6

B aTtoM rogy HepopmManbHbIn Kiyo

no MHTepecam coTpyaHukos AlRI
NPOAOJIKNN aKTUBHO pa3BMBaTbCA.
Konneru cobupanu Lego, 3HaKOMUNUCB,
npurnawanu apysen n urpann B KBu3bl.

AIRI — pesynbTaTtbl 2023 roga

Harpagbl

- KomaHpga nccnepoBaTtenen
n3 AlRl, MOTU n oL, Y PAH
nopg pykosoacteoM AnekcaHgpa NaHoBa
n Anekcesa CtapoBepoBa 3aHfANa
nepBoe MecTo B MeXAYyHapoLHOM
COpPEBHOBaHNM N0 06YYEHNO POBOTOB
HaBMraLum BHYTPU NOMELLEHUN.

- HayuHbIh coTpyaHuk AlRI
N PYKOBOAUTENb UCCNea0oBaTeNbCKON
rpynnbl B CkonTexe AnekcaHgp
KopoTuH cTan naypeatom npemMmmm
3a paclmpeHmne rpaHunL, No3HaHum
06 MCKYCCTBEHHOM UHTENNEKTE.

- JlaypeaTamu npemun Yandex
ML Prize ctanu pykoBoguTtenb
rpynnbl «Al B NPOMBILWNEHHOCTU»
Mnbsa MakapoB, Hay4YHbln COTPYLHUK
rpynnbl «BepoATHOCTHbIE MeTOAbI
MaLllnHHOro obyyeHna» Anbek
AnaHoOB N Hay4HbIN COTPYLAHUK
rpynnbl FusionBrain AHTOH Pasxwuraes.

73



[MopTpeTnncT

B3rnag HenpoceTun, CTUNb MacTepoB

Bnarogapsa meTtoay rpynnbl «BeposATHOCTHbIE METOAbI
MaLUMHHOIo 06y4YeHnsa» MOXHO 0byumnTb Al 5 ThicAYam
HOBbIX CTUJ/IEN, MOTPATMB Ha 3TO CTOJIbKO Xe PeCcypcoB,
CKOJIbKO paHblUe 3aHAN0 6bl 3HAKOMCTBO MOAenu
TONIbKO C OAHUM TUMNOM KapTUHOK. B aTOM roay mbl
BOMJIOTUIN HAy4YHOEe AOCTUXEHNE B NPOCTON NHTepdenc
N NPepnoXunnu nonb3osBaTensiM NPUKOCHYTbCA

K anroputMam u MateMaTnyeCcKnM KOHCTPYKLNAM

¢ nomouybto Moptpetumncta. B Teyenme 30 gHen

nobor xenaroLmm Mor creHepupoBaTb BUAEO

C NOPTPETOM B CTUJIE BEJIUKUX MaCTEPOB.

/ 353 e

BUAEO
CreHepumpoBaHoO
3a HOA6Pb
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https://arxiv.org/abs/2210.08884
https://github.com/MACderRu/HyperDomainNet

O Hac NMuwyT

N TOBOPSAT

TACC, Forbes, PBEK, KommepcaHTb, Poccuinckaa laseTa,

[@a3eTa.Py, N+1, XanTek, Kog lypoBa, PUA, RTVI, Pagno «Mask»,

HTB, MockBa 24 u MHOrune gpyrue

MpoyecTb 1 NnocnywaTb:

BuoMonekyna

McTopusa passutus
WNCKYCCTBEHHOIO UHTENNEeKTa
N ero NpuLecTBuUsA

B Guonoruo

RTVI

EBreHun bypHaeB
B nepepaye «900 cekyHA»

N+1

3710 Henpobasza!
Al-Tezaypyc

Poccuiickan aseTa

MBaH Ocenepgel, o rpaHuLax
BO3MOXHOCTen Al

Mnbs MakapoB 0 HenpoceTAx
B NOBCELAHEBHOW XMN3HN

MopgkacTt «Cepexa

N MUKPODOH»

Anekcen Ocaguumn

0 CUie MbICIN N ApYrux
BO3MOXHOCTSIX MO3ra

Forbes

OMuTpuin Betpos
0 perynupoBaHum Al

[aseTta.Py

Onbra KapabiMoH
0 6nonHdopmaTurke

MpoekT
«Ton TexHoNnorum»

AHApen KysHeLoB
06 Al


https://www.forbes.ru/tekhnologii/490276-pravila-nasi-kontrol-za-vami-zacem-sozdateli-ii-prosat-seba-ogranicivat
https://biomolecula.ru/articles/istoriia-razvitiia-iskusstvennogo-intellekta-i-ego-prishestviia-v-biologiiu
https://rg.ru/2023/07/19/gde-prohodit-granica-vozmozhnostej-iskusstvennogo-intellekta.html
https://www.youtube.com/watch?v=KeDB_EBwmy8
https://trends.rbc.ru/trends/industry/64671b8b9a79474e146c2abb
https://www.gazeta.ru/science/2023/05/29/17055272.shtml
https://nplus1.ru/material/2023/04/20/AI-basics
https://www.youtube.com/watch?v=7vcszd767pA
https://www.youtube.com/watch?v=7vcszd767pA
https://vk.com/wall-127451518_1258222
https://vk.com/wall-127451518_1258222

[lapTHepCcTBa
N Konnabopauunmn
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(& SBER Al (& SBER DEVICES & SBER MED Al
A cyberphysics  [\mern_ §ll s @ Soknme
Skoltech A e B

POCCHICKOM AKAAEMUM HAYK

5 2 . OEAEPANHbIN MCCAEAOBATEALCKMI LIEHTP o
WP GAESEER HEMMAPK

o - ACCOUMALUA
MOCKOBCKUU NMOCYOAPCTBEHHbIU
mMIgE&‘;‘Tg TEXHUYECKMMA YHUBEPCUTET LNOPOBBLIE TEXHOJIOIMN
MM. H.3. BAYMAHA B NMPOMbILUJIEHHOCTU

ADbITEACKUN FTOCYAAPCTBEHHbIV YHUBEPCUTET
ADYGHE STATE UNIVERSITY

V/iITMO
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