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MHoromoganbHble CUCTEMbI aHa/IU3a U CMHTEe3a UHPopMaLmu
B 3aZ4a4axX ynpasieHnsa NoABUKHbIMU 06 beKTamu

1. KoHuenTyanbHbIN 0630p cOBpemMeHHbIX noaxoaos K obpaboTke
U CUHTE3y MHOromogaa/ibHo/MHorocneKkTpaabHo nHpopmauum
* MHoromoganbHble AaHHbIE, 3a4a4u, moaenn n metoabl A

* Mopaenu u metoabl aHaNN3a AAHHbIX

* Moagenn n metoabl CUHTE3a AaHHbIX

e Moaenun n metoabl CUHTE3a yNpaBAeHUA, AATOPUTMOB N NPUHATUA PeLLEeHUN

2. Pabotbl u pesynbratbl o cHUUAC B 06nacTu aHannsa U cmHTesa
MHOromoga/sibHoi/MHoOrocneKkTpasabHoi HPopmaLum

* CeMaHTUKO-MOPPONOrm4eckmnin aHanmn3 n3obparkeHuim

 AHaNN3 N CUHTE3 MHOTOCNEKTPAJIbHbIX n306paxkeHun ana CAY J1A

* PacnpeaeneéHHble MHOrocrneKkTpasibHble ceHcopbl Ha ocHoBe BJ1A n PTK

* NHTennektyanmnlauyma 6opTa B rpakaaHCKOM aBUaLnm

* AHanM3 MHOromoaanbHoW MHbopMaunn ana BbipaboTKKU yrnpaBieHUs

* [lporpammHo-anroputTMmmyecKkme cpeacTsea



KoHuentyanbHbIN 0630p cOBpEeMEHHbIX
noaxoaoB K 06paboTKe U cnHTesy
MHOromoaaibHOU U
MHoOrocnektpasibHon nHbopmaumm



MHoromopaanbHble gaHHbIe,
334341 aHaNAU3a U CUHTE3a
MHPopmaLuum npu co3gaHnmn
cUucTem ynpas/ieHuA
Mooenu u memoosl U



MHoromoganbHble AaHHble: MOAAJ/IbHOCTU A1A Ye/IoBEeKa U KOMMbloTepa
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MopganbHOCTb:
- Cneyuduka
CeHCOpHoU
cucmemol

- Cneyuduka
gopmobi
KooupoeaHus
OaHHbIX

MoaanbHocTb (oT naT. modus —
cnocob) — NpUHAANEXKHOCTb
OTPa*Kaemoro pasapaxutens K
onpeaenéHHOMN CEHCOPHOM
cucteme.

Cnncok moaanbHOCTEMN:

* BwusyasnbHaA

« AyavanbHas .
* KuHecTeTunyeckas -

* bonesan

* Apyrue

...MopaanbHble XapaKTEPUCTUKM
OLLYLLEHNIN OTPaAXKatoT CBOMCTBA
peanbHOCTK B cneuunduyecKku
3aKogupoBaHHOU popme.
[MoHATME MOAANbHOCTHU
OTHOCUTCS U KO MHOTUM APYrnm
NCUXMYECKUM NpoLEeccam,
ONUCbIBas KayecTBeHHble
XapaKTEePUCTUKN KOTHUTUBHbDIX
(nosHaBaTenbHbIX) 06pa3os
Ntob60ro ypoBHA U CNOMKHOCTY.

Computer—-Human modalities
(send information to humans)

Common modalities

Human-computer modalities
(receive information from humans)

Vision — typically through a screen
Audition — various audio outputs
Tactition — vibrations or movement
Uncommon modalities

Gustation (taste)
Olfaction (smell)

Simple modalities

Touchscreen

Keyboard
Pointing device

Complex modalities

Computer vision
Speech recognition
Motion estimation
Orientation estimation

-%an

Thermoception (heat)

(e

Multimodal learning, in
the context of machine
learning, is a type of
deep learning using
multiple modalities of
data, such as text,
audio, or images.

In contrast, unimodal
models can process only
one type of data, such
as text or images.
Multimodal learning is
different from
combining unimodal
models trained
independently. It
combines information
from different
modalities in order

to make better
predictions.
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https://en.wikipedia.org/wiki/Visual_perception
https://en.wikipedia.org/wiki/Hearing_(sense)
https://en.wikipedia.org/wiki/Haptic_technology
https://en.wikipedia.org/wiki/Taste
https://en.wikipedia.org/wiki/Olfaction
https://en.wikipedia.org/wiki/Thermoception

MHoromoganbHble AaHHbIe: OT IMaBHbIX Mop,aanocreﬁ A0 HYaCTHbIX AOMEHO0B

MopanbHoCTH

u apyrue undposble

TabaunyHble
CurHani,

naHHbIe BpeMeHHble pAaabl

MpocTpaHcTBEHHDbIE
AaHHble (3peHue)

TeKcT, cMMmBOADI

CybmopanbHoCTH
B Ayawo CurHano! § PasmepHocTu: ECTECTBEHHBIN A3bIK
- Cneyugpuka
CeHCopHoli Pagbl 3
cucmemeol | | CTpyKTypbl: UckyccTBeHHbIN
UL Mpobnema MHoaomo!daanocmu mexHu4ecKu | Tensop, fpad, AEBIEROTRANIMEL
¢opmbli P O6naKo ToueK.. KOMaHAbI ynpasniexus)
B803HUKaem mo2a0d, Ko20a OaHHble Pa3HbIX
L O LT, mooasnbHOCcmel, cmpyKmypbl, npupoobl
OQHHbIX » CMpyKkmypel, npup dopmynbl U
HyX0aromcsa 8 cneyuasbHOM Mpupoaa: CAMEBONBHEIE
npeobpaszoeaHuu 019 coemecmHol TB. UK. Y&. PA1. NN
06pabomKu unau 2eHepayuu Ch HAlpEb s
AdomeHbl

. Pa3Hble aaTymnKm

Pa3Hble paKypcCbl

Pa3Hble A3blKM



MHOI'OMOAaIIbeIe AdHHbIE. aHa/IN3 U CUHTE3 AN CUCTeM ynpasjieHUNA

3ap,a=w| KOMMNJ1IeKCUMposaHNA AdHHDbIX

y4

MHoromoaganbHble
AaHHblE

=

AHann3 AaHHbIX

CuHTEe3 AaHHbIX

= 5

CEVERTY
U CUCTembl
ynpaBaeHuUA

Me'ro,qbl

CTpaterum KOMnNaAeKCUMpPoBaHUA AaHHbIX
(Data Fusion)




MHoromoganbHble AaHHble: 3a4a4Mm KOMNMNIEKCNPOBaAHNA AAHHDbIX

NMpumep:

Vision-

Language- MHoromopanbHble
Action AadHHbIE

(VLA)

4 1)

Ob6paboTtKa

MHPOpMaLumu AnA 3a4a4uu U cucTembl

AHaNN3 AaHHbIX
peweHuna 3a8au A ynpaBaeHus

ynpasneHus

- %

Ctparerum KomnaekcmpoBaHUA gaHHbIX (Data Fusion):
ABYyX3TanHble: 06paboTka MHPopMaLUK + ynpaBrieHune,
OAHO3TanHble: YyHMUBepcaabHble mogenu Ana o06paboTkn HGopmaLMn U ynpaBieHUs

CuHTE3 AaHHbIX




MHoromoganbHble AaHHble: 334341 KOMMNZIEKCUPOBAHUA AaHHbIX

~N

* CeHcopHoe
moaenumposaHue ans

CeHcopHa MHoromopanbHble MaTeMaTuuecKoi
e :nb f CuHTe3 AaHHbIX .
a AaHHble 1 NONYHaTYPHO
OTPaboTKM
ObyyeHune u
oTpaboTKa * [eHepauusa BbIGOPOK
anropuTMoB ANA MALWWUHHOrO
CAY obyueHua
Umntauu-
OHHaj TR RN 334341 N cucTembl e CuHTe3 ynpasaeHus
MmoAenb ynpasineHunA * MnaHupoBaHue u
NPUHATUE peLleHUn

J

Ctparerum KomnaekcmpoBaHUA gaHHbIX (Data Fusion):
ABYyX3TanHble: 06paboTka MHPopMaLUK + ynpaBrieHune,
OAHO3TaNHble: YyHMUBepcaabHble mogenu ana obpaboTkn nHbopmaLummn 1 ynpaBaeHUn



MHoromoganbHble AaHHble: TUMNbI MOAEI’IEﬁ ANAa aHa/iIn3a U CUHTE3a

(
TpaHcdopmepbl AaHHble

Multimodal LLM

ABTOHOMHbDIE areHTbl

334341 N cucTembl

AHann3 AaHHbIX
yrnpasaeHus

\_ J

Ctparerum KomnaekcmpoBaHUA gaHHbIX (Data Fusion):
Ha YPOBHE AaHHbIX, Ha YPOBHE NPU3HAKOB, HAa YPOBHE TOKEHOB,
Ha ypoBHe 6/10KOB MozeNiei, Ha YPOBHE fA3blKa, Ha YPOBHE areHToB



MHoromoganbHble AaHHble: TUMNbI MOAEI‘IEﬁ ANAa aHa/iIn3a U CUHTE3a

[eHepaTUBHbIE Mop,enu

(
T
MHoromopganbHble TR AR ST % Diffusion Model
iTTtusion iviodels
TpaHcdopmepbi AdHHbIE A

TpaHchopme
Multimodal LLM paHchopmepbl

Multimodal LLM

ABTOHOMHbDIE areHTbl
ABTOHOMHDIE areHTbl

334341 N cucTembl
AHann3 AaHHbIX
peaobyyeHHble mogenm ynpaBaeHuA MpepobyuyeHHble moaenu

NEW )

Ctparerum KomnaekcmpoBaHUA gaHHbIX (Data Fusion):
Ha YPOBHE AaHHbIX, Ha YPOBHE NPU3HAKOB, HAa YPOBHE TOKEHOB,
Ha ypoBHe 6/10KOB MozeNiei, Ha YPOBHE fA3blKa, Ha YPOBHE areHToB



MHoromopanbHble AaHHble: metoabl U ana aHanusa n CUHTe3a

MawuHHOoe 0byueHue

N

O6yueHue
C yuutenem
(Supervised)

ObyueHue
6e3 yuntens
(Self-supervised)

UH}KeHepuAa
3anpocos
(Prompt
Engineering)

MHoromoaganbHble
AaHHblE

CuHTE3 AaHHbIX

AHann3 AaHHbIX

334341 N cucTembl
ynpaBaeHus

J

Uchnonb3oBaHue
obyuyeHHbIX moaenemu
ANA OTBETa Ha

\MHOI‘OMOAaﬂbeIe 3anpochbl y

Ctpatermn KomnaekcupoBaHuUA gaHHbIX (Data Fusion):
[0 obyyeHus, B npouecce obyyeHus,
B npouecce goobyyeHuna, nocae obyyeHums




MHoromopaanbHble AaHHble: metoabl U ana aHanusa U cuHTe3a

) é
MawwnHHOoe obyueHune MawunHHOe obyueHune J
O6yueHme O6yueHue
C yuutenem € ;’q ”“*,’"Z""
(Supervised) MHoromoganbHble D
CuHTE3 AaHHbIX 06
AdHHbIE y4eHue
6e3 yuurtens
ObyueHue (Self-supervised)
6e3 yu wre.nﬂ O6yueHme
(Self-supervised)
C noAaKpenieHnem
(Reinforcement Learning)
UH>keHepuA 3apaum U cncTtembl
3anpocos AHanus paHHbIX ynpaBneHus UH>KeHepua
(Prompt 3anpocos
Engineering) (Prompt Engineering)
Y,
Ucnonb3oBaHue Ucnonb3oBaHue 0byyeHHbIX
0byuyeHHbIX moaenei Ctpatermn KomnaekcupoBaHuUA gaHHbIX (Data Fusion): mogenewu ana
ANA OTBETa Ha A0 obyuyeHus, B npouecce obyyeHus, reHepaunn/npuHATUA
\'HoroMoAasbHble sanpockl B nNpouecce foobyyeHns, nocie obyyeHus \__Pewenuii/ynpasnenus




Large Language Models (LLM), LLM Powered Autonomous Agents (LLM-areHTbl)

CoBpeMeHHbIN naHgwadcTt LLM
Short-term memory || Long-term memory
Claude Gemini "‘ l *
Jurassic-1 CodeGen Vicuna CodeGen 2 Calendar() [+ Memory |- - -~ - - PR ———
Retro BLOOM Mistral StarCoder I : Y
FLAN ChinChilla Alpaca Grok *Te OMUHBI Calculator() [* 1', —| Reflection
J
wenor cpr-4 Fat:2 ces3aHHble ¢ LLM CodeInterpreter () Tools [+— Agent (| Planning >| Self-critics
2021 2022 2023 2023 >
To oPT pro* Toolformer : ]
Search() |+ | ! —#| Chain of thoughts
Ernie 3.0 Galactia Llama 1/2 Zephyr I
CODEX PaLM Phi-172" Mixtral .more = S = Action '— Subgoal decomposition
Gopher LaMDA FALCON Mamba-Chat
- S Moaenu pa3Hbix pa3mepoB
LLM Powered Autonomous Agents
ans C mouyku

Planning, subgoal and decomposition: The agent breaks

crnpaBKu . .
P 3 down large tasks into smaller, manageable subgoals, enabling SRR Eh,
Large LM efficient handling of complex tasks. Acermel =
eceeo Jluwb
- 10B <= # of params <100B CI'IOCO6 ux
Medium LM Reasoning, reflection and refinement: The agent can do self- npoMnmuHaa.
1B <# of params <108 criticism and self-reflectlon over past actlons,‘learn from C moyku
mistakes and refine for future steps, thereby improving the 3peHusi
quality of final results. azeHmos —
Small LM LLM eceeo
por s Tool use: The agent learns to call external APIs for extra Jluwb OOUH
ol params information that is missing from the model weights, including UHCMpYyMeHm
current information, code execution capability, access to osnsi peweHust
Parameters proprietary information sources and more. 3aday

Large Language Models: A Survey, 2024 Weng, Lilian. (Jun 2023). “LLM-powered Autonomous Agents”. Lil’Log.



ana Mo>XHo nm ncnono3osatb LLM B 6opToBbix CAY? [A!

cnpaBKu

< Phi-3-mini-4k-instruct-g4 & O = &£  Phi-3-mini-4k-instruct-g4 & (&) = < & O =

=¥ = FlexGen (c) == FlexGen —de— DeepSpeed === Accelerate
Phi-3-mini-4k-instruct-q4

O PT‘ 1 7 5 B O PT— 3 O B Write a short poem that is hard to sing. What are some must do activities in Houston, TX area
with 11 yr ald kids?
o 23] = = =k

‘Write a title for the paper where each letter starts with

ae]
=]

LLM

S

P on very small language model that is more powerful

- . Y
- - In whispers soft, a riddle's dance, than bigger ones.
- Here are some must-do activities in the Houston, TX
Cryptic rhymes in convoluted stance. area that will be enjoyable for a 11-year old:
A tongue twister's treacherous lure, 1. Space Center Houston: This is an amazing space Title: *Pinnacle Potential: Powering Prograssive

2 -2 ]
¥ 24
l museum that offers numerous interactive exhibits and Paradigms with Pristine Predictive Prowess"
l Melodies tangled, hearts unsure. hands-on experiences related to astronautics,
* Iﬂ?|ufﬂll‘lg moan ka.s brought back from Am”o. 7 This title encapsulates the essence of a paper focused
mission, the International Space Station (1SS) simulator on an advanced, small-scale language model exhibiting

Through syllables that slyly tangle and knot, ride, and NASA's shuttle program displays.

apabilities. By using each
. o . 5! words and highlighting its
[Echoing choruses of a labyrinthic thought, 2. Houston Zoo: The zoo has over 600 species of st e (e o S ), e

animals on display in a naturalistic environment. Take the breakthrough nature of such technology compared

Generation throughput (token/s)

With pitches so high they baffle the ear, ta larger medels ("Powering Progressive Paradigms").
273 | The inclusion of "with Pristine Predictive Prowess"
* A sonnet's challenge to vocal frontier. " . " y
9 N underscores the precise prediction ability that sets this
2 -8 | The I'm language model apart.
66 se t
1o 11 12 13 ] 9 10 For in this poem where words entwine,
2 2 2 2 2 2 2 ' QW ERT YU I O°FP

Latency (S) Late ncy (S) An enigmatic song that dares not align,

To sing may lead one down a perplexed trail, Y W GEED VD WD D IR S

175B napaMeTPOB — GPT—3 InpursullDfr:h.y-lhm,Wheremelud\esﬂan, f. Z .X .C. V. B. N M. &

123 space return

Running OPT-175B on a single 16GB GPU, FlexGen 9

achieves a generation throughput of 1 token/s for the first
time with an effective batch size of 144. 4-bit quantized phi-3-mini running natively on an iPhone
with A16 Bionic chip, generating over 12 tokens per second.

O6yyeHue LLM ¢ Hynss npocmbIM cMepPMHbIM C 3 LLM
noka HedocmynHo. [Jooby4yeHue 03MOXKHO! €co00HA MOJXHO 3alfycmumb

Ucnonb3oeaHue ernosiHe 603MOXHO! JIOKasibHO Oa)ke Ha iPhone!

High-throughput Generative Inference of Large Phi-3 Technical Report: A Highly Capable Language
Language Models with a Single GPU, mapTt 2023 Model Locally on Your Phone, anpenb 2024




Moaenu u metoabl
MHOromozAa/ibHOro

aHa/In3a AaHHbIX
(Ha npumepe Vision-Language 3a0ay)



NcxoaHbI MHCTPYMEHT:
MepcenTtpoH (MLP)

KnioueBoe
ns3obpereHue:
CBEpPTOYHDbIN
HEeMUpPOH
PaboTaet
JIOKaNbHO B
Heb0obLIOM
OKPEeCTHOCTU

Moka3aHbl 9 xapaKTepHbIX
CTUMY/I0B Ha HEMPOH

YposeHb 1

ojel;

96

YposeHb 4

+ Uepapxunueckan o6paboTKa
C noBbiWeHuem abcTpakuyum
AAHHbIX OT YPOBHA K YPOBHIO

HEMPOHbI Pa3HbIX YPOBHEN: YeM Bbilue
CeTU, TeM BbilLe YpoBeHb abcTpaKkumm

Kakune anemeHTbl M306pa)-KeHMFI pPacCno3HakoT

AlexNet
(2011)

cnom

CBepTouYHble HeMpPOoHHbIe ceTu ANsA 3aaayd 3peHuns

Y

1

+ C 2011 r. - pacno3HaBaHue

unu Bbiwe (superhuman)

Visualizing and

06pa30B Ha YPOBHe YenoBeKa

BepoaTHocTb pacno3HaBaHus

ny6okoe
obyyeHue

Understanding
Convolutional
Networks,, ECCV’'14

+ ObyueHue Ha cBepxbonbLunx
ob6bemax AaHHbIX

S

Opyrvue metoabl
oby4veHus

LY

O6bem oby4atoLLelt BbIGOpkM

AlexNet

LeNet GoogleNet  DenceNet
| ConvNet VGG | Channel
: T Boosted CNN
2014 2015 2017 2019/20

EfficientNet

ResNet

Inception ‘ ResNeXt

v2V3va

CNN Timeline

Evolution of Convolutional Neural Network, 2023

Object Detection with CNN Timeline

HOG
detector

DPM AlexNet

VJ detector

CV po 2020

CNN
Architectures

AlexNet

VGG16

VGG19

Inception V1

Inception V2

GoogleNet

ResNet18

ResNet34

ResNet50

ResNet101

ResNet152

DenseNet

SqueezeNet

MobileNet V2

Object detection
pP.Viola N.Dalal P.Felzenszwab LeCun
2001 2005 2008 2012
Faster R-CNN  Fast R-CNN SPP-Net R-CNN 5
wo stage
T —
algorithms |
Kaiming He Ross Girshick Kaiming He Ross Girshick
2015 2015 2014 2014
CenterNet RetinaNet SDD
| YOLO _ oneseage
A
algorithms
Xingyi Zhou I'sung-Yilin Wei Liu (2015)
2019 2017 2016

OcHoBHOE orpaHunyeHue: HeT
CMMBOJIbHbIX I'IpE,CI,CTEIBJ'IEHVIVI,

HET CTPYKTYPHbIX MOAENEN,
HeT JIOTUK U OHTONOTUN

ShuffleNet V2

EfficientNet

Ba)kHaa npobnema:
HeobxoaMMocTb 0by4YeHMs Ha
60/1bLKMX BbIOOPKaX (CNOXKHO

Zero-Shot/ Few-Shot)




TpaHchopmepbl 4nA aHaNU3a ecTecTBeHHOr

Cutpi
obabilities

Generative Pre-trained
Transformer (GPT, 2018)

o A3blka NLP po 2020

Attention Scaled Dot-Product Attention Multi-Head Attention MOAynb BHumaHMﬂ Pr
Is All You Need paboTaeT HenoKanbHO,
(Vaswani et.al., = BblAenAa CMbICN0Bble
2017) — CBA3U MeXAY CI0BaMM,
[aNeKo OTCTOALLMMU B :
Q K vV
Attention (2017) JELIs s
HeWnpoHHble 1988 1997 2017 2018
RNN LSTM Transformers BERT i = I
cetu B NLP GPT e .
Q | TraFnstoTrmejr*"(‘20_17)

OpenAl GPT

l
|
I
i
I
I
I

\ SOTA B 42 3apayvax NLP

@pervised Pre-training
g T T "\ Correct output (label):

Input (features) @ robot  must i | obey
' ; GPT yuurca
S5 OpenAl /D Hoeblii knacc modeneii: ~ MPEACKasbiBath | -
cneayrowmmn

 GPT-3
(2020)

The CommonCrawl data - 45 T6

Self-supervised nepeobyyeHue
(6e3 pazmemku 0aHHbIX!)

TOKEH TeKCTa

Masked Language Model

______________________________

mooenu (LLM)

humans

GPT-3 MoKeT oTBeYaTb Ha BONPOCHI, NEPEBOANTL C PA3HbIX

[MASK] | | language by [MASK]

A3bIKOB, NMMCATb CTaTbU, UCXOAHbIE KOAbI MPOrpamMm... N

Language Input

______________________________

OcHoBHOe orpaHn4vyeHue: T0/1IbKO CMMBOJIbHblE AaHHbIE.

He paboTatoT ¢ M306parkeHnAaMmM U AaHHbIMW APYTMX MOAanbHOCTEN



ba3oeas udes npumeHeHus
mpaHcghopmepos K 3a0a4am 3peHuUs:
8Mecmo MeKcmoBbiX MOKeHO08 -
ppazmeHmeol usobpaxceHuli

Vision Transformer (2020)

TpaHcgopmepol uoym e CV!

CV+NLP 2020+

MAE: Masked Autoencoders As Scalable Vision Learners (2021)

Self-Supervised Learning

Bamer BEAT- iy ranng

waith o g tricio

- Only ercode
P rruribibd bkend
B CEY- O o
prodict minsing
parchen

rou

Vision Transformer architecture

Vision Transformer (ViT)

MLP
Head

I

Transformer Encoder

-0 D) ) o)) o)

Linear Projccuon of Flallcncd Patches
L] I | |
bad Iﬁ b W L L

Patch + Position
Embedding

* Extra learnable
[class] embedding [

Iﬁll—’..

ig

Sarvslbe Suntesiterey ol
Rl pecop! sy meoricn
earemoly wall

*
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MAE: Masked Autoencoders Are Scalable Vision Leamars

L
-

L

MAE: Masked Autoencoders As Spatiotemporal Learnd

Foundation Models (chyHOameHTanbHble Mogenu)

N306paxceHUe KaK «meKcm»:
8ce MoKeHbl CPaBHUBAOMCA NMOMNAPHO,
omcro0a Keadpamu4Hble 8bIMUCAEHUS

An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk
Weissenborn, Xiaohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias
Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby

P e
T

Omaembl HO BUSYOALHEIE 80NPOCE],

mpebyrowjue poccyMOeHUL:
AEUSYaAbHEII mecm TeropuHza®

“What is the color of the ____
menin e T L1 o |

Transformer Encoder = b il v Waen: oby4yuTe 0gHY MOOENE Ha __..._.__._,g s
= bonbwom obweme gaHHeIX, a NoToM .. S——
A - ot | emenem - = s
Lx c i npunoxeHwii (Zero-Shot f Few Shot) [
¢ = 7. In recent years, a new successful paradigm for
———— Data @ = building Al systems has emerged: Train one
ML hariaed - v s [ : |:| [ = | @ W= model on a huge amount of data and adapt it
T G PR
"",-«.... V] G e to many applications. We call such a model a
§ R foundation model.
Norm dete@vec: A General Framework for Self-supervised someer Vi *m it G ‘l'..:"._._%i
Learning in Speech, Vision and Langusge, Metafl, 2022 “;" Foundation models (2. g GPT- 3} have
& Multi-modal Learning
Multi-Head -
Attention {hmnﬂn ob6paboTHa CHIHANBHON M CHMBOALHON HHGOopMaLMH
u_l_h--l--.l r siape g o o e T u"! -
M - D ETR o T “'. 2017: MM-1 scrpevaetca ¢ MA-2111
= =F EE
Embedded
Patches - Pt e

Translnrmar

pil)

Seif Attentlﬂn for Vision

" Google Research, ¥ LG Barkeley

rafran', andd Araand Sncecay

2021: PaHblue KA3AN0Ck, YTO 3AECH HYHHbI Ga3bl 3HAHMA W NOTMYECKDE
NporpaMmMHpoBaHHE, TEMNEPb 3TO AENnaT Tpauchopmeps:!
Kamath et al 2027




Multimodal Learning
Vision-Language Models (VLM)



Multimodal Learning

Data Fusion at the feature level (Ha yposeHb Huce)

Multi-medal Learning
CLIP: Visual representations from image-and-text dat

CLIP [Contrastive Language-lmage
Pre-Training) i= a NN trainedon a
variety of (image, text) pairs. It
predictsthe most relevant text
snippet, given animage, without
directly optimizing for thetask
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(1) Contrastive pre-training (2) Create dataset classifier from label
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Data Fusion at the language level (Ha ypoeeHb 8biwe)

Socratic Models: kKak sacTaBuTb pasHbie OTAENb] KMO3ra»
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ChatBridge: Bridging Modalities with LLM Data Fusion at the language level
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S| ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalystto bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-tex, video-text, and audio-text), resulting in a multimodal LLM.

Bce BXOMHLIE W BLIXOOHbIE
[OaHHbIe HYWHO NepeBecTH B
TEKCTOBYH) MOOANBHOCTE,
€ KoTopoi paGotaiwr LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023
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ImageBind: One Embedding Space To Bind Them All (CLIP++)

g 3 . . .
1) Cross-Modal Retrieval IMAGEBIND’s joint embedding space
Audio Images & Videos Depth Text enables novel multimodal capabilities.
E L, By aligning six modalities’ embedding into a
\ the fire” : A common space, IMAGEBIND enables:
b “Fire 1s crackling then wind starts blowing.” . .
Crackle of a Fire | s eFirewiod crasld s thei fiic. 1) Cross-Modal Retrieval, which shows
‘ 2 : emergent alignment of modalities such as
: 3 by s caying While aoddIet 15 langhig.” audio, depth or text, that aren’t observed
’)) v “A baby 1s laughing while an adult is laughing.” u 4 P 4
Baby Cooing “A baby laughs and something....” together. 2) Adding embeddings from

- different modalities naturally composes
their semantics. And 3) Audio-to-Image
generation, by using our audio embeddings
with a pre-trained DALLE-2 decoder

designed to work with CLIP text

3) Audio to Image Generation

embeddings.
A & B <) » - IMAGEBIND [T
Images Videos Text Audio Depth Thermal IMU imekgentahsnmen ‘
Web Image Text -u Depth Sensor Data -‘ Web Videos -‘:)) Thermal Data :

Sheep basking in the sun

IMAGEBIND overview. Different modalities occur naturally aligned in different data sources, for instance images+text and EOuHoe npocmMpaHcmeo
video+audio in web data, depth or thermal information with images, IMU data in videos captured with egocentric cameras, etc.
IMAGEBIND links all these modalities in a common embedding space, enabling new emergent alignments and capabilities

npedcmaseneHuli
051 ecex
IMAGEBIND: One Embedding Space To Bind Them All, FAIR, Meta Al, 2023 mooanbHocmel!



ChatBridge: Bridging Modalities with LLM Data Fusion at the language level
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ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalyst to bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-text, video-text, and audio-text), resulting in a multimodal LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023
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Data Fusion
at the agent level
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Mpobnema: onsa obyyeHna HyXHa
orpomMHasi MynstumoganoHasa 6asa

PelwieHune: HayunTb Mogenn Ncnonb3oBaTh 3anpochl,
N NycTb Mogenu obLaroTca mexay cobomn

«CoKpaTtnyeckue mopesnu» 3To cnocob
NOCTPOEHUS pacLLMPAEMOro KosmnekTuea
UN-areHTOB C «OTKPbITbIM» CITUCKOM
3a4ay v TUNOB AaHHbIX, ANA pabdboTbl €
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Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



dyHaameHTanbHble moaenun ana CV
(Zero-Shot Solving Classical CV Tasks)

YpoBHU aHanun3a gaHHbix B CV

YpoBeHb CLUEeHbI

YpoBeHb 06beKTOB
YpoBeHb NPU3HAKOB

YpoBeHb n3obpaxkeHus

Knaccupukauma n onucaHue cueH (oTHoweHuA, geiicrtema), VQA

obHapykeHne 06BHEKTOB, CeMaHTUUYECKAA CerMmeHTauuA...
TOUYKW, INHUN, YINbl, 0621aCTU, KOHTYPDI, TEKCTYpa... matching, 3DRec

nuKcenbl (NonoxkeHue, APKOCTb, LiBET)



Fundamental Models for Vision Tasks

Recognize Anything: Image Tagging (Multi-label Image Recognition) mﬁ':m“"
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significantly betier with decoders in image-language tasks, especially when the decoder is a

‘We presented an extensive comparison of vision encoders pretrained with a
contrastive and generative (captioning) cbjective and found that the
generatively pretrained encoders obtain better performance when used for
Fecognizel  captioning. VQA. fine-grained and few-shot classification tasks. while achieving

nage
. extractor for fine-grained classification tasks (we show L/14 results, see appendix for B/ 16).
L
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YpoBeHb CLuEeHbI

coco OCRVOA | GoA Cars PewCaDop  RESISC Proun Fed ment (single-task) of CapPa
2
Figure 4 Absolute improvement of CapPa over CLIP* in various settings, Left: CapPa pairs

trained and frozen language model. Right: CapPa seems to be a noticeably better frozen feature

Figure 50 Absolute improve-|

over CLIP™ for a decoder|
trained from scratch (Lil-d.)
a frozen T3 decoder, and a
frozen GPT-2 similar oo .
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Grounding DINO: Open-Set Object Detection S A o
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Object localization Text understanding
COCO pre-defined categories Human-input novel C H input SERRROTR WAy St T ston.

SAM: Segment Anything, Foundation model for segmentation
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() Task: promptable segmentation (b) Modeh: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (dotiom)

Fi dation modelfor seg withthree interconnectad components: 3 promptable
segmentation task, 3 segmentation model (SAM) that powers data annotation and enables zero-shot
transfer to a range of tasks via prompt engineering, and 2 data engine for collecting SA-1B, our
datasetof overl billion masks.
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Groundin| SegmentAnything Model {SAM) overview. A heavyweightimage encoder outputsanimage
embeddine that can then be efficientlvaueried bv a varietv of inout oromots to oroduce obiect
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simple and suanced sext prompes. When SAM fails to ke
a coeTect prodiction, an additonal point prompt cas help
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Overview

Self-supervised

— e il - i MAE + Weakly-supervised
MAE pre-pretraining for billion-scale pretraining rtraining (WSP}
,\ul‘,’,‘:, ﬁfﬁu.} Pre-pretraining Masked Autoencoder (MAE) learnsvisual
3 representations from imag e datassts without using any

iNalg

t MAE + Weakly-
B supervised
pretraining (WSP)

L.-..r MAE—>WSP, or MAWS for short, first trainsthe encoder
using the MAE self-supervised method using only the
|mag5 This pre—pretlalnlngstage |nlt|ai?_5them odel

i MAE—-WSP

NIk NIk — WSP
5-Shot ZeroShot wmm MAE whi |
" i H ief Discriminative Self
DINOv2: Learning Robust Visual Features without Supervision e
DIMNO: Distillation with NO labels. DINO simplifies self- :";.“ (D) Dlscrlmlnatl\re Self-supervised

supervised VIT training by directly predicting the output
of a teacher network [buik with a momerntum encoder)
by using a standard cross-entropy loss.

‘ Discriminative
Emerging Properties in Self-Superviced Vision Transformers, 2021 I: f

Self-supervised
Pre-training .

a

guage processing for model
e opened theway for similar
. Thesemodekcould greathy
em by producing generalpurpose
visual festures, i, es that work across image distributions and
tasks without fin Thiswork she existing pretraining
methods, especially self-supervised methods, can produce such features
FEerainadan anannhonr=rad data from diverse sources. We revisit
Izine different techniguesto scale our

YpoBeHb n3obparkeHns nemosia

esearch, 2024,

Overview of our data processing pipeline.
Imagesfrom curated and uncurated data sources
are first mapped toembeddings. Uncurated
imagesare then dedupliated before being
matched to curated images. The resulting

simplifythe use of

Buaumo, ntobasa cnoxkHaa BU3yanbHas 3a4a4a MOXKeT CTaTb
UCTOYHUKOM ANA nonyyeHusa GyHaamMmeHTaIbHOU Mmogen,

KOTOPYIO He NpuaeTca NoTom goobyuyatb ANna peleHus HOBbIX
3a4au4: BaXKHO, UTo6bl B Heil BbIpaboTaniuCb HYXKHble NPU3HAKU



DINOv2: Learning Robust Visual Features without Supervision PynAameHTansHan

Mopgenb JONXKHA UMETb
YHUBEpPCabHbIE U

empirical evaluation: Patch matching B G —

(Drawings / Animals)

DINOv2: Learning Robust Visual Features without Supervision. Meta Al Research, 2024. YpoBeHb NpU3HAKOB



Pretraining: Kakas npokcu-sagayda nydiue

Image Captioners Are Scalable Vision Learners TOO | ,cero? (Ananor xnacenduraumm na ImageNet)
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Figure 4: Absolute improvement of CapPa over CLIP* in various settings. Left: CapPa pairs V€T CLIP* for a decoder

significantly better with decoders in image-language tasks, especially when the decoder is a pre- trained from scratch (LiT-d.).
trained and frozen language model. Right: CapPa seems to be a noticeably better frozen feature @ frozen TS5 d[ac:?der, and a
extractor for fine-grained classification tasks (we show L/14 results, see appendix for B/16). frozen GPT-2 similar to [44].

100 ;
We presented an extensive comparison of vision encoders pretrained with a BN CLIP* (8Kk)

contrastive and generative (captioning) objective and found that the = Eap
generatively pretrained encoders obtain better performance when used for e
captioning, VQA, fine-grained and few-shot classification tasks, while achieving
competitive performance in classification overall. In conclusion, we established
ImageNet CIFARI00  Pets Cars
Figure 7: Pretraining on LAION-400M.

|
n

10-shot Accuracy [%]
Lh
o]

plain image captioning as a competitive pretraining strategy for vision
backbones from image-text data

Image Captioners Are Scalable Vision Learners Too. Google DeepMind, 2023.



SAM: Segment Anything, Foundation model for segmentation

valid mask valid mask I—)
lightweight mask decoder model
model

L image
encoder

= — rompt * 1+ billion masks

¢ ° ] cat with Encod];' » 11 million images

. black ears f T * privacy respecting

segmentation prompt prompt

image

(a) Task: promptable segmentation

(b) Model: Segment Anything Model (SAM)

* licensed images

image

annolate ﬁ

data

train q—"

Segment Anything 1B (SA-1B):

(¢) Data: data engine (top) & dataset (bottom)

Foundation model for segmentation with three interconnected components: a promptable
segmentation task, a segmentation model (SAM) that powers data annotation and enables zero-shot
transfer to a range of tasks via prompt engineering, and a data engine for collecting SA-1B, our

dataset of over 1 billion masks.

image
encoder

image

Segment Anything, Alexander Kirilloy, ...,

—EB—> mask decoder
" o T f
/ conv\\ prompt encoder
image ! T T f
embedding mask  points  box text

valid masks

Segment Anything Model (SAM) overview. A heavyweight image encoder outputs an image
embedding that can then be efficiently queried by a variety of input prompts to produce object
masks at amortized real-time speed. For ambiguous prompts corresponding to more than one object,
SAM can output multiple valid masks and associated confidence scores.

3apaya cermeHTaumm
CTONb XKe d)yH.qameHTaana'

Figure 3: Each column shows 3 valid masks generated by
SAM from a single ambiguous point prompt (green circle).

4 ) ) A & :
-. ' anpct’ + point ‘! d
3 4 ; g F B

= Sus S

Flgure 12: Zero- shot text-to- mask SAM can work WIth
simple and nuanced text prompts. When SAM fails to make
a correct prediction, an additional point prompt can help.

Piotr Doll ar, Ross Girshick, Meta Al Research, FAIR, 2023



AM-RADIO (anpenb 2024): Vision Foundation Model for All Domains

PCA feature visualization of different models YH ueépcanobHasn ¢y HOaMeHManbHas
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AM-RADIO is a framework to distill multiple pretrained vision foundation models, such as CLIP, DINOv2, SAM, into a single model that
we call RADIO. As a result, a single vision foundation model agglomerates unigue properties of the original models. This unifying approach
obtains state-of-the-art feature representations in a single forward pass while also enabling unique properties such as zero-shot
classification (CLIP) or open set instance segmentation (SAM) at negligible additional cost. Our proposed RADIO model can process any

resolution and aspect ratio, and produces semantically rich dense encodings.
AM-RADIO: Agglomerative Vision Foundation Model Reduce All Domains Into One, NVIDIA, 2024



Multimodal

Large Language Models
(Opyeou yposeHsb VL-300a4)

YpoBHM aHanusa B VL moaenax
YpoBeHb moaenu mmpa
YpoBeHb CLUEeHbI

YpoBeHb 06beKTOB
YpoBeHb NPU3HAKOB

YpoBeHb n3obpaxkeHus

Korga HY>XHO He TO/IbKO BUAETb CL,eHY, HO U MOHUMATb MUP
Knaccupukauma n onucaHue cueH (oTHoweHuA, geiicrtema), VQA

obHapykeHne 06BHEKTOB, CeMaHTUUYECKAA CerMmeHTauuA...
0cobble TOUKU, IMHUN, YIIbl, 06N1ACTU, KOHTYPDI, TEKCTYPA...

nuKcenbl (NonoxkeHue, APKOCTb, LiBET)



Gemini vs GPT-4V: Comparison of Vision-Language Models

/

=

[ Sec. 4.4 Association of Parts and Objects ]

Prompt: How are those visual parts related, and can they be combined to form a single
object such as a boy? If so, how to arrange them?

@ cPTav:
The three visual parts are related in that they are all components that could be

(|

Sec. 4.5 Intelligence Tests }

RPM: Entire Q

= \ e, the object is a boy

Page 2 can arrange them in the following way

second column.

5. Choose a drawing that fits the empty space:

ollv]lo][a]la]l=]

Prom pt: Find out the pattern in the first column and use it to infer the missing figure in the

orange and green shapes) could be

) could be used as the legs of the boy
yellow, red, and blue shapes) could

can create a single object that resembles

(|

Sec. 4.6 Emotional Intelligence Tests J

@ cPTav:

The correct drawing that fits the empty space is the upside-down triangle. This is bec
pattem in the grid is that each row and column has one of each shape in different orientations

Prompt: After seeing the below image, how people might emotionally feel and react?

@ ePTav:
People might feel a sense of awe and wonder at

OpenAl. Gpt-4v(ision) system card. Technical report, OpenAl, 2023.

the beauty of the sunset and the colors in the sky.
They may feel peaceful and calm, or even inspired.
Some may react with a sense of gratitude for being
able to witness such a beautiful moment in nature.
Others may feel a sense of longing to be in a place
like this, or a desire to travel and see more of the
world's beauty

¥, Gemini Pro:

People might emotionally feel relaxed, peaceful, and awestruck after seeing the image of the
sunset over the ocean. The image evokes a sense of natural beauty and tranquility. The warm colors of
the sky and water, the gentle waves crashing against the shore, and the silhouetie of the palm trees all
contribute to a feeling of peace and serenity.

Multimodal evaluation

* Image Recognition and Understanding: Sec. 2 addresses the fundamental recognition
and comprehension of image content without involving further inference, including tasks
such as identifying landmarks, foods, logos, abstract images, autonomous driving scenes,
misinformation detection, spotting differences, and object counting.

¢ Text Recognition and Understanding in Images: Sec. 3 concentrates on text recognition
(including OCR) within images, such as scene text, mathematical formulas, and chart &
table text recognition. Similarly, no further inference of text content is performed here.

¢ Image Inference Abilities: Beyond basic image recognition, Sec. 4 involves more advanced
reasoning. This includes understanding humor and scientific concepts, as well as logical
reasoning abilities like detective work, image combinations, look for patterns in intelligence
tests (1Q Tests), and emotional understanding and expression (EQ Tests).

Sec. 4.3 Detective Reasoning Ability

Prom Pt: Suppose you are a detective, what can
you infer from the visual clues in the image?

@ crPTav:

From the visual clues in the image, | can infer that

- The room belongs to someone who is likely

a young adult or teenager, as evidenced by the
casual clothing and the desk with a computer.

- The person is likely a student or someone

who works from home, as evidenced by the desk
and computer.

- The person is likely fashion-conscious, as evidenced by the multiple jackets and shoes

- The room is likely located in a colder climate, as evidenced by the jackets and boots.
- The person is likely not very tidy, as evidenced by the cluttered desk and clothes hanging on the door.

- The room is likely located in an olderorc mare nictic huildina _ac svidenced hy the aevnoced ninec and the

OnucaHue xapakrepa Xuabua no
n306pakeHno KOMHaTbl

wom-looking walls

Google Gemini Team. Gemini: A family of highly capable multimodal models. 2023.
Gemini vs GPT-4V : A Preliminary Comparison and Combination of Vision-Language Models Through Qualitative Cases, 2023



MLLM: Awesome-Multimodal-Large-Language-Models
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Latest Papers and Datasets on Multimodal Large Language Models, and Their Evaluation

https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models

A Survey on Multimodal Large Language Models, 2024

MME: A Comprehensive Evaluation Benchmark for Multimodal Large Language Models, 2024
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CogVLM: Vision-Language Deep Alignment PEFT: Bridging Modalities
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1] u Afox L§ sitfing t i _? Text features
Kak uzbexcamob kamacmpoguveckozo ) == on the books. Image features || LayerNorm |
3a6bi6aHuUA 6a306biIx ModasnbHocmeli
npu myasmumooasnbHom obyyeHuu? Patchified images Paired Text R G D
VLM using the LAION dataset, the model’s score on the pure text
dataset MMLU rapidly decreases, dropping to 24.9 at 2500 steps. (a) The input of visual language model (b) The visual expert built on the language model
I
Figure 4. The architecture of CogVLM. (a) The illustration about
runome3a: aﬂﬂ moao’ qmo6bl NMnoKasblieadmbs the input', where an image is processed by a pretrained ViT and
mapped into the same space as the text features. (b) The Trans-
eu3yasibHoe MNoHUMdaHue ypoeHsa GP T'4\/, HYXHO former block in the language model. The image features have a
npaesusnbHo 06veduHAMb npedobyyeHHbIe Nlo6asum K ViT adanmep u
mooenu pGBHOﬁ mooasbHOCMU (LLM u VIT) - o6yqu/v| 8U3YyasIbHO20 3Kcnepma K

_ | obyyeHHoU LLM 0nsa 3a0a4 NLP
CogVLM: Visual Expert for Pretrained Language Models, 2024



CogVLM: Vision-Language Deep Alignment PEFT: Bridging Modalities

Visual Reasoning Grounding with Caption Grounding Visual Question Answering

- T 2 : Q1: What color are the clothes of the girl whose |
Q: Can you provide a description of the image and mcludeJ hands are holding flowers? Let's think step by step.

the coordinates [[x0.y0.x1.y1]] for each mentioned object?

CogVLM: Find the flowers [[328.519.436,780]]. Check the
. . girl holding it, got the girl [[116.069 450927]]. Check the
CogVLM: A piggy bank [[302.198.694.857]] with a clothes of it, got the clothes [[134300418852]]. The

smile [[400.520.,582.643]] on it is surrounded by coins clothes [[134 309 418 852]] are blue. So the answer is blue. 3
[[028.820.986.997]]. toy houses [[052.697.174.892;
526.763.636.952:168.697.286.883:738.697.852.895]].

and greenery.

o

Q: From the perspective of a photographer,
analyze why this picture was taken well?

CogVLM: From a photographer's perspective, several
elements contribute to the quality of this image. The
composition is balanced, with the hot air balloon taking up
a significant portion of the frame. yet still allowing the
surrounding environment to be visible. The use of lighting,

Q2: What color are the jeans of the girl whose hands
are not holding flowers? Let's think step by step.

CogVLM: Find the not(flowers) hands [[654.637.710.728]].

especially the soft glow from the balloon and the car's : Check the girl with it, got the girl [[526,109.880,946]].

headlights, creates a warm and inviting atmosphere. The ; sAA. “ | | Check the jeans of it, got the jeans [[530.613.880,871]]. The

depth of field is shallow, focusing on the subjects in the By . _— lm " . | jeans [[530.613.880,871]] are gray. So the answer is gray. )
|

foreground while softly blurring the background, drawing " R
attention to the main elements of the scene.

>

>

A’

Bbi1800: 015 8U3yasnbHO20 NOHUMAHUSA YpoBHA GPT-4V He Hy3Ha
Very Large LM! BaxcHee npasusbHO 06beduHAMb npedoby4yeHHsble
8U3Yyas1bHble U meKkcmosbie mooesnu (cm. PEFT, adanmepesi)

CogVLM: Visual Expert for Pretrained Language Models, 2024
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Generative Adversarial Networks (GAN) GM Ao 2020

& Adversarial networks o
° G AN opowmecs MHTEnnEKW:anbIearePHTbI( )
e Realistic samples i
e Suffer from mode-collapse
. e leHepaTop co3paeT BU3yanbHble 06pasbl,
e Normalizing flow Craphness  avd s [l wATO
e e — a8 o ‘ ‘é Masaca]
e Explicit model ~ - )=
e Tend to overfit training data | e ™" =
e Not flexible enough | s 2
° VAE AMCKpMMMH:’;;pCTapaETCﬂOTIM‘-IMTb
°® Covers tra|n|ng Sample daHTasum leHepaTopa oT peanbHOCTH

(a) Training Example (b) Edited Input

e Unrealistic samples (e.g.
blurry images)
Dmitry Vetrov, OpenTalks.Al/2022

Adaptive Deep Models across Visual = = g L i e
Domains, Kate Saenko, ICCV, 2017 SinGAN: Learning a Generative Model From a Single Natural Image, Shaham et. al, 2019

lMpo6aemeoi u ebi3oebl 8 GM (2020)

Cnabas reHepanusauusa 3a npeaenamm Bblbopku HeT reHepauun 06pa3os No cCIOBECHOMY ONUCaHUIO




Diffusion models: HoBbIY Anpep 2020+
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3apaya: BblyunUTb
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* Ordinary differential equation
defines the evolution of a point

» Stochastic differential equation
defines the evolution of a distribution

K/1acca Ha

npumepax, h
a notom
COMN/INPOBATH

u3 3TOro

dx = f(x. t)dt dx = flx.t)dt + g(x, )dW
| ! Mogpaenb 1: N -
| peweHue 1
1 o6patHoro -l
| CTOXacCTu- L JF
| yeckoro Ay ' t/
10 o A0 =T
Forward dynamics
i Moaenb 2:
bk noatanHoe
BOCCTaHOB/IEHUE
3alyMJIEHHOrO
obpasa

-~

pacnpeaeneHus

Dmitry Vetrov, OpenTalks.Al/2022

Backward dynamics

Kctaty, 310 M ectb «ycuantenb cmbicnia» Iwbu, U3BAeKaoWwmi CMbica U3 Wyma!
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Denoising diffusion probabilistic models

NHmMepnonayua mexoy 08yMA AUUAMU: 8 KOXOOU MoYKe mosbKo auuya!
Source Rec. A=0.1 A=0.2 A=0.3 A=0.4 A=0.5 A=0.6 A=0.7

el

Diffused source
X, ~ qlx, | X))

Denoised
interpolation

Pixel-space Source X

Source x, 2
interpolation

Image
manifold

QQI&HY%YJ \AF

HenpepobieHoe
npocMpaHcmeo »
(pacnpedeneHue) doTo n I0AEN,
usobpaxceHuli KOTOPbIX
HUKOrga He
Bblyunnu cywiecrtBoBano
pacnpeaeneHue
ANnAa nuy,

J. Ho, A. Jain, and P. Abbeel.

Denoising diffusion probabilistic models. NeurlPS 2020

A=0.8 A=09 Rec.
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Figure 8: Interpolations of CelebA-HQ 256x256 | 38
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Text-2-Image, Text-2-Video
(2eHepayusa usobpaxceHul u sudeo
no ¢/108eCHOMY ONUCAHUIO)



DALL-E 2: images and art from natural language description

3apayva: lenepayua usobpaxceHul -
text-to-image 10 MeKcmosomy OnucaHuro E
) HO ecmecmeeHHOM A3bIKe p— .
generation ( DEEELL LS LS - :emngoder
"a corgi Ucnonb3oBanu -

CoepuHeHue 2 olaying a npusHaku CLIP C

Thnos R anaVLl-3agauwm
reHepaTUBHbIX flame 1

moaenen: throvving m .

TpaHchopmep " — F~) —>

ANA TEKCTOBOW trumpet OOO00 = L)

MOA4a/iIbHOCTMU, y O _ : 8-’ g

anpdysHaa 000 3 o O+ Do B O C

mogenb ans S C . |

n3obpakeHusn :

prior decoder

A high-level overview of unCLIP. Above the dotted line, we depict the CLIP training We develop methods for
process, through which we learn a joint representation space for text and images. Below training diffusion priors
the dotted line, we depict our text-to-image generation process: a CLIP text embedding in latent space, and show
is first fed to an autoregressive or diffusion prior to produce an image embedding, and that they achieve
then this embedding is used to condition a diffusion decoder which produces a final comparable performance
image. Note that the CLIP model is frozen during training of the prior and decoder. to autoregressive priors,
Hierarchical Text-Conditional Image Generation with CLIP Latents while being more

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen, OpenAl/2022 compute-efficient.



DALL-E 2: images and art from natural language description

LR
A

0_{.‘,

HenpepsisHoe
npPoCcmMpaHcmMeo
uzobpaxceHul
(pacnpedeneHue)
cmano cemaHmuyeckum!

a photo of a cat — an anime drawing of a super saiyan cat, artstation

MpoctpaHctBO = A A A 1
npusHakoB By By B o ) S
CLIP rrpmid tacela § L. i "“i"‘-“ﬂ-s ool
\a» My Qe TG, TR TS TN LT B " oyl

—_—

a photo of a victorian house — a photo of a modern house

T SN g S U
Bt | -~ idN

a photo of a landscape in winter — a photo of a landscape in fall

Hierarchical Text-Conditional Image Generation with CLIP Latents diffusion priors
Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, Mark Chen, OpenAl/2022 in latent space



Stable Diffusion 3: Tekywuin angep (2024)

a space elevator, A cheeseburger with juicy a hoke in the floorof my  a small office made out of car  This dreamlike digital art  human life depicted entirely an origami pig on fire
cinematic scifi art beef patties and melted bathroom with small parts captures a vibrant, out of fractals in the middle of a
cheese sits on top of a toilet gremlins living in it kaleidoscopic bird in a lush dark room with a
that looks like a throne and rainforest. pentagram on the
stands in the middle of the floor

royal chamber.

smiling cartoon dog sits at a table. coffee mug on hand, as a room goes up in flames. “This is fine.” the
dog assures himself.

an old rusted robot wearing pants and a jacket riding skis in a supermarket

Our new Multimodal Diffusion Transformer (MMDIT) architecture uses separate
sets of weights for image and language representations, which improves text
understanding and spelling capabilities compared to previous Stable Diffusion.

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis. 2024.

Hl Visual Aesthetics Typography
B Prompt Following
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Human Preference Evaluation against
current closed and open SOTA
generative image models. Our 8B
model compares favorable against
current state-of-the-art text-to-image
models when evaluated on the parti-
prompts (Yu et al., 2022) across the
categories visual quality, prompt
following and typography generation.

Outperforms DALL-E 3,
Midjourney v6, and Ideogram v1
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Input Canny edge

“masterpiece of fairy tale, giant deer, golden antlers™  “..., quaint city Galic”

3apava:
ynpasaAaTb

| S
A \
b ’ -
4 ; ' — S

[nput human pose Default “chef in kitchen”

“Lincoln statue” o
Figure 1: Controlling Stable Diffusion with learned conditions. ControlNet allows users to add conditions like Canny edges LR e

(top), human pose (bottom), etc., to control the image generation of large pretrained diffusion models. The default results use usobpaxkeHus
the prompt ““a high-quality, detailed, and professional image”. Users can optionally give prompts like the “chef in kitchen™. He TO/IbKO

Adding Conditional Control to Text-to-Image Diffusion Models. 2023. ChoBecHO



UG AlEL L IP-Adapter: Text Compatible Image Prompt Adapter

He 0dobasum umo-
mo K mekcmy,
a nodadoum cpasy

MHOZOMOOGijHblu added modules (in red color) are trained while the
+ 8 c 8

me"‘m"""'ﬁ pretrained text-to-image model is frozen.

8u3yanbHsbii 3anpoc!

&:; ‘ Image Features

The overall architecture of our proposed IP-Adapter
with decoupled cross-attention strategy. Only the newly

Decoupled Cross-Attention

Image r 7 ‘ Cross "' Cross
—r = 3 — ) 3 i
Encoder = Attention Attention
bepem
roToBYyliO i L, l | l LF
text-2-image l |
mopgenb
n pobasnaem
aganrtep ana Frozen
modules
BU3yasbHOro o
I Xt Denoising U-Net X¢_1 ‘
3anpoca!
Trainable
ke Text Features odul
A girl with sunglasses — e — -
Encoder

The main problem: cross-
attention layers in the pretrained
diffusion model are trained to
adapt the text features.
Consequently, merging image
features and text features only
accomplishes the alignment of
image features to text features,
but potentially misses some
image-specific information from
the reference image. Our IP-
Adapter adopts a decoupled
cross-attention mechanism. For
every cross-attention layer in the
UNet of diffusion model, we add
an additional cross-attention
layer only for image features. In
the training stage, parameters of
the new cross-attention layers
are trained, while the original
UNet model remains frozen.

IP-Adapter: Text Compatible Image Prompt Adapter for Text-to-Image Diffusion Models. 2023.



Text-2-Image: IP-Adapter: Text Compatible Image Prompt Adapter
Tekcmoeolli u
8U3yasbHbIl Images of different diffusion models with our proposed

IP-Adapter. The IP-Adapter is only trained once.

3anpoc!

Image prompt ".‘,‘.
SD 1.5

Realistic Vision
V4.0

Anything v4

ReV Animated

IP-Adapter: Text Compatible Image Prompt Ad

u&“;lé/ & ‘ »/

apter for Text-to-Image Diffusion Models. 2023.

We present IP-Adapter, an
effective and lightweight adapter
to achieve image prompt
capability for the pretrained text-
to-image diffusion models. The
key design of our IP-Adapter is
decoupled cross-attention
mechanism that separates cross-
attention layers for text features
and image features. IP-Adapter
with only 22M parameters can
achieve comparable or even
better performance to a fully
fine-tuned image prompt model.
As we freeze the pretrained
diffusion model, the proposed IP-
Adapter can be generalized not
only to other custom models fine-
tuned from the same base model,
but also to controllable
generation using existing
controllable tools



IMAGEN VIDEO: video generation with diffusion models

Coffee pouring into a cup.

Kamepa Ha asuKetca, 3D o6pa3 HapywaeTtca
leHepauua suaeo no

IMAGEN VIDEO: HIGH DEFINITION VIDEO GENERATION WITH DIFFUSION MODELS, TEKCTOBOMY ONMUCAHUIO
Google Research, Brain Team, 2022



SORA: Video generation models as world simulators (2024)

Ponukun gpanHHee s

F s A \
g £ AN [
g

https://cdn.openai.com/tmp/s/bike 1.mp4

3D consistency. SORA moxeT co3aaBaTb BUAE0
C AMHaMMUYECKMM ABUXeHuem Kamepbl. Korga
Kamepa CABUraeTca u BpawaeTca, 1toam U
3/1EMEHTbI CLEHbI NOC/Ie40BaTENbHO
nepemeLLaoTcA B TPEeXMepPHOM NPOCTPaHCTBeE.

https://openai.com/sora#tresearch leHepauua Bugeo no
Video generation models as world simulators, OpenAl, 2024 TEKCTOBOMY ONMUCAHUIO



https://openai.com/sora#research
https://cdn.openai.com/tmp/s/bike_1.mp4

3D Scene Generation & Analysis

[lpedoby4yeHHbIe o paKypPCHbIM
uzobpaxceHuam onucaHua 3D cuyeH



NeRF: Representing Scenes as Neural Radiance Fields

i b I%mﬁgf . Optinize NelF HEnder ew views Kak coegMHUTb TPaAULMOHHbIE TEXHONOMMK

edrvieaiun . e 3D peHAepuHra c HEUPOHHbIMM CETAMM U
» MaLLMHHbIM 0byueHnem

FEIEFEELENY Sanlt 5% o8

R E R R TS fasy
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ARV EG e TR S g éfv‘?_
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PEHE PP

Continuous 5D neural radiance field representation (volume density and
view-dependent color at any continuous location) of a scene from a set
of input images. We use techniques from volume rendering to
accumulate samples of this scene representation along rays to render the
scene from any viewpoint.

. .
. ...-\!‘

.
. - TS

Complete Model

"

Ground Truth No View Dependence

5D Input Output Volume Rendering e [Iponyckaem ny4m yepes cUueHy Ann
Position + Direction Color + Density Rendering Loss
cemnanposaHA Ha HNX MHOXeCTBa TOYEK
rw (x,y,z,9,¢)—>|:|[|[|—> (RGBo) "
pe o e 5 ret T\ > o J1nA KaXKA0M TOYKM U3 MHOKECTBA
~g.t.
e 5 / " M-z noay4yaem NAOTHOCTb (He 3aBUCUT OT
HanpaBieHnAa B3rnaana) U UuBeT \3aBUCUT OT
-1 Ray?2 Vs . 2 P Aa) vy (
/ || i HanpaBAeHWUA B3rNAAa)
Ray Distance * [lpUmeHAEM peHAEePUHT A1A CO34aHuA
(a) (b) (c) (d) n306paxKeHuit

Mildenhall et. al, Nerf: Representing scenes as neural radiance fields for view synthesis. UC Berkeley, Google Research, 2021



Paszsutue u npunoxkeHmna NeRF

He TonbKo KomnbloTepHasa rpaduKa,
HO U KOMNbIOTEPHOE 3peHue

NeRF-RPN: object detection in NeRFs ‘

Object Detection
1

Overview

B ncxogHou 3apgaue reHepauum
n3obpakeHuu 3D cueH u 06beKTOB

Multi-modal Visual-
Language Tasks

Vid Ngaturaiiangsugee, rrom gostract qUETNieEs IKE  Ciectriciny ,

NeRF-SLAM: ReaI-Tlme Dense Monocular SLAM | long tailobjects such as
with Neural Radiance Fields el 2

ind relevancv map are rendered
Copth Uncertanty P— Bandanad  epcrwran |

SLAM: Opuel-n'au,uﬂ p060'rOB nb/lAB npOCTpaHCTBe

DiffRF: Rendering-Guided 3D Radiance Field Diffusion Bepremcen k
Volametric Diffusion 33/A34E rEHEP3LUNI

w30BpaKeHHii 3D

W

£ D@ 55 =

'
|
|
I
¥ |
. |
T R-dluce Field Denolsing l Masked laput
I
I
|
|
I

J-J-\- Jo ARK

Single-Stage Diffusion NeRF: A Unified Approach to
3D Generation and Reconstruction

Training Testing
[ "Mt sdew tralning i ’ 0 view # ;
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. ; |

Neural Descnptor Fields:
SE(3)-Equivariant Object Representations for Manipulation

Test-time oxecsrions: Unseen cbjects in out-of-distributien poses

Fagure 1. From lefk 10 right, input RGE image, extio . 2
the depeh by ins umcertainty (4 < 1.0) for visualizal Small Handfel (~3-10) of Demonstratices
Inpet image. Our pipedine is capable of reconstncti| e

o s, By " ¢
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with Denoising Diffusion Models

Gmund Truth RegNeRF

\ Geometric Baseline Ours ha
= Y E" . -’ F’
- 5 P a B > : liffusion
- ' N i = " ion,

-

1= 27 HE
e b PR
magm-m

. l
Figure 4. Qualitative results for the task of novel view synthesis on LLFF dataset. NeRF models are trained with 3 views and rendered

from one of test views. Our DDM model encourages more realistic geometry as seen in the depth maps.
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LERF: Language Embedded Radiance Fields

NeRF \ ’/—CLIP

* Multi-Scale Semantics

‘fgb Long-Tail Objects

LERF grounds CLIP representations in a dense, multi-scale
3D field. A LERF can be reconstructed from a hand-held
phone capture within 45 minutes, then can render dense
relevancy maps given textual queries interactively in real-
time. LERF enables a broad range of concepts to be queried
via natural language, from abstract queries like “Electricity”,
visual properties like “Yellow”, long-tail objects such as

“Paper tovel ol “Waldo”, and even reading text like “Boops” on the mug. For
2 each prompt, an RGB image and relevancy map are rendered

focusing on the location with maximum relevancy activation

Language Embedded Radiance Field

"Wooden spoon”

(3 Abstract Queries

"Electricity”

A Text Reading

"Yellow"

LERF Rendering - Multiscale CLIP Preprocessing
We pre-compute a multi-scale

feature pyramid of CLIP '_.N.' tw k —>RGB

. . CIWOTK e

embeddings over training gt Density
views, and during trainin A =PDNO Features
' & & . = CLIP Features

interpolate this pyramid with

. . . S
simg and the ray’s pixel location i Volume Render

to obtain CLIP supervision. The \

CLIP loss maximizes cosine "a"L%‘gge 4-—-—

similarity, and other outputs are E

supervised with mean squared- !

error using standard per-pixel :

rendering. \ + Multiscale CLIP Features Image Patches Training Image

LERF: Language Embedded Radiance Fields, UC Berkeley, 2023 Multi-modal Visual-Language Tasks



Instruct-NeRF2NeRF: BepbanbHoe peaaktuposaHue 3D cueH

Tenepb K yke
HeupoceTtesou 3D
moaenu NeRF moxkHo
A06aBUTb pa3inyHble
reHepaTuBHbIE
BO3MOXHOCTHU
HeupoceTen,

B TOM 4YMucC/e — CUHTE3
M peaaKTUpoBaHue
No TEKCTOBOMY
OMUCaHUIO...

Original NeRF

Ou rs

NeRF Scene ) Edjted NeRF

Instruct -
NeRF2NeRF

" “Turn his face into a skull” “Turn him into a Modigliani painti" “Turn him into Batman”

3D consistency. Ha ocHoBe NeRF TaKXe MOXHO
co34aBaTb BUAEO C AMHAMUYECKUM ABUKEHUEM
Kamepbl 8 UCKyccmaeeHHO udmeHeHHom mupe. Korga
Kamepa CABUraeTcA M BpalaeTca, USMEHEHHbIe
31eMeHTbl COXPaHAOT CBOM BUA,

Instruct-NeRF2NeRF: Editing 3D Scenes with Instructions, 2023



3D Gaussian Splatting for Real-Time Radiance Field Rendering | 2023

PeHpepuHr B peanbHOM BpemeHu! Camera | —»
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Adaptive Gaussian densification scheme: split and merge e The anisotropic 3D Gaussians as a high-quality, unstructured

centroids clustering. When small-scale geometry (black representation of radiance fields.

outline) is insufficiently covered, we clone the respective e An optimization method of 3D Gaussian properties, interleaved

gig:sggrstlf\;zig[ﬁilﬁ] iii)ometry 8 MEITESEEe (5 OnE with adaptive density control for representations for captured scenes.
’ ' e A fast, differentiable rendering approach for the GPU, which

is visibility-aware, allows anisotropic splatting and fast

c
o . . . . . .
.- backpropagation to achieve high-quality novel view synthesis.
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3D Gaussian Splatting for Real-Time Radiance Field Rendering. 2023.



3D Gaussian Splatting: Game Changing

Rendering _with Leamed
Introduction Background 3D Gaussian Splatting 3D Gaussians (§3, ) L o Application Areas Performance Future Research Conclusions
( §1 ) ( §;2 ) N ( §3) — and Tasks (§-L ) Comparison (§5 ) Directions (§6 ) (§7 )
Optm:uzazlon of |
3DGS(§3.2)
/ /
/ / : .
/ .J"f Data-Efficient 3D GS Solutions
B Simultaneous Localization and /
€Cb CNEKTpP 3aaa4 Mapping (§4.1) Memory-Efficient 3D GS Solutions
o /
KOMMNbIOTEPHOU rpaduKkm Dynamic Scene Modeling (§4.2) |/
Advanced Rendering Algonthms
N KOMNbIOTEPHOTIO 3peHuA AT Generated Content (§4.3)
/ Optimization and Regulanization
¥il Autonomous Driving (§4.4) | /
,/ III.' 3D Gaussians in Mesh Reconstruction
:' - Probleam *|_lmphcit Radiance Field Empowering 3D GS with More Possibilities
| Formulation (32.1) —»| Explicit Radiance Field ,'

| L | Localization (§5.1)
»| 3D Gaussian Splatting: The Best of Both Worlds

= : . —»| Rendering in Static Scenes (§5.2)
~* Scene Reconstruction and Rendering |

©< 3| Rendering in Dynamic Scenes (§5.3)

—»| Neural Rendering and Radiance Fields

Context and
Terminology (§22}

»| Volumetric Representations and Ray-Marching *|  Rendering in Driving Scenes (§5.4)

+| Point-based Rendering | "~>| Human Avatar (§5.5) |

3D Gaussian splatting (3D GS) represents a significant departure from NeRF.

3D GS, with its explicit scene representations and differentiable rendering algorithms,
not only promises real-time rendering capabilities but also introduces unprecedented
levels of control and editability. This positions 3D GS as a potential game-changer for
the next generation of 3D reconstruction and representation

A Survey on 3D Gaussian Splatting. 2024.
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Stable Zero-123: Zero-shot One Image to 3D Object

Input View (RGB)

iaaad n—__'_‘:_'z"i;‘w -
Latent Diffusion Model \ m"m"”m] |

Gaussian Noise Output View (RGB)

Figure 3: Zero-1-to-3 is a viewpoint-conditioned image
translation model using a conditional latent diffusion archi-
tecture. Both the input view and a relative viewpoint trans-
formation are used as conditional information.

“A computer from
the 90s in the style
of vaporwave”

“3D render of a pink E
balloon dog” .

Text = Dall-E-2 % =» Image = Zero-1-to-3 4
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&) from Input View

Figure 4: 3D reconstruction with Zero-1-to-3. Zero-1-
to-3 can be used to optimize a neural field for the task of
3D reconstruction from a single image. During training, we
randomly sample viewpoints and use Zero-1-to-3 to super-
vise the 3D reconstruction.

+ 3D u3 nsobparkeHums

%%%*I

+ 3D u3 TeKcra!

Novel Views

Figure 10: Novel View Synthesis from Dall-E-2 Generated Images. The composition of multiple objects (1st row) and the
lighting details (2nd row) are preserved in our synthesized novel views.

Zero-1-to-3: Zero-shot One Image to 3D Object. 2023.

HoBbli1 pakypc No 0 4HOMY CHUMKY

Our conditional diffusion model uses
a synthetic dataset to learn controls
of the relative camera viewpoint,
which allow new images to be
generated of the same object under a
specified camera transformation.
Even though it is trained on a
synthetic dataset, our model retains a
strong zero-shot generalization ability
to out-of-distribution datasets as well
as in-the-wild images, including
impressionist paintings. Our
viewpoint-conditioned diffusion
approach can further be used for the
task of 3D reconstruction

from a single image. Qualitative and
guantitative experiments show that
our method significantly outperforms
stateof-the-art single-view 3D
reconstruction and novel view
synthesis models by leveraging
Internet-scale pre-training.



CAT3D: 3D with Multi-View Diffusion Models HoBbI1 pakypc No ogHOMY CHUMKY -> 3D

We present CAT3D,

a method for creating
anything in 3D by
simulating this real-
world capture process
with a multi-view
diffusion model. Given
any number of input
images and

a set of target novel
viewpoints, our model
generates highly
consistent novel views
of a scene. These
generated views can be
used as input to robust
3D reconstruction
techniques to produce 3D
representations that can
be rendered from any
viewpoint

in real-time. CAT3D can
create entire 3D scenes in
as little as one minute,
and

outperforms existing
methods for single image
and few-view 3D scene
creation.

See our project page for
results and interactive
demos: cat3d.github.io.

a shiny silver
robot cat

Text-to-image-to-3D Real image to 3D Sparse multi-view to 3D

CAT3D: Create Anything in 3D with Multi-View Diffusion Models. 2024.



GALA3D: Text-to-3D Complex Scene Generation via Layout-guided GS

"ﬁ v' i LLM + 3D Gaussian Splatting
& ﬂ 1) LLM co3paet 3D makert
ol
H 2) ctpoutca cBasaHHaA ¢ Hum 3D GS mopenb
3 e W
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9
é E “Add a “Delete the table ; “Move sofa forward M MaKeT CUEHbI
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GALA3D: Towards Text-to-3D Complex Scene Generation via Layout-guided Generative Gaussian Splatting. 2024.



Drivable 3D Gaussian Avatars

We present Drivable 3D Gaussian
Avatars (D3GA), the first 3D
controllable model for human
bodies rendered with Gaussian
splats.This work uses the recently
presented 3D Gaussian Splatting
(3DGS) technique to render realistic
humans at real-time framerates. To
deform those primitives, we depart
from the commonly used point
deformation method of linear blend
skinning (LBS) and use a classic
volumetric deformation method:

a s bl Ag 2SS cage deformations.
‘T'H <] WEE | .

[y

§ o  UEE
ml h; —d

k

Mopaenb 3D GS TaKXe NCNonb3yeTcAa ANA reHepauumn n peHgepHura
B pea/ibHOM BpeMeHu peanuctuuHbix 3D aBaTtap (moaBuXKHbIX Mogenen
Tena) nNtoaen no nx poctosbim poTorpadpuam.

Drivable 3D Gaussian Avatars. 2024.

Figure 8. Reposing eight avatars with a pose from another subject



Moaenu u metoabl CUHTE3a
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Deep Reinforcement Learning: obyueHue c nogkpenneHnem RL ao 2020

MaBHaa npges:
obyueHune
meTogom nNpo6
M own6oK

3a cyert
obpatHo
CBA3MU OT
cpeabl

-

Model-free RL

Model-based RL

Policy Gradient
A2C/A3C
PRO
TRPO

RL Taxonomy )

Az2eHm (OY) delicmeyem

—— Reward R(t): score you earned at current step
Bo3sHarpakgeHue (nocne xopa)

State S: current screen

CoctosiHMe (4TO BUAUM Ha 3KpaHe)
* Action i: move your board left / right
OevicTtBue (ynpasneHue/xopa)

3aaadva RL

B TEpPMUHaX TEeOpUun

ynpaB/ieHus:

meTogom npob
M OWWMNOBOK HANUTU

. { Policy t(s): How to choose your action ‘ 2aKOH
CtpaTterus (3akoH ynpasneHusa/xopna) ynpaeneHus,

* - Action value function Q(S, i): OnNTUMM3K-
your predicted future total rewards pyrowmun
Ctonmoctb (Bbiurpbiw B byayuiem) $dyHKUMUIO

- bennmaHa

8 cpede, u nosy4yaem OMKAUK 8 sude
wmpaga unu 803HA2paAXcOeHuUs

Human-level control through deep reinforcement learning ( Minh, et al. Nature, 2015)

flAgent}
state reward action
S, R, A,
< Environment ]<

Kak HayunTb

HeupoceTb UrpaTtb
B KOMMNbIOTEPHYIO UTPYy

|




TpaHcdopmepbl B RL

u pobomomexHukxe



GATO: yHuBepcCanbHbIN areHT

A cat that is sitting next
to a8 brick wall

A Generalist Agent, DeepMind, 2022.

2022: TpaHchopmepol npuxodssm e RL!

What is the capital of
Gj France?

Paris.

63 Can you write me a poem?

I don’t know exactly what
to write. There’s just so
much to answer.

G

YHusepcanobHaa mooesns 018 8cex 3a004, BKAKOYAA ynpassaeHue

Inspired by progress in large-
scale language modeling, we
apply a similar approach towards
building a single generalist agent
beyond the realm of text
outputs. The agent, which we
refer to as Gato, works as a
multi-modal, multi-task, multi-
embodiment generalist policy.
The same network with the
same weights can play Atari,
caption images, chat, stack
blocks with a real robot arm and
much more, deciding based on
its context whether to output
text, joint torques, button
presses, or other tokens.



TpaHcghopmep Ona

GATO: yHuBepcCanbHbIN areHT
ecex 3000'4, 6K/1I040A ynpaesieHue

Multi-modal
JaHHele ecex modanbHocmeii nepesodamcs 6 f:‘-"': = = |
eduHoe yHueepcanbHoe npedcmassaeHue u — L L +3¢ppekmusHoe
nomom obpabamelearomca coeMmecmHo npedobyyeHue
nymem
T T MacKupoeaHus
Observation moKeHoe
B Action +* +
Tenepb u delicmsus 6 RL! I I
Fixed prompt (optional Agent
P P ( P } € 5 A Generalist Agent, DeepMind, 2022
aBTOMaTnyeCckKoe UHTENNEKTYA/IbHOE 2022:
nepenomHbIi TpaHcdopmepsbl, LLM, LLM-AreHTbl...

yrnpaBaeHue yrnpaBieHue

CEHCOpPHble AaHHbIE, MOMEHT

CUTHaNbl CBA3U, YNC/IEHHbIE U3MEPEHUA,
nepemeHHble coctoaHmnAa OY n CAY,

Terlepb BCe 3TO NPOCTO MOA4a/IbHOCTU, U nobole
3a4a4n B 3TOM npegameTtHOM noje pelaroTCa Kak
3a4d4YN KOMN/IEKCHOIo aHa/in3a U CUHTE3a
MYyNbTUMOA4A/TIbHbIX AdHHbIX

, MaTemaTuyeckme
MOAEeNN, anropuTMmbl 06paboTKM MHPOpPMaL MK, ANTOPUTMbI U
NPOrpaMmbl yNpaBaeHUA, KOMaHAbl YNPaBAeHUA,

3peHune CUTHa/bl ynpaBaeHua HaBUraums

MHoroobpa3sue npeamMmeTHbIX CYLLHOCTEN U METOA0B YHUULUMPOBaHHbI NOAX0A K peLueHuto Bcex 3aaay



UniAD: oby4yeHne aBTOHOMHOMY BoOXaeHuto end-to-end BosmosxHa nu

L . . : YHUeepcarsibHasl
Pipeline of Unified Autonomous Driving (UniAD) cemb Ans
npakmu4yeckou
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< / \

N « Agent-level

KV Feature 3aaaqu

B Track Q ‘ 0 h p ;
KV Motion | T npaesieHuUs1?
” @) — @ — T g .| OccFormer ] > Planner ynp

Multi-view Bird’s eye view Map 0 L T I

Vision-only Input Feature . — D 1 " _—
cene-leve
= Mangier E Occ @ Feature
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dBTOHOMHOIO
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Planning-oriented Autonomous Driving, Hu et al., 2023



LLM B RL

u pobomomexHukKe



PE: NMpozpammupoeaHue Ha LLM 0ns

GITM: Large Language Model is all you need U3GAEHEHUR U IPUMEHEHUS SHAHUI]
RL KaK rpaguneHTHbIN cnyck: yuum seca HC metogom npob u ownbok
RL-based method
“ Q keyboard&mnuse_ o
goal ‘ > W ‘ ~ o
‘ h‘_________ J//

observation

RL Agent Environment

his work makes significant
progress towards the
ObtainDiamond challenge,
outperforming all previous
methods by a significant
margin (+47.5% success rate)

action list keyboard & mouse

‘//,———--‘\l —-\\
iﬂ‘\ﬁ LLM Interface
R i S
feedback

observation

(g) sme.

sub-goal tree LLM Planner structured actions Environment

RL 6e3 rpagueHToB: LLM, rnaga B8 onucanue urpsol (Wiki Minecraft) BbinonHser
aBTOMaTUUYECKoe uepapxuyeckoe naaHMpoBaHue (NOCTPOEHUE AepeBa pPeLLEeHUN),
KOTopoe B uuKae npob u ownbok HaxoauT NyTb K 3aA4aHHOM LLenu B urpe

Ctparer* pasbuBaer 3agauy Ha 4acTy,
TakTuk* nnaHupyer gencresusa, Urpok™
urpaet, Habaogatens™ onucbiBaer onblr.
=> U TaK B UUKNe A0 AOCTUXKEHUA Luenm
*Bce oHM — 3anpocbl K GPT-3.5!

(a) Shelter with Farmland (b) Iron Golem (c) Redstone Circuit (d) Nether Portal

Ghost in the Minecraft: Generally Capable Agents for Open-World Environments via Large Language Models with
Text-based Knowledge and Memory, 2023.



Describe, Explain, Plan and Select:
Open-World Multi-Task Agents

Instruction
¥
(Re-)Planner Explainer
LLM® explain LLM*
I %
plan P, description d;

! I

Selector Descriptor
HPM VLM
I t
goal g, feedback
Controller

Goal-conditioned Policy

obst 1 action

obs

Environment

PE: NMpozpammupoeaHue Ha LLM 0ns
u3sesnevyeHus U npumeHeHuUsa 3HAHUl

Task instruction: Obtain a diamond 4} in Minecraft survival mode step-by-step?

Initial Plan Py: “ ﬁ..ﬁ—)‘
-> /—> ;n-x-»ﬁ—>@—>ﬁ —:rc,} 1

Candidate goals: ..’;
Selected Goal g1: [ x 4

The agent locates in the birch forest,
which only has birch wood.

5; Agent

Description d, : I succeed on goal 1-5. 1
fail on goal 6, mining 3 @ with 2 .
Now my inventory has 5 planks, ...

Explanation: Because mining ‘ needs to
use at least A, which I do not have.
So I need to craft /b first.

Updated Plan P,:
?-:»,a—»‘ee»«;;;.;—»,%—»@
1 3 1 1

Selected Goal
gt . x 3
no other choices

Description d,: I succeed on goal ... I
fail on smelting 3¢5 from 3 ‘ \ on‘.
My inventory now has 3 iron ore, ...

Explanation: Because smelting 2> needs
to use ‘ and @ , which I do not have.
So I need to craft . | first.

Task Finished !
\

Fimshed Plan Pp: S~

‘—} ‘—)..—)@—) f»ﬁ—»@

@ Mine oak wood £33 Mine birch wood ) Craft acacia planks @ Craft crafting table /Craft stick ) Mine iron ore i Mine coal @ Craft furnace (3 Mine diamond

Mine acacia wood [l Craft oak planks i) Craft birch planks P4 Craft wood pickaxe P Craft stone pickaxe Mine cubblestﬂne(:.} Smelt iron ingot /3 Craft iron pickaxe
@] e planks (g planks 4 pickaxe /4 pickaxe ) 7 pi

DEPS facilitates better
error correction on

initial LLM-generated plan
by integrating description
of the plan execution
process and providing self-
explanation of

feedback when
encountering failures
during the extended
planning phases.
Furthermore, it includes a
goal selector,

which is a trainable
module that ranks parallel
candidate sub-goals based
on the estimated steps of
completion,

consequently refining the
initial plan.

1t zero-shot multi-task agent: 70+ Minecraft tasks, x2 overall performances
Describe, Explain, Plan and Select: Interactive Planning with LLM Enables Open-World Multi-Task Agents. 2023.



Reflexion: Verbal Reinforcement Learning

Algorithm 1 Reinforcement via self-reflection
Agent - .
g Initialize Actor, Evaluator, Self-Reflection:
External feedback ﬂ'f.af ﬂ:fea ﬂ'fs'r -
Self-reflection (LM) Initialize policy 7 _(a.i s4), 0 = {M,, mem}
Internal \ / Reflective Generate initial trajectory using mp
feedback L= Evaluate 7o using M,
) Generate 1nitial self-reflection srg using M.
Evaluator (LM) | Experience Set mem < [sro] =
(long-term memory) Sett — 0
while 1/, not pass or ¢ < max trials do
1. Trajectory _{ Actor (LM) 1| Generate 7, = [ag, 0g, . . . a3, 0;] using 7y
IR IIEIEL Evaluate 7+ using M,
Generate self-reflection s7; using Mg,
Append s7¢ to mem
Increment ¢
end while
—Obs / Reward — Environment -— Action return

Monpo6osaTb, onpeaenuTtb, B Yem owmnbKa, 3aNOMHUTb, HAUTU HOBbIX NJ1IaH C YY4€TOM ONbITA

Self-reflection (LLM) generates verbal self-reflections to provide valuable feedback for
future trials. Given a sparse reward signal, such as a binary success status (success/fail),
the current trajectory, and its persistent memory mem, the self-reflection model
generates nuanced and specific feedback, which is more informative than scalar
rewards, is then stored in the agent’s memory (mem).

Reflexion: Language Agents with Verbal Reinforcement Learning, Shinn et al. 2023.

Bep6anbHbin RL

This is akin to how
humans iteratively
learn to accomplish
complex tasks in a
few-shot manner —
by reflecting on
their previous
failures in order to
form an improved
plan of attack for
the next attempt.

RL 0n5a NN: onepaHmHoe
Hay4yeHue (KaK 0na

6eccnosecHbIX HUBOMHbIX)
RL 0nsa LLM: ckaxcu, 8 yem

owubka! (Kak yenoseky)



In-context Reinforcement Learning with Algorithm Distillation | KoHTekcTHbin RL

30ecb udem o co3daHuu npedobyyeHHoU hyHOameHmManbHou mooenu 015 RL!
Data Generation

Anroputm RL yunrtca yumntbes, AD is the first
Tosk ] I | AUCTUNNUPYA onbIT npowabix RL method to
as
. | RL algorithm demonstrate
rask 1 () ( ) learning histories in-context
as = (09, a9,70,01,01,71y...,07, AT, T .
T e e A Otanuma ot Open-ended-learning reinforcement
e .  Offline RL (Ha uy»ux ownbKax), learning via
o learning progress a He Online RL (Ha cBoux) sequential
Model Training *  KoHTeKcTHbIl RL modeling of
00 || ag || 7o | wvrevnnn. 0r—1| laz—1| [71-1]| o Predict actions using offline data
across-episodic contexts with an
l l l l l l l imitation loss
Causal Transformer B PB(at‘ht—la Ot)

Algorithm Distillation (AD) has two steps — (i) a dataset of learning histories is collected from individual single-task RL
algorithms solving different tasks; (ii) a causal transformer predicts actions from these histories using across-episodic
contexts. Since the RL policy improves throughout the learning histories, by predicting actions accurately AD learns to
output an improved policy relative to the one seen in its context. AD models state-action-reward tokens.

Laskin et al. “In-context Reinforcement Learning with Algorithm Distillation” (2023)



Eureka: Human-Level Reward Design via Coding Large Language Models

CumBonbHbIM RL

Reward Term

Formulation

Dexterity
Minimize distance
Maximize distance

Minimize orientation

~[lpy = pall2
I — p2ll2
2 arcsin(min(||v(g142)|[2. 1))

AllegroHand
Minimize distance
Maximize distance

20 Tasks)

Minimize orientation difference
Maximize orientation difference

=g = p2ll2

lpr — p2ll2
1/(|2 arcsin(min(|lv(q142) [l2, 1))] + €)
—1/(|2 arcsin(min(||v(q142) |2, 1))] + €)

Ant
Torso height

CMMBO/IbHDbIA ool

|h h;l

~lvzyllz — il

—0 — 04

Angle to target
R L Anymal

Minimize difference

exp —(z — z¢)?

BallBalance
Ball position
Ball velocity

/(1 + llp = pell2)
/(1 +[[v — vll2)

Cartpole
Pole angle
Pole velocity
Cart velocity

—(0—6.)
—lv — vy
—|v — v

Evolution-driven Universal REward Kit for Agent ( EUREKA)

FrankaCabinet
Minimize hand distance
Maximize hand distance

Drawer extension

Algorithm 1 EUREKA 1. Human-level performance on reward design.

~lpy = p2ll2
lpr — p2l
—lp—pd

Humanoid
Torso height
Torso velocity
Angle to target

1. Require: Task description [, environment code M,
coding LLM LLM, fitness function F', initial prompt prompt

2. Solves dexterous manipulation tasks that were
2: Hyperparameters: search iteration /V, iteration batch size K

—|h = hy|
~llvzyllz — vl

16 — 64

previously not feasible by manual reward
engineering.

3: for N iterations do

// Sample K reward code from LLM
Ri,...,Rx ~ LLM(l, M, prompt)

// Evaluate reward candidates

Quadcopter
Quadcopter position
Upright alignment
Positional velocity
Angular velocity

3. Enables a new gradient-free in-context learning

/(1 + [lp - pl3)
/(141 —n.|?
/(1 + [lv —wl3)
/(1 + ||l — will3)

§1 = F(R]), e SK = F(RK)

// Reward reflection

prompt := prompt : Reflection(Rp.., Shest)
where best = arg maxy, si, ..., SK

10: // Update Eureka reward

ShadowHand
Minimize distance
Maximize distance

approach to reinforcement learning from human
feedback (RLHF) that can generate human-aligned
reward functions based on various forms of human

v e

Minimize orientation difference
Maximize orientation difference

—=[Ip1 = p2ll2
l2r = p2ll2
1/(|2 aresin(min(||v(g1g2) |2, 1))| + )
—1/([2aresin(min(||v(g142)||2, 1)) + €)

. _ n n . n
11 . REureka-; SEureka — (Rhesta 'Sbest)v if Shest > SEureka

12: Output: Rpyreka in pUtS.

Eureka: Human-Level Reward Design via Coding Large Language Models, 2023

Asmomamuyeckuli nodbop reward 0aa RL
c ucnosv3osaHuem LLM pedgnekcuu!



(a) Unseen Objects

Vision-Language-Action Models: chywan, cmotpu, paccykpau, genau!

Mony4aer
3anpoc,
Paccyxpaer,
MnaHupyer,
Mepesoaut
obwue
YKa3aHuA B
KOHKPETHbIN
nnaH
DEeNCTBUM,
BbinonHser,
MpoBepsaer
pe3ynbrar !

b) Unseen Backgrounds

~
(a) Reasoning

.
X ——

objects together

Plan: Move green

can near gree
rice chip bag
User
@ Move the blue
bj gether

Plan: Move blue
chip bag near
pepsi

User
® I am sleepy, bring
me a drink to
(c) Human help.
(b) Symbol Understanding Recognition Plan: Pick redbull
/ can

p S

RT-2 is a VLA that combines robotic control with
chain-of-thought reasoning to enable learning long-
horizon planning and low-level skills within a single model.

" V' _\ ¢ > . "‘.
B U= =2 WS
Unseen Environments

RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, DeepMind, 2023




AutoRT: pyHaameHTanbHblie mogenu PTK ¢ camoobyueHnem + 3akoHbl ASUMOBaA

CamoobyyeHue mobunbHbIX pobomoe 8 pusuyecKkom mupe

. 1. Exploration

| S

Map envircnment and move
close to objects

2. Task Generation

Describe scene and objects (VLM)

3l I see ¢ counter top with a
sponge and cloth on it

Objects: chip bag, napkin,
snack, cloth, sponge

L

— Repeat
< process

p 5. Data Diversity Scoring \

“ﬂ

|

y

—( 4. Data Collection ]‘ =
ﬂ
20 x &

[Wipe dowin the
countertop

with the

sponge | <

20 PTK cobupaloT gaHHble

..

Generate tasks (LLM)

e

1. Wipe down the countertop with
the sponge

2. Place the snack onto the
countertop

3. Place the nopkin ontoc the
countertop

4. Open the chip bog

(1) ABTOHOMHbIN POHOT HAXOAUT MECTO C HECKONbKMMM 0O BEKTAMMU.

(2) VLM onwucbiBaeT cueHy 1 ob6bekTbl ans LLM.

(3) LLM npeanaraet poboTy pasnyHbie 334341 1 peLlaeT, Kakue 3a4a4u
POB6OT MOXKET BbINO/HATL €3 NOCTOPOHHEN NOMOLLM, 3 Kakne
HEBO3MOXHbI, NpexKae Yem caenatb Bblbop.

(4) BbinonHseTcAa BbibpaHHaA 3a4a4a, cobMpParoTCA IKCNEPUMEHTA/IbHbIE
[laHHble U OLLEHUBAIOTCA AaHHble MO X pa3Hoobpasuio/HoBU3HeE.

[u 8ce smo 8 yukne!]

—

L

o

. Human teleoperator needed &

. Robot can complete &

. Robot can complete &

. Not possible: requires two
arms

W

" S

Select valid task for AutoRT |

AutoRT —
ABTOHOMHDI
po6ort. OH
OorpaHuuyeH
«KoHcTutyymei
po6oTa», KoTopas
BXoauT B 6a30Bbliii
NPOMNTUHT LLM —
31O Habop
ycnosui
6e3onacHocTy,
KoTopble
Heobxoanmo
cobaopatb.

3Tn npasuna
YacTUYHO
OCHOBaHbI Ha
«Tpex 3aKoHax
pPO60TOTEXHUKU»
Aizeka AsumoBa.

Mpotokonbl 6e3onacHoCcTU ana camoobyyatowmxca PTK:

FOUNDATIONAL_RULES =

F1. A robot may not injure a human being.

F2. A robot must protect its own existence as long as such protection does not conflict with F1.
F3. A robot must obey orders given it by human beings except where such orders would
conflict with F1 or F2.

SAFETY_RULES =

S1. This robot shall not attempt tasks involving humans, animals or living things.

S2. This robot shall not interact with objects that are sharp, such as a knife.

S3. This robot shall not interact with objects that are electrical, such as a computer or tablet.

EMBODIMENT _RULES =

E1. This robot shall not attempt to lift objects that are heavier than a book. For example, it
cannot move a couch but it can push plastic chairs.

E2. This robot only has one arm, and thus cannot perform tasks requiring two arms. For
example, it cannot open a bottle.

GUIDANCE_RULES =
G1. The human command, which the robot should follow if given: {guidance}

TenecHble pyHAAMeEHTaIbHblIE MOAEIN KaK OCHOBA Pob0-areHToB , cNoCObHbIX camoobyyaTbca B NpeAMETHOM MUpe

AutoRT: Embodied Foundation Models for Large Scale Orchestration of Robotic Agents, DeepMind, 2023



Multimodal AGI: 6bicTpbit 1 meaneHHbIX KOHTYPbI YyNpaBaeHuUsA

Cuctema 1: ynpasneHue HenpepbiBHOEe/NapameTpuyeckoe

OYMAMN
MERAEHHBO ...
PEIIAN
BBICTPO

.

OJAHUUIIb
KAHEMAH

HouBuoa ’ padoyan

2anofara naMaTh

CucTema 1
(SHCTPAR)

AeHuBaq,
MeaACHHAR,

IHEPLOAATPATHAR

Input 1

NN\
Input 2 \x{é‘%}é“%}é ‘V
=200, i g g NS
. VV ‘;:" & .

Subgoal decomposition

Multimodal LLM u MLLM-a2eHmoi

Cnocob
obyyeHus:
rpagmneHTHbIn RL

Cnocob
obyyeHuna:
KOHTEeKCTHbIM RL

Cuctema 2: ynpasneHue guckpetHoe/KomaHgHoe



Pabotbl n pesynbratbl locHUUAC
B 0621acTU aHanM3a U cMHTE3a
MHOromoaaibHOU U

MHoOrocnekTpanabHou UHPopmauum

8 3a0a4ax c030aHUA U ompabomkKu cucmem
yrnpasneHuUsa noo8uXHbIMU 06beKmamu:
JIA, BJIA u epynnei B/IA, PTK u epynneil PTK, BCTA



CemaHTnKo-mopdonoruyeckum
aHanu3 nsobpaxxeHun

(Ha cmbiKe mamemamuyecKux
U Helipocemesbix Mooxo00s)

1O.B. Bu3zunemep, C.10. }Keamoe



Monhonoruyeckue MeToAbl aHan1M3a MHOIOCNEKTNaNbHbIX AAHHBIX ANg aBUaLMOHHbIX CYB

Komnnekcuposanue nsobpaennii OpUrMHaNbHble aArOPUTMUYECKME peLleHms
Ha ocHose dugghy3Hol mopgponoauu

B3anmHana npusaska TB u UK nsobparkeHum
Ha ocHose Ougghy3Hol mopgonoauu

Buammeblii gnanasoH

MK 8-14 mKm KomnnekcnposaHue ‘ Buanmbliii gnanasoH (TB) WK 8-14 MmKm
MIF.G) K (F.G)
dunbTpauma nomex ¢ coxpaHeHnem ¢popm
Ha ocHose ougghy3Hol mopghonozuu ‘) e i
0.08

0.06

0.04

0.02

MK 8-14 MKm Pe3ynbTaT anddysHom Bu3sunemep KO.B., M{enmoe C.10., BycypuH B.U. CoBpeMeHHbIN
dunbTpauumn

MOP®ONOrMYECKUil aHaNN3 U ero MPYMEHeHMEe B aBUALMOHHbIX
HEEEE EEE EEm
|G rochiviac B g N CMCTEMAX TEXHUYECKOTo 3peHns. — M.: M3a-so MAMU, 2020.




Kak maTemMaTmnyeckne mopdosiormm cBAasaHbl C COBpeMeHHbIMU METOJaMM Ha ocHose U

Mopdonormueckunmn Marematunueckue Moneimka nodeecmu umoe
aHanus MNbiTbeBa mopdonorum Ceppa MHO02071eMmHUX UCCaed08aHUll

‘ ‘ Bu3unemep FO.B., Y{eamoe C.1O.,

2002-2014 (Busunemep, *eamos, lopbauesuy, CudsxkuH, Pybuc, bycypun B.1. COB?emeHHb'ﬁ
Jlebeoes,...) 0606weHHble MOPPONOTrUKU: CENEKTUBHDIE MOPGONOrM4ECKMIA aHANN3 1 ero
Mop@O0ruun, NPOEKTUBHbIE MOPPOIOTUKN, MOPPOJIOTUYECKUN
aHa/nU3 CBMAETENLCTB, KputepuaabHble mopdponormun, agnddysHbie
mopdonormm, KomnapatmeHbie n YM-mopdonorumu...

NPUMeHeHNe B aBUaLMOHHbIX
CUCTEMAX TEXHUYECKOrO 3peHUsa. —
M.: sp-so MAU, 2020. | |

nybokune HeMpoHHbIE CETU NPEBOCXOAAT BCE MEeTOAbl aHa/In3a U306parkeHUuu

(S0

| _i [pobnema BHoGb g
| «Hernpo3pavyHocmu» MO3AUHIHbIE lTompe6Hocme ewje pas
2012-15 o | posp mooenu » nepeocmbICIUMb OCHOBAHUSA
N 7 THC .
7 usobpaxceHuu! MO3auYHbIX Mopdghonoauii
Peanusauuma CemaHTUKO-mopdonornyecKkmi
Mop¢dOoNOorMyecKkux Nnogxo[0s aHanu3 (cemaHTUUYeCcKan
yepe3 NHC cermeHTaumsa + mopdonorusa) S T

2016-20: MpaHT PH® Neo 16-11-00082: «Pa3paboTKa METOAOB... Ha OCHOBE Kak coename THC
mop¢onormyeckoro aHasansa usobpakeHum n malwmHHoro obyuyeHmna» «IpPO3pavHbLIMU» ?




OT MmopdonorMyeckoro aHanmsa u3obparkeHmm K Teopmum NPOCTOTbI

MHCTpyMeHTbl aHanu3a u cpaBHeHUs Gopmbl
NPOCTPAHCTBEHHO pacnpeaeneHHbIX AaHHbIX

G

)

- Popmbl-pa3bmeHmns

- Mopd. onepatopbl

CpaBHeHue no popme

dopmblI-OTHOLLEHUA

CpaBHeHMe no cxoacTsy

Hi(F)

[1pOoeKTUBHbIe onepaTopbl

|— dopmbl-Knaccel

| e — 7o |lg /| 76— 7o [|La =

YeTkne popmbl

[eomeTpuyecKkoe cpaBHeHne

CpaBHeHMe popm

CpaBHeHMe Mo CNOXKHOCTU

Onddy3Hbie onepaTtopbl

=d.,(FO) / d,(1,0)

Il

Mopd. kKoppenauyma popm

/)]

HeueTkne dpopmbil

CraTuctmnyeckoe CPpaBHEHUE

S —

1 - K,(FO)

—| MeTpuKku ¢popm

Pe3ynbmam-2020: Bce uHCMpymeHmMoi MO3aUYHO20 MOP0s102UYECKO20 AHAAU3A

2021: ece amo MOXHO ceecmu K 00HoU 6a3o8oli cyuyHocmu — mopgono2uyecKoli npocmome

0KQA3as1UCb €8A3AHbI OOHUM MOX0ecmaeom




[1pOCTOTa Kak BHYMpeHHAA reomeTpuyeckan BepoAaTHOCTb. Npoctota n CNN

[lpocmoma ¢opmebi — 3T0
reomeTpuyeckas BepoATHOCTb ANA
C/ly4aliHOM Napbl TOYEK NONACTb B OAHY
obnactb AaHHOro pa3bueHus.

F F1 F2 G Gl | G2 | G3 CosmecmHaa npocmoma Asyx Gopm —
o e o |le 5TO BEPOATHOCTb C/Iy4aliHOM Napbl TOYEK
nonacTb B 04HY 061aCTb pa3bueHus B
o6enx dopmax OAHOBPEMEHHO U TaK
Mo3aunyHble popMbI U UX NPOCTOTA nanee.

H. i_l CI(F) - Zi:1,..,n pFi2
il E

MpocToTa - 3T0 MOPO102UYECKAA UNN
8HYMPEHHAA 2eoMempuYecKas
8epOSMHOCMb, CBA3AHHAA C

[ b ]
|l||l1-|p.|-r|: 2z
CMER ATy
Ty

".".lllh.' I B |

Mmopdonormen (BHyTpeHHen reomeTpmnen)

JAHHOW KOHKPEeTHOW GpOpPMbI, a HE CO

I CTaTUCTUYECKMM aHCambnem popm nnu
K/laccom n3obparxkeHnim naHHoM GopMbl.

q
=

AETAT T H e TR T

Mo3anyHble popmbl 1 Ux cBA3b ¢ CNN
(cermeHTayms, reHepaumna, o6paboTka U aHaNM3 N3006paKeHUIN, B TOM YNCNE MHOTOCNEKTPaAbHbIX)




Pe3ynbTaThl UCCNeaoBaHUM NO TEME B paMKax npoekta HLUOM

2022 e BeBesieHbl Mopghosnoauu uzobpaxceHul (Ougpgy3Has u npoeKmueHas) Ha OCHOBE MO3aUYHbIX
NOKPbITUIN CO BCEMU paHeEE U3BECTHbIMU MHCTPYMEHTAMM CpaBHEHNA dopm 1 nNo dopme.

2023 e BBeaeH ¢hopmManu3m moyeyHblX NoKpbimul, KOTOPbIX MO3BONAET PACnPOCTPaHUTb TEOPUIOD

NPOCTOTblI U MHCTPYMEHTbI MOPPONOrMYECKOTO aHaNAN3a Ha WUPOKUU Kaacc mopgoanozull, B TOM
4Yncne HenpepbIBHbIX M HEYETKUX.
e BBeaeHbl Heyemkue mooesu cxo0cmaea U Kaaccbl hopm AN ONUCAHUA HECETMEHTUPOBAHHbIX
NaHHbIX (n306parkeHunit), No3BoAAOWME HENOCPeACTBEHHO OLEHMBATb WX COOCTBEHHYIO
NPOCTOTY M COBMECTHYIO MPOCTOTY C PopmMamMu, 3a CYET Yero Mopdosiormyeckan Koppenaums
n3obparkeHnnm n popm morket bbiTb onpeseneHa U BbluncaeHa 6e3 obpalleHUAa K NOHATUAM
«ornepaTopa» u «KNPoeKUUn», UCKNYUTENBHO MHCTPYMEHTaMKM TEOPUM NPOCTOTHI.

2024 e Ha ocHOBe Mepbl MNPOCTOTbl KaK CMPYKMypHoOU 8epoamHocmu  NpeanorKeHbl
COOTBETCTBYHOLLME MHCTPYMEHTbI aHa/IN3a CETMEHTUPOBAHHbIX U HECETMEHTUPOBAHHbIX AAHHbIX
Ha OCHOBe cmpyKkmypHoU uHgopmamusHocmu (aHaNoOrM MHCTPYMEHTOB TEOPUU MHPOPMaLMK).
e Ha ocHOBe MOAe/ I TOYEYHbIX MOKPbITUIM NOAXOA PACNPOCTPAHEH HAa Apyrue TUMbI
MaTemaTnyecknx mopdonormm: mopdosnorum Ceppa, Xab-mopponornmm, CTPYKTYPHbIE MOAENN C
HanpPaBAeHHbIMU OTHOLUEHUAMMW, TEH30PHbIE MOAENN OTHOLLUEHWUI, CMELIAaHHblE MO3aUYHO-
dUrypHbie moaenu u 1.4,

Busunbrep 1O. B., bpaHckuii C. A. Mopdonoruyeckoe cpaBHeHne popm U nsobpakeHnit Ha OCHOBe TeOpPUMU
NPOCTOTbI U MOAENUN TOYEUYHbIX NOKpbITHiA, BKUT, 2024



Pe3ynbTaTbl UCCNEAOBAHUM MO TeEMe B pamKax npoekta HUPM

MNpepnoXeHbl:

» ®opmManu3m ToUEUHbIX NOKPbITUIA, KOTOPbIA MO3BONAET PACMNPOCTPAHUTb TEOPUIO MPOCTOThI
N MHCTPYMEHTbI MOPHONOrMYECcKoro aHaamn3a Ha LWKUPOKUIN Knacc MopdO/IoTUiK, @ UMEHHO:

» B MOJe/lb TOYEYHbIX NOKPbITUIM BKNAAbIBAETCA He TONIbKO Mopdosiorua MNbiTbeBa, HO U
MM Ceppa u gp., T.e. UHCTPYMEHTbI ByAYT eANHbIMU ANA MOPPONOrnit PasHbIX TUMNOB;

» TaKol noAaxoa No3BoAsAET NepeinT oT NPOCTOTbl GOPMbI B LIEJIOM K MPOCTOTE KaK mepe
Ha TOYKax KaZipa — BHYTPEHHeMY pacnpeaeneHunio 10KalibHOM TOYeYHOM NPOCTOTblI;

» TaKom noaxod Aaet BO3MOXHOCTb NOCTPOEHUA Ha OCHOBE 3TUX pacnpep,eneHm‘/i
Pa3/1nyHbIX coaepPHKaTE/IbHbIX MOpd)OI'IOI'M‘-IeCKVIX CTaTUCTUK,

> TaKkom noaxoad 3To AaeT BO3MOXKHOCTb BBECTN OUEHKU MPOCTOTbl U CPaBHEHUA MO
cl)opme He TOJ/IbKO CETMEHTUPOBAHHbLIX, HO U HECETMEHTUPOBAHHDbIX AdHHDbIX;,

» KBaa-HopmasbHble (ecTecTBeHHble) HeYeTKMe MoaeNn CXoACcTBa AN1A ONUCAHUA
HecermeHTUPOBAHHDbIX AaHHbIX (M306paXkeHuin), No3BoNAOLWME OLEHUBATbL UX MPOCTOTY U
COBMECTHYI0 NPOCTOTY C popmamu;

» MpoeKTuBHaa mop¢donorna HeCTPOrmx NONYTOHOBbIX GOpM, NO3BONAIOLLLAA CPAaBHUBATb
HecermeHTUpPOBaHHble N306pakeHusa no popme;

» Cnocobbl cpaBHeHUA GoOpM HecermeHTUPOBAHHbIX U306paXKeHUit Ha ocHoBE
MOPPONOrMYecKkuUxX KoaPpPrLUMEHTOB KOPPENALMUM, @ TaKKE anOCTEPUOPHbBIX U YCTOBHbIX
OLLEHOK NMPOCTOTbl 63 06paLLEeHMS K NOHATUAM «ONepaTopa» N «KNPOEKUUNY,
NCKNOYNTENBHO MHCTPYMEHTAMM TEOPUM MPOCTOTHI.

be3 npoeKkTopoB
CBAa3b MMKu ¢ MKK

Kic*(9,F) = || Peglxy) = Pogxy) [12/ 1] alxy) —Poglxy) | %= .
=210 (algnF) —qlg) a(F)) / (p; 1(g)) = (Kp(g,F) —alg) ) /nlg) | °

3HauMmble NpAMbIe [

ToyeuHoe nokpbitue @y (b)

lMpumep L-popmeol BTIT
lMokpsimue 160l MoYKu —
0b6veduUHeHuUe 8Cex MoYex,
A1eHAWUX Ha MPOX00AUUX
yepe3 Hee 3HAYUMbIX MPAMbIX



Pe3ynbTaTbl UCCNEA0BAHNM NO TEMe B paMKax npoekta HUPM

Cmpykmypnasa IHmponus OcHogHble c80licmea cCHPYKYPHOU IHOMPONUU'
IIpocmoma T04€4HOTO TOKPHITHS D y: 1. Heompuyamenvrocmeo.
() = mean, ., (D). (@) <(0,1] = - 10g, A(P(y) > 0= V() > 0
Cmpyxmypnas shmponus Y(D): 2. [Ipocmetiwasn chopma O umeem Hynesyo sHmponuio.
Y(®@) = mean, q, Y(P ) = —Mean, _q, 109, 4(P ), 4(O))=1= - log, q(O(,)) = 0= Y(O) = 0.
Y(D,) =—l0g, a(D,), 3. Toueunoe pazbuenue | umeem MaKcUMAanrbHyO IHMPONUIO
rine Qo ={aed: @, # J < (D) >0} - log, S.
HOCHTEITh POpMBI D. q(l»)=1/S = - log, q(I ,) = log, S = Y(I) = log, S.
Bzaumnaa cmpykmypnas sumponua ' n @ 4. Unouxkamop uoenmudHocmu.
Y(I'n @) =mean, q Yl (5 N D) = Ecimm @=I", To Y(®) = Y(I).
= mean,_, log, Q(F(a) A Cb(a))- 5. AooumueHocms 01 He3ABUCUMBIX opM.:
Venoenas cmpykmyprnas snwmponust I OTHOCUTENBHO D: YI'N®D)=Y() +Y(D).
Y(I'| @) =mean, o Y(I o | D) = 6. Aooumuenas cés3b 63aUMHOU U YCIIOBHOU IHMPONUL:
=—mean, q 109, QI 7, | Dy)- YT N@)=XY{IT"|D)+Y(@)=Y(@D|I)+Y({).

Takum o6pazom, Y(D | I') BeIpakaeT TOTOTHUTEIBHYIO CIpyKmypHyto uhgopmayuio, Kotopyro Gopma @ npuBHocUT B [ ND

JTOTIOJIHUTEIILHO K UCXOJIHOU cmpyKkmypHoU ungopmayuu, Coaepxapiencs B /.



Pe3ynbTaTbl UCCNEA0BAHNM NO TEMe B paMKax npoekta HUPM

MKK®

YCO

a) cpasHeHnue ¢ npocmeiuel popmotu
oaem npocmomy

Kv*(@,0) = q(®);

0) acumMmempuyHoOCms

Ky2(I,®) = K\ 2,1

8) UHOUKAMOP Modicoecmaa hopm
Ky*(@,D) =1;

2) UHOUKamop ynopsi0o4eHHocmu hopm
1O CILOACHOCU

Ky (@) =1 T'c &

Ku2(@,1) =K (D) =1 T'= @;
0) UHOUKAMOP HEe3a8UCUMOCIU hopM
Ky?(l, @) =0 <= K@) =0 <

< qU'n @) =q) q(D).

@) cpasHeHrue ¢ npocmeuiuel hopmou
oaem SHMpPONUIO

Y(@|0) = Y(P);

0) acumMmMempuyHOCms

Y| @)= Y(@| 1),

8) UHOUKAMOP Modicoecmaa opm
Y(@| D) =0;

2) UHOUKamop Ynopsi004eHHOCmu hopm
1O CILONCHOCIU

Y(@|I)=0<Tc D,
Y@|D)=Y{"|D)=1=T=d;

0) UHOUKAMOP He3a8UCUMOCU hopM
Y| D)=YD)=Y(@|)=Y(D) <=
< U’ @) =q) q(D).

CpaBHeHUE YCI0BHOM CTPYKTYPHOH
yuTponuu (YCI) Kak cpeoneco MuHyc
jo2apugma  yCIOBHOMU
mopdonornyeckum KK dopm (MKKD)
KaK cpeoHell YCIOBHOM MPOCTOTOM:

Y(I'| @) = —mean,q, 109, A(I 5 | D)

Ku*([, @) = —mean,q d(/ o | Dgg).

Takum 00pa3oM, yCJIOBHasi CTPYKTypHas

MPOCTOTBHI €

yHTponus (YCI) MokKeT MCIO0JIb30BATHCS B

KayecTBe (PYHKUHMOHAJBHOIO  aHAJIOra

MOP(OI0rH4eCKOro K03 punuenta
koppessinuu Gopm (MKK®) B pazan4HbIX
3ajayax cpaBHeHuss ¢opM BO Bcex
ONMCAHHBIX BbIlIEe THUNAX MopdoJioruu, B
KOTOpPbIX Mojeau (GOpPMBbI OIUCHIBAIOTCS B

BUJIC TTIOKPBITHN.



Pe3ynbTaThbl U 3a4a4M JaNbHENLLNX UCCNEA0BAHNM NO TeMe B paMKax npoekta HUOM

{-npocmoma u hpaxkxmanovnaa t-a3umponu

t-npocmoma nns ciiydass TPOW3BOJBHBIX MYIJIBTUILIECTOB (t-n1emos). reoMeTpuduecKas

BEPOSITHOCTH TOTO, 4TO t ciyuaitHbix Touek BTII A (t-nzem) momamior Ha ogHY TpAMYO U3 L, !

O PaL) = MeaAN, p Uagy(Par) = MeANp Xicy | oy L(@EIA) ZoaLi ™™
B 4acTHOCTH, IPH OTCYTCTBUU NEPECEUCHUS t-3HAUMMBIX IPSIMBIX B A!

Oey(Far) = mean, a Ga(Fal) = Zizl,..,n(t) PeaLi Yae(Far) =

(t-1) =

= Zi:1,..,n(t) PraL)i PraL(i Zi:1,..,n(t) PeaL)i

Cmpyxmypnas t-oumponus Y u(@y )
Y (@) = mean,  Yau(P@a) = — mean, , 109, 0, (Pay)-
B yacTHOCTH, IIpU OTCYTCTBUU IE€PECEUEHHS t-3HAUNMBIX MPSAMBIX B A:
Y o (Fan) = mean, a Yam(Fa) = 2i=1, e Praci Yae(Fal) =
=(t-1) Y(2)(FAL) =(t-1) Y(Fy).

OTHoweHunA bonee 2 snemeHTOB

Pa3

ooooo
° o o

GueHue Fm (Ka)O(Aaﬂ JKeNTanA TOYKa — oT4e/1bHaA 00NacTb,

t-uneapuanmnou cmpyxkmyprnou t-onmponueu Y*(t)(QAL) HA30BEM BEJIIMYHHY:

Y*o(Pal) = Yo(@al) / (t—1) = (= mean,, 109, 0y (D) ) / (t-1).

(13.11)

DTO HANOMHUHACT @OPAKmMaivHyl0 pasmepHocms, KOTOpas HWHBapUaHTHA K MacliTaldy

u3MepeHus. Takyro OIeHKy MOXKHO TaKXKe Ha3BaTh gpaxmanvHol t-onmponueil.

OcHoBHasA 3a0a4a
uccsneo0o08aHuUl:
Hay4yumscs
8bIYUCAAMb
KPOCC-M0OQs1bHYIO
MOpPOa102U4ECKYIO
Koppenayur u
CMPYKMYPHYHO
830UMHYIO/YC/I08HYIO
3HMPOnuo 0714
OQHHbIX PA3HbIX
mooasbHocmel

(u pasHoli cmpykmypei),
ecsu OHU
MOKpPbIBAOM 00UH
rnpeomemeHsil 0OMeH

Hanpumep, mbi naaHupyem moppono2uyecKu cpasHU8amMs U3o0bpaxceHue CYyeHbl U e20 C/108eCHOE OnucaHue



AHann3 n cuUHTe3
MHOTOCNEeKTPa/ibHbIX
n3obpaxkeHnu ana CAY J1A

Modp. B.A.KHAa31, /1a6. [.B.Komapoea, /1ab. B.B.KHA31, /1ab. B.A.lopba4yesa



bopToBad BbluMCNUTENbHAA NNaTiopMa ¢ HeMpoycKopuTenem

B uenax ncnonb3oBaHMA B aBTOHOMHbIX annapartax
BO34YLUHOro U NoABOAHOro 6asmpoBaHUA Koonepaunen
focHUWUAC co3gaHbl aKkcnepumeHTaibHble 0bpasLbl
YHUPULMPOBAHHbIX 6OPTOBbLIX anNMapaTHO-NPOrPaMMHbIX
Bbl4MCAUTENBHbIX NAaTdopm. [MhaTtdopma NOCTPOEHA Ha
6a3e oreuectBeHHOMU JKB.

LileHTpanbHbIM 3n1eMeHTOM NNaTPOpPMbI ABAAETCA
HEeMPOME3OHUH — CMeLMasibHbIA BbIYNCUTEND,
obecneuymBarOLMN peannsaumio HEMPOHHbIX CETEN,
peweHne 3aga4 umppoBor 06paboTKM CUrHANOB U
n3obpaxeHuin (Ha 6aze NM6408 ot HTL, «Moaynb»)

NN EEE .
oCcHLIIAC
| @ rochiac [ S




Co3aanve BUNTYanNbHbIX CLEH

I'Ipumep CueHbl B BUANMOM anMep CUEeHbl B VIH(I)paKpaCHOM I'Ipumep n3 |-|a60pa
Auana3oHe AuanasoHe TMAPOAKYCTUYECKUX AdHHbIX




MeToAbl HEMPOCETEBOIo NOUCKA 06bEKTA HA 306PAKEHVM NO WAGNOoHY

MccnepoBaHbl MeTOA bl HEMPOCETEBOrO NOMCKa 06beKTa Ha

n XeHun n HHOMY LU Hy. PaccmaTpusanu \}/;
306pa e. osa,u,a. omy WwabnoHy accmaTpuBanucy Pe3yNbTaThl TECTOB s —
meToabl SiamMask n SiamTPN. Metog SiamTPN nokasan Transformer Transformer

NPUHLMMNMANBbHYIO MPUMEHUMOCTb 419 AaHHOM 3a4a4u. -mm

SiamTPN 0.730 0.939 b, N h

M 0.674  0.781 ho oY -

Apxutektypa SiamTPN

-
-
Fe i
127%127*1

1%1*(63%63)

I - .

CLs REG

mask

*

Y
=
Q

v
a—>
4

RoW: 1*¥1*256

score

—PSg,—b

25572553

(a) three-branch  variant architecture

CuHTeTUYeCcKN Habop AaHHbIX ApxuteKktypa SiamMask

C2 rocHLAC [




MeToAbl aBTOMATUUECKOI0 MALLIMHHOIO 06YUeHna Ana 3aAaun MHOIOCNEKTPaNnbHOIO AeTEKTUNOBAHNA 00bLEKTOB

3a OCHOBY B3AT aAropuTMm aBToMmaTuueckoro popmupoBaHua apxutektypbl Once-for-All (OFA):

1. ObyyeHme «cynepceTn» ¢ BapMaTUBHbIMKU NapameTpamu (rybuHa, Konn4ecTBo KaHa/I0B M Pa3Mep CBEPTOYHOro AApa)
2. DBOJIIOLUMOHHbIN MOUCK ONTUMANbHOM «NOACETU
ApXUTEKTypa cynepceTtu — Nocae0BaTe/IbHOCTb CBEPTOUYHbIX 6/I0KOB C HAacTpanBaeMbiMKU NapameTpamm (Kaxaom
H610Ke aBTOMaTU4YeCcKn noadbupaetca rmybuHa, KonM4ecTBO KaHa/lI0B U Pa3MEpP CBEPTOYHOrO AApa)
ABTOMaTUUYECKOoe GOpPMUPOBAHUE aPXUTEKTYPbI NPU OrpaHNYEeHNM Ha BpemMmaA paboTbl B 3a4a4e KiaccupumKkaumm

B opurMHanbHbi anroputm OFA ao6aBneHbl HOBble MOAYAU ANA PELUEeHUA 33034 AETEKTUPOBAHUA 06bEKTOB:

CpopmmpoBaHa coCTaBHaAsA CeTb, COCTOALLAA U3 ONOPHOM
CeTn, LWEen U rosIoBbl AeTeKUUU

OnopHas ceTb — ncxogHaa nogbupaemaa OFA-
APXUTEKTYPA A/19 U3BNEYEHUNA KAapT NPU3HAKOB Pa3HOro
MacwTaba

LLlea — moaynb Ha 6a3e FPN c noabunpaembimm
napameTpamu ans 3pPeKTUBHOro AeTEKTUPOBaAHUA
06beKTOB Ha pa3HbIXx MacwTabax

fonoBa — YOLO-mogynb ana npeackasaHua m
AEeKOANPOBAHMUA KNAaCCOB M KOOPAMHAT 0ObEKTOB

TecmuposaHue
Ha 6a3e peasbHbiX OAHHbIX

|
|
|
|
|
1
|
|
|

Lles & [onoga :
S £ 77 R
A 4 4 L v i

WAV,
s 7
L/

TecmuposaHue
Ha npoueccope NM6408

__________________

|
|
|
|
1
|
|
|

PazpabomaHHasa cemos 8 mpu pasa
b6bicmpee npu Mom xce Kayecmeae



HenpoceteBon CUHTE3 MHOrocnekTpanbHbIX U300paxeHUn ans otpaboTkn n odyvyeHmnsa CAY J1A
NMpoekT « CAMNPUP»

 Pa3spaboTka TeXHOsIormm peanncTMYHOro MoaenMpoBaHuUA
n3oopaxeHnn ganobHero HdpakpacHoro guana3soHa (8-14 MkKm)
*  OtnunuutenbHble ocobeHHocTu CIK:
* CTtaTtnctndeckn o60CHOBaHHOE NMOBTOPEHNE XapaKTEPUCTUK pearnbHbIX
OAaTYMKOB HA OCHOBE MaLLUUHHOIMO 0by4eHus
» [lapameTpuyeckoe ynpaBneHne NorogHbIMM yCnoBusiMun, 3agaBaemMoe
OOHUM 3TanoHHbIM N306paxeHNneM NHGPaKpacHoOro aguanasoHa

1. AHanu3s m B
pa3meTka ‘
peanbHbIX

AaHHbIX
. ObyuyeHue
HeunpoceTeBbIX

moaeneu
M3ny4YeHuns
O0OBLEKTOB,
aTmocdepbl U
haTyumka

. CuHTE3
MoAenbHbIX
n3obpaxeHnn

ClK Candup — CI1O CueHa, pesynstaT MOAeNMpoBaHUS

PeanbHasi CbEMKa 13 NETHOIO SKCNepPUMEHTaA



CuHTe3 MHorocrnekTpasrnibHbIX U300paxeHUU ana orpaboTkn n ody4vyeHus CAY J1A

[TocTaHoBKa 3aaa4n cuHTe3a VK nsobpakeHnmn n3 n3odpaxeHnm BMAUMOro amanasoHa

\X

| rL [1

N
1| G D+L y R

150 |
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iy U —
/. CermeHTauus Tennosas NCTUHHBIN PyHKUNA
cerMmeHTauund pesynbrart noTepb

GAN

. BekTop Temneparyp

. MopnensHoe M3o6pa>i<eHV|e/




CuHTe3 MHorocrnekTpasrnibHbIX U300paxeHUU ana orpaboTkn n ody4vyeHus CAY J1A

[Tpmepbl cnHTesa nsobpaxeHnnm ns TB B K

UcTuHoe . . Reduce




CuHTe3 MHorocrnekTpasrnibHbIX U300paxeHUU ana orpaboTkn n ody4vyeHus CAY J1A

[Tpmepbl cnHTesa nsobpaxeHnnm ns TB B K

UcTuHoe Reduce




CuHTe3 MHorocrnekTpasrnibHbIX U300paxeHUU ana orpaboTkn n ody4vyeHus CAY J1A

[TocTtaHoBKa 3aga4un cuHTe3a /K nsobpaxeHnn ns cemaHtnydeckon 3D Moaenm CLUEHbI

O PaccmatpuBaeTca 3agada B criegylollend NOCTaHOBKE: JaHa TpEXMepHad Modernb CueHbl S ¢ TeKCTypamu,
COOTBETCTBYHOLLMMN CEMAHTUYECKMM Kraccam ObbekToB (TpaBa, AepeBO, 34aHMe U T. MN.), AaHbl reoOMeTpUYeckmne
napameTpbl Kamepbl, OaH Hebonbwon OOBLEM HATYPHbIX [OaHHbIX AONS NPOU3BOSIBHOW CLEHbl, coaepXallemn
aHarnorn4yHble Knaccbl 06beKTOB B 1 UX cemaHTu4eckas pasmeTtka A.

0 Tpebyetcsa paspaboTtatb MeToq CMHTE3a MoAENbHbIX N30bpaxeHun f(A), dopmMupyroLMn MoaenbHble n3obpaxeHnsa B’

MaKCUMaribHO TOMHO COOTBETCTBYIOLLME peanbHbIM n3obpaxeHusm B.

Oby4yaemas nobaBska
—— K cTaHgaptHomy 3D
MOOENMNPOBAHUIO

feHepaTOp

StyleFlow

CemMaHTuM4yeckasa pa3MeTKa
MogenbHble n3obpa>keHus



CuHTe3 MHorocrnekTpasrnibHbIX U300paxeHUU ana orpaboTkn n ody4vyeHus CAY J1A

dyHKUMOHaNbHasa cxema MeTofa HEMPOCETEBOIO MOAENMPOBAHMS

>

B
||

03C HaTypHble AaHHble MopenbHble n3obpakeHus

[eHepaToOp
StyleFlow

N Becosble
KO3 (PULNEHTHI

ObyyeHue

ncTorpamma
KOHTPacToB

[eHepaToOp
StyleFlow

CemMaHTU4yecKas pa3meTKa
MogaenbHble n306paKNHNS

FocHMMM

A MocTpoeHne MmoaenbHbIX N306parkeHunin




CuHTe3 MHorocrnekTpasrnibHbIX U300paxeHUU ana orpaboTkn n ody4vyeHus CAY J1A

CpaBHeHMe PeanbHbi cHUMoK UK (8-14 MKkm) Kanenaockon «PycbutTex»
C aHalrioramm

S

[ g g
&
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OSM JRM Tech. lNpepnaraembin metoa




PacnpepaeneHHble
MHOrocCrneKTpasbHble CeHCOopb!
Ha ocHoBe bJ/1A u PTK

J1a6. B.A.lTopbayeea, Modp. b.B.BuwHAKosa



KomnneKc pacnpeaenéHHoro aBTomaTMsMpoBaHHOrO MHOTOCMNEKTPa/lbHOro MOHUTOPUHra Ha 6a3e BJ/1A

BbicOKOe pa3spelwleHune
BbICOKOe KauyecTBO B CBET/N0€e
BpPeMA CyTOK

MoBblweHne MHPOPMATUBHOCTU B
OrPaHMYEHHO CNOMKHbIX YCNOBUAX
HabntoaeHna

BcenorogHOCTb, BCECYTOUYHOCTb
Bosiee HM3Koe pa3pelleHne
(1 m/nuKc)

/rlpMHLI,MI'I MHOrOCMeKTPaNbHOCTU: HaboOeHue )
06vekmos 8 3 pa3nu4YHbIX OUANA30Hax 018
MOKCUMU3ayuu 8eposimHocmu obHapyxeHus

3BeHO 13 4 bJ1A ¢ pasHocneKTpanbHbiMmn LIH
dukcnpoBaHHble 3agaum BJ1A
OpHa ctapToBasa no3uumA

HecKkonbKo 3BeHbeB bJ/1A

MepepacnpeaeneHue 3a4a4 U annapaTos
HeckonbKo CTapToOBbIX MO3ULINIA




Komnnekc pacnpenenéHHOro aBToMmaTusnpoBaHHOro MHOroCneKTpasibHOro MOHUTOPUHra Ha 6a3se BJ/1A

Pa3pa60TKa 0b611Ka N n3rotoBneHme Pa3paboTka n nsrotosneHne 6opToBoro
KomneKkca Ha 6a3e rpynnbi BJ/1A cneusblyncanTena

l024 k (5+C)

0bpaboTkn aaHHbIX M bopTosoro MO 06YUAIOLLMX U306 paXeHU




KomnneKc pacnpegenéHHOro aBaTomaTMsnpoBaHHOINO MHOroCMNeKTPasibHOro MOHUTOPUHra Ha 6a3se BJ/1A

Anroputmbl 06paboTkn MHPopmaLum 1 ynpasneHus Ha bopty BJ1A

Anroputmol AnropuUtmbl AnropuUtmbl
TPeKnHra reonpuBA3KMn ynpassieHUA

[eTtexkTtop
Bydep cnexxeHua
Anroputm
COMOCTaB/EHUA
Anroputm

©
g
o
S
=
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KomnneKc pacnpeaenéHHoro aBTomaTMsMpoBaHHOrO MHOTOCMNEKTPa/lbHOro MOHUTOPUHra Ha 6a3e BJ/1A

[Mpmep n3obpaxeHnn Noay4eHHbIX ¢ AaTyMKos BJ1A

EHW99I BEBHHOMENEGOL US|
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KomnneKc pacnpeaenéHHoro aBTomaTMsMpoBaHHOrO MHOTOCMNEKTPa/lbHOro MOHUTOPUHra Ha 6a3e BJ/1A

He#lpoceTeBoi METO/, KOMMNIEKCUPOBaHNA Pa3HOBPEMEHHbIX Pa3HOCMEKTPa/IbHbLIX M300paX)eHnit OT pacnpe/ie/IeHHOro ceHcopa

Mopean 1 Ipeackasanue 1

Adaptive Max Pool

IlpuzHakoBbIe KAPThI
Pemaromee  ®uHaIbHOE Adaptive Max Pool Konkarenauus Mozean
Mopeasn 2 Ilpeackasanue 2 NPaBHJIO NnpeAcKazaHue @ NPHINAKOBBIX CHIHATYD
2, y2, wa, hy v b
) N ;E | »(+)
> g | ) U
Ilpu3naKkoBbie KapThbi Adaptive Max Pool
Mopeas n Ilpeackaszanue n
3
N/

IIpu3HaKOBbIE KaPThI

AHcambnuposaHue modesnell Ha yposHe NMPU3HAKOBbLIX MPOCMPAHCME Cxema cAusHUA NMpU3HAKo8bIX NpedcmaesneHul obvekma

MeToAabl Ha OCHOBe chaM6I'II/1pOBaHVIF| moaenemn
moryT obpabatbiBaTb AaHHbIE, NO/ly4aeMble C
pa3nnYHbIX pakypcoB. OgHaKo, npu obbeanHeHUn
npeacKasaHMM HEMPOCETEBbLIX MOAE/IEN TEPAETCA
BCA NpU3HaKoBaa MHPopmauna 06 06beKTe
HabnogeHuA. lNosTomy npeanoXeH noaxoa, npu
KOTOpPOM KOMMN/eKCuposaHue nponcxoauT Ha
YPOBHE NPU3HAKOBbIX HPEACTBBHEHMﬁ. Ona storo
Boixon Ipu3naxosas nepBoHa4a/ibHO U3BJ/IEKAKOTCA NMPU3HAKOBbLIE KAPTbl
H300pPaKEHHE  jiq w3BJICUCHNS MPH3HAKOB flupavmaa npusiarkos HEHPOHHOI ceTH CHrHATYpa 00beKTa M NOAAIOTCA Ha BXOA, aArOPUTMY, KOTOprﬁ UX
o6pa6aTb|BaeT n genaet GMHaNbHOE NpeacKa3aHme

Bxoanoe Caeprounas Heliponnas cerb

®dopmuposaHue rnpusHakosol cueHamypsi o6vekma



KomnneKc pacnpeaenéHHoro aBTomaTMsMpoBaHHOrO MHOTOCMNEKTPa/lbHOro MOHUTOPUHra Ha 6a3e BJ/1A

[TPUHATNE KOMNNEKCHOro pelleHna 06 obbekTe

(=]

HC Komnnekcunpyet
pPa3sHOCNEKTPaNbHYIO
pa3sHOBpEeMEHHYI0
MHPOPMALUIO B peasibHOM
BpemeHwU

Kanan Tun Knacc

A®CBA 11
ASC_UMK 1 1

rosc_te 3

rosc_te 11
3 "
% [} rosc vk 3 1

rosc_uk 11 1

nKP

ConocTaBnAloTCcA AaHHbIEe
06 06BbEKTAX B Pa3/INYHbIX
CMEeKTPa/bHbIX AMana3oHax

108



KomnneKc pacnpeaenéHHoro aBTomaTMsMpoBaHHOrO MHOTOCMNEKTPa/lbHOro MOHUTOPUHra Ha 6a3e BJ/1A

obbeKkTe
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» OOHapy)XeHHe ¥ PACIIO3HABAHUE Lieeit * Ilouck u pacro3HaBaHUE NPENATCTBUIA
* [IpocnexuBanue (BeneHue) menei * [TocTpoenue KapTbl IPOXOIUMOCTH
e OnpezeneHne TOYKH NPULIETUBAHUS

Bopmoevie eviuucnumenu
MHO2 OUHOIL 00p KU OQHHBIX

OnmuKo -21eKmpoHHbBLIL NPUOOPHBLIL
ook

* Kamepa TB nuanaszona
» Kamepa UK nuanazona
e JlaneHOMED

Bnoxk ¢popmuposanusn
mpexmepHoll Modenu MecmHocmu

* Jlunap
e Ilupoxoyronsusie TB kamepbl

Dponmanvuolii 010K Kamep

odanvrezo 0030pa

* Kamepa xopotkososnHoBoro MK
JIMana3oHa

* Y3koyronbHas TB xamepa

* [TocTpoeHue TpeXMEepHOH MOJIEIN MECTHOCTH * CeMaHTHYECKasi CErMEHTALHSI CLIEHbBI
* Muterparus B 0011y10 HHOOPMALHOHHYIO MOJIEIb

Kamepa 6oxosozo 0030pa

e Illupoxoyromsuas TB xamepa

Dponmanvhsiii paoap

* MHOTrOpPEeXUMHBIH IEKTPOHHBIH
CKaHUPYIOLIUii pajsap

1 .

" IIPOEKT «MAPKEP»

4
>

3

N A & 2 A \ > ’ ;
O3aHye YKCIEePUMEHTAIbHOI AaBTOHOMHOM PO0OOTOTEXHHIECKOU ILIAT(HOPMBI
JJISE OTPA0OTKH KJII0YeBbIX TEXHOJOTHMA HA3¢MHON PO0OTOTECX HUKH
2



CT3 PTII, IOCTPOEHHAA 11O MOAYJIBHOMY HPUHIUILY

Jaruuxu PTII

TermoBu30psI
JInpapsr

Kamepst PTZ

KommiekT kamep
MOJIHOpa3MepHOro 00630pa

KomruiekTsl TENIE
cTepeoKamep

Panapsr

Harunkn OIIIb

[IpunenbHas kamepa
TermoBuzop

JlanmbHOMED




TEXHOJIOTI'YSA OITEPATUBHOI'O I

Maxker YMIIH (noBopotnas niargopma + TB-
Kamepa + JajJbHOMep)

JAnnHHOOKYCHbIE KaMephl X2

{ \
PTZ-kamepa x2 ==

Jlupapsl x4

R
,/‘—’ _-/

. 4
/’; S g

7

KoMMyHUKALMOHHBIN KA}

KopoTtkodoxycHbie kamepsl X6



TEXHOJIOTI'YSA OIIEPATUBHOI'O A

Maxker YMIIH (noBopoTrHas niargopma + TB-
KaMmepa + JajbHOMep)

Jlupapsl x4

PTZ-xamepa

JAnnHHOOKYCHBIE KaMephl X2

KopoTkodoxycHble kamepbl X6



METOAbI HOCTPOEHUSA CEMAHTUYE

Pa3paboTaHHbI UHTErpanbHbIN ANTOPUTM

BxoaHble gaHHble

BbixoaHble AaHHble

JlaHHble ¢ AaTYNKOB:

CrtepeoKkamepbl Jlngapel

GPS Natymkm yrnos (IMU)

Direction of Motion ——»
Satellite

s
T §

.
©
X

Satellite

Encoder Output

ANropuTM TpEXMepPHOM
PEKOHCTPYKLMK

CocTtaBsieHune TPEXMEPHOTIO
NA0THOro ob1aKka To4ek

OnpenenexHne
mectononoxeHua PTI1 B
NPOCTPaHCTBE (040METPMUSA)

ANroputm cema HTUYECKOM
cermeHTaumu

«PacKpalwmBaHme» obnaka
TOYEK B LiBETA CErMEHTOB

CobcTBEHHAA oAoMeTPUA
POHOTOTEXHNYECKOW
nnaTtdopMbl

TpexmepHoe (BO3MOXKHO
NAOTHOE) CeMaHTUYeCcKoe
061aKo Touek




TEXHOJIOT'USI CEMAHTUYECKOH MHOT'OC

CemaHTHUYeCKaAa cermeHTauusA
MHOrOCEHCOPHON MYNbTUCNEKTPA/IbHOM
UHPOpPMaL UK B Pa3/INUHbBIX YCIOBUAX
MECTHOCTU U Ce30Ha




IMJIOTHASI KAPTA INIYBHMHBI C HIOMOIIBIO HEUPOCET
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CEMAHTHUYECKASA TPEXMEPHAA MOAEJIb HA OCHOBE



CeropHs
nponycTum

UHTenneKktyanunsauma 6opra
B rpa*XAaHCKOU aBMaLLUM

Moop. H.U.Cenvsectoka, Moodp.E.FO.3b16uHa, /1ab. [.B.Komapoea, Modp. b.B.BuwiHAaKosa



3apaum nHtennektyanmsauyum BC: 6opt BC KaK UCTOYHUK MHOTOMOAA/IbHbIX AaHHbIX

7 A
Pacno3HaBaHue 371eMeHTOoB
BIMM n pynexHbIX A0pOXKeEK

4 N\
Pacno3HaBaHue 06beKTOB

B BO34yXe U Ha

NnoBepPXHOCTH

RN CEOE LG EGL Il ABTOMaTUM3auma GyHKUMK + CHUXKEHUE Harpysku

MporHos > MpeaynpexaeHue > PekomeHgauus > [leiicteune

SKUNAX CPEQHEM
KBAIUOUKALIMA

+

MHTENNEKTYANbHBIA
KOMMNEKC -—
BOPTOBOTO -—

OBOPY[OBAHWA

OKUMAX BbICLLEN
KBAITUOUKALIUA

- dusmonorunyeckas COCTaBnAOLWan
- KorHntuBHa“A coctasaaoLLan

BuptyanbHble
onepauuoHHble
MOMOLLHUKKN NUNOTa

BupTyanbHbIA

BTOpPOW NUAOT

7 7 Ve N ~
- ” N
- R N S
4 X 4 N\ N\ [

OnpepgeneHue dopmuposaHue MOHUTOPUHIra COCTOAHUA U O6paboTKa AaHHbIX gnA O6paboTKka maccueoB MporHo3 napameTtpoB
KOHdJIWIKTHbIX cUTYyauum UHOWUKaUuun 3aKabuHHOM AEﬁCTBMﬁ nnuaoTa MOHUTOPUHra AaHHbIX ANnAa d)yHKI.I,VIVI noJszieta Ha OCHOBEe aHa/In3a
npu B3neTe U 3axoae Ha 06CcTaHOBKM B KabuHe 6e3 TeXHN4YeCKoro coctoaHuma ﬂpep,MKTVIBHOﬁ TeKYLWUX AaHHbIX

nocagky OCTeKkneHuA ANAarHoCTUKu
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HHTenneKTyanbHbié TEXHONOIMK ANnd aBUALMOHHBIX CUCTEM

YNYuilieHHOro, CHHTE3MNOBAHHOIO U KOMOWHUDOBAHHOIO BUACHUA

Cucrema ynyymeHHoro suaenus (CYB)

CucremMa KOMOHHHPOBAHHOTIO
suaeHus (CKB) £y CCB

I

o 8 N o HBHe 2% oM

Enhanced Vision Head-
Up Dioplay S8ystom

CYB — UICTOYHUK MHOroCneKTpPasibHbIX AAHHbIX

a mE
mEE == - CCB — pobaBnset gpyrne moganbHOCTH



THC ana cucTem ynyyweHHoro, CHHTe3MPOBAHHOIO M KOMOMHUPOBAHHOIO BUACGHMA

KomnneKkcnpoBaHmne MHOrocneKTpaabHbix u3obpaxkeHuii CYB

256x256x

—

256x256x1 256x256x1 256x256x1

128x128x64

[\¢]
x
©
'e}
N
x
©
['e}
N

64x64x128
32x32x256
32x32x512

4x4x1024

[0,1]

128x128x128
64x64x256
8x8x1024

1x1x1024

Image A I Image B Coplex
Image

-
-

128x128x256

Apxutektypa 'HC n pesynbtat KOMNAEeKCUPOBAHUA

output

3apaua CYCKB:
noBbleHNe
CUTYaAUMOHHOM
0CBEAOMNEHHOCTH
3KMNaka

npwv nonete, Nocagake m
BbINOJIHEHUM 33434 B
OrpaHMYEHHbIX YCNOBUAX
BUOMMOCTU

Laplacian pyramid FusionNet

YaaneHue aptedaKToB MosbilweHne AeTaNbHOCTH ABTOMaTMyecKas NpuBA3Ka

EE LS " . 120




THC ana cucTem ynyyweHHoro, CHHTe3MPOBAHHOIO M KOMOMHUPOBAHHOIO BUACGHMA

3apaua CYCKB:
noBbleHNe
CUTYaAUMOHHOM
0CBEAOMNEHHOCTH
3KMNaka

npwv nonete, Nocagake m
BbINOJIHEHUM 33434 B
OrpaHMYEHHbIX YCNOBUAX
BUOMMOCTU

|
CR rocHNMAC 1]

CemaHTHuyeckana cermeHtauma gna CYCKB, auHamuueckana npusaska CYB k CCB

NMpenmyuwiecrBa:

- BOo3moXKHOCTb peanusauunm

peXxMma KOMBUHMPOBAHHOIO
BMAEHUA C UCMO/Ib30BAaHNEM

[ONO/NIHEHHOMW peanbHOCTU

- ABTOMaTMyeckoe
obHapyeHue n otobpaxkeHune
HeKapTorpadmpoBaHHbIX
o6beKToB

- MomolLb NeTUMKY B
MHTepnpeTauumn
MHOrOCMNEKTPaAbHbIX AAHHbIX
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S >< < &= @ >< >

< < ©

= = =

Apxutektypa N'HC
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MOHMTODMHI COCTOAHWA NUNOTA U USNOBEKO-MALLIMHHBIA MHTEDthene

é ) / \
P T i S OnpepneneHne NONOXKeHUA

CTPECC NMPECbLIWEHUE

KOOpPAUHAT ra3 U HanpasaeHUA
B3rnAaga nnaota Ha oCHOBé
aJropuTmMmoB MmalWlnMHHOrIo

06yuyeHuns c npUMeHeHnem ' 3
HECKOJ/IbKMX Kamep @
J

OnpeaeneHne NONOXKEHUS

N NPOCTPAHCTBEHHOW
OpPWEHTaLUUM roNoBbI NUI0Ta Ha
OCHOBE HEMPOHHbIX CeTeM
rnybokoro obyyeHus

MOHOTOHUA YTOMJIEHUE

A
N

& rocHVMAC = NCTOYHMKM MHOTOMOZANbHbIX AaHHbIX

FOCYQARPCTBEHHEA HAYSIHD-ACCNEODBATEMLCKMA MHCTIATYT ABMALIMOHHBED CIACTEM

Pacno3HaBaHue peun, obpaboTKa
€CTEeCTBEHHOrO fA3blKa,
WHTEeNNIeKTya/IbHbIN rO10COBOW
NOMOLLHUK ana 06paboTKm
ro/1I0COBbIX KOMaH/A 3KMMaxKa

J




BupTyanbHbIn NUNOT N BUpPTYyanbHble NOMOLHUKU: TexHosrornm U

ObyyeHue anemeHmos UI:
C yYumesieM HA npumepax
peasnbHbIX U MOOenbHbIX
CeHCOPHbIX OAHHbIX
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O6yyeHue UII:

C yyumesnem Ha npumepax

delicmeuli nrodel,

cobpaHHbIX 8 MpeHaXepax

D g S D S S S DI | K s g

|

|
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|
_____________ |
I |
: PyHKUMA :
| HabnoaeHuA |

ObyyeHue WUIl:

C NoOKpernsaeHUem Ha
supmyanbHbIX moodensax BC u
cucmemeol ynpaesneHus

|————" e S

O6opypaosaHue BC

[————————

Ucnonb3zoeaHue LLM

8 Kayecmee nAaHUpPoBWUKa U
6a3bl 3HaHUl (asuayuoHHbIe
npasuna, pe2aameHmeoi,..)

& rocHMAC =

FOCYQAPCTEEHHEEN HAYSIHO-ACCNEADSATEMGCKIARN MHETIATYT ABMALMOHHEX CACTERM




AHann3 MHOromoaa/ibHOM
nHdopmauunm ana BbipaboTKn
ynpasaeHusn

J1a6. H.B.TpyxmaHoea, lMoodp. /1.B.BuwiHakosoU, /lab. U.B.C2ubHesa



O6yueHue c noaKpensieHnem gaa NPUHATUA pelleHui npu GopMUPOBAHMU NMOTOKA BO3AYLLHOIO ABUXKEHUSA

UHTenneKktyanbHble areHTbl A40/1KHbI 06ecneunBaTb
dopmupoBaHue paumMoHaIbHbIX MOTOKOB BO3AYLUHOTO
3niepxAH 10MI P00 ABUXXeHUA B YaCTU Ha3HAYeHUA BPpeEMEHU Bbl/ieTa

IALepxAH 10 10:40 :31‘213’:’"‘ cyAos

JasepxAH 1o 09:30 * MMHMMM3ALMU CYMMApPHOTO BPEMEHU 3ajepiKeK

JALEPXAH 20 10:25 BO3AYLUHbIX CYA0B

JARiepxAH 10 10:45 * OTCYTCTBMA NPEBbILLEHWIA HOPMATUBOB MPOMYCKHOM

JALEPXAH 10 13:00 CMOCOBHOCTM CEKTOPOB YNpPaBAeHNs BO3AYLIHbIM
ABUKEHNEM

JRiepxAH 4o 09:75
* r1Iy6MHbI MPOrHO3MPOBaHMA NOTOKOB BO3AYLLHOMO
PEFNCTR. 3AKODHYEH NBUKEHMA He MeHee 2 4acoB

RA04041

®

RA2038G



O6yueHue c nogKkpenaeHnem ana NPUHATUA pelleHnii npu GopMMPOBAHMM NOTOKA BO3AYLUHOIO ABUXEHUA

Knaccnyeckue metoabl
dopmupoBaHUA CIOTOB
Bbl/1eTa
OnpepgeneHune

neperpysKeHHoro
CeKTop-yaca

Boibop peiica gna
3aEPKKM

Bbibop BpemeHu
330EpPKKM

HepoctaTkn Knaccnyeckme metoaos:
- HEONTUMaANbHOE pelleHne
- MNPV BbICOKOWN MHTEHCUBHOCTU B[] NnOUCK pelueHnin
TpebyeT bonee CNoXKHbIX aITOPUTMOB

NpumeHeHue RL gna 3agaum chotuposaHus

e OOyueHue nHTennektyansHoro AreHta YB[

oo o e R e e REm R M e REm M M e REm M M e REm M M e e R M M REm M M e e e e e oy

Pacnucanue Pacuyert 3arpysku 1 neperpysku
BO34YyLUHOTO CEKTOpOB
ABMKEHNS

OueHka BbIMOSTHEHHOTO

~

Lara obyveHus

—— o e e ey
e | e e

-

SN e e e e e e e, .., ——— -

3amepxKa peiicos (war obyuenns) 1O OBYHERN

AreHt YB[]

\_

WNHuumanuaaums ceccum o0y4eHns

anHaMxed.ieHeog

J

Mcnonb3oBaHue 06yLlEHHOI'O UHTENNEKTYA/IbHOTO areHT YB/[ no3sonut

pewnTb 3a4a4y C Ha3Ha4Ye€HUNE MEHbLUUX 3a4ePXKEK peﬁcaM



O6yueHue c noaKpensieHnem gNA NPUHATUA PELUEHUN B TAKTUUECKON Urpe KKpacHbie» NPOTUB K CUHUXY

BxoaHble
NAHHDBIE e——p

OneKTpoHHasi KapTa MECTHOCTU
3auwmuaemble 0O0OBbEKTDI
Cunbl 060pOHbI

[lenctBue
l BapunaHTbl peLlueHunn no
HanageHuto

Cpena

I Bo3HarpaxaeHune
YncneHHas nHTepnpeTtaums I

pPe3ynbTaTUBHOCTU aTaku

0
Output 1 1‘

Mpouecc obyueHnn areHToB

Are HT [lenctBue
_ HelipoHHas ceTb I BapuaHTbl peleHnin no obopoHe ;
' & 7 "’"“ NPUHATUA peLleHui 3a
kpa
7005 0 AN

AKHOOD ‘
: L7 KK WK \_—7
X oiellie Y

295,92

31

O
2l
=

©

Output n

Bo3HarpaxageHue
H p
YucneHHas nHTepnpeTtauus

pe3ynbTaTUBHOCTU OTPaXKeHUA aTakun

e\ Y%
AA

BxoaHble
NaHHble

‘ ‘:“y‘i %:“4“7 ‘y"‘(g Input 2
: " AN@LIN "V’( , S OneKTpoHHas kapTa
2N -
3awmuiaembie 06bEKTDI

Cwunbl HanageHus

HenpoHHas ceTb
NPUHATNA peLleHnia 3a
KCUHUX»



O6yueHue c noaKkpenaeHUemM gNA NPUHATUA PeLUEeHUI B TAKTUUYECKOM Urpe «KpacHble» NPOTUB KCUHUXY

O6yuyeHue Ha OCHOBE aHTaroOHUCTUUYECKOM Urpbl

[lencrtBue [lenctBue

ATeHT AreHT
h, h, h, h, h, h, ‘
Input 1 ' v v v v l Input 1
‘/“\\"‘/{“‘\\"{{ Output 1 Output 1 /‘}}'{{“}}"/{“\\(
Input 2 )‘ 'i ‘W’ ‘V“’ " ""7 "“7 ‘»"/ Input 2
"’\“AVA A‘\"‘:A : " A“"‘M’?&“)"Yi\

NN

HKollholioY S
RN A oy oumn - S
Input n /‘\'/‘\ /‘v, \

BosHarpaxgeHue BosHarpaxneHue
- OnTrMMsaLMsa METOIOM OOyUYeHUS -
N Pe3yJibTaTUBHOCTE e — Pe3yJIb TATMBHOCTE =
g OBOPOHE * AHTaATrOHMCTUUECKAS UTpa aTaxnm g

CraTnyHad kKapTa (OOMH pPaMoH)

BXOﬂ,Hb'G * Kommuectro mMmuTaumm 192 000 BXOﬂ,Hb'G
ﬂ,aHHble * Bpemsa ontuMmmzaumu 30 MMHYT ﬂ,aHHble



MeTtop, 06yueHna c nogKkpenaeHMem C UCNOJIb30BaHUEM «COOBITUMHON» MoAEeNNn MUPA U MY/IBTUMOAA/IBHOTO KOAUPOBAHUSA

ObyuyeHue 6e3 ucnosb3oBaHUA MOAENIN MUPA

AreHT

[lencrtBue

hmu,<‘lﬁ-ﬂg%’ﬂgﬁiikhl\

7. \ Output 1 Mern b

‘._ :vA: A

h,

N WY
Input 2 ( )"’w“l’ 5 ‘:’17

§ ‘V'i VALV A\"!A; 5_

- V,:( \'z‘y

@ Output n

MmutaumoHHan

O : N7 ‘
417¥~¥
L

AdaHHblEe

nput 1, o ‘ /‘
) e e 9 Outpuy 1

.Y,

TekcTOBbIE
anpuopHble

77% L 1
MR i S

{e Lo ]

[MpoCcTpaHCTBEHHO-
BPEMEHHbIE
arnpuopHbIe JaHHble

Mpobnembi:

- OTI0XKEHHOE BO3HarpaxaeHue

- C/IOXKHOCTb OLEHKU BAUAHUA KaXKA0ro NPUHATOro
peleHna Ha GUHaNbHbIN pe3ynbTaT (Bo3Harpa*kaeHue)

BO3MOXKHbIW NyTb peweHusn: 4o6asuTb
andodepeHUnpyemMyto Moaeib MUPaA, KOTOPAs MOXKET
MCNosb3oBaTbcA ANA 0byyeHna c obpaTHbIM
pacnpocTpaHeHMem oWnbKM B AonosiHeHne K RL

CNoOXXHOCTb: MOAE/Ib MUPA HYXKHO cneunasibHO
n3obpeTtaTb NOA KaXKAyto KOHKpPeTHYo 3aaa4y RL ansd
Ka*Kaon cpeabl MOAENNPOBAHUA.

MpepnokeHHbIN noaxoA,

- UICMO/1b30BaTb YHUBEPCA/IbHYO apPXUTEKTYPY
cobbITUMHOM Mmoaenn mmpa, Kotopas obyyaeTca noa
pa3Hble 3a4a4M 1 pa3Hble cpeabl MOAENNPOBaHUA
-ucnonb3oBaTb BUMoAaNbHOE KOANPOBAHME
nHPopmaLnm o cobbITnAx



MeTtop, 06yueHna c nogKkpenaeHMem C UCNOJIb30BaHUEM «COOBITUMHON» MoAEeNNn MUPA U MY/IBTUMOAA/IBHOTO KOAUPOBAHUSA

O6byueHue c UCNONb30BaHMEM «COOLITUMHOM» Moaenu mmpa

AreHT

[lencrteue

//“WMK\

W8 =
: 7 VK W
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etV *‘{
V.9

Output n

MmutaymoHHan
mopaenb
(NB-ky6

cobbiTnin)

JleHTa coGbITUI
(«npoeKkumnan Ha
Bpems)
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Input 2 4"’““‘;’” ‘\"W‘
Ao Xk BPo
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L XSSO
Wy,
KapTa cobbiTuum

(«npoekumnan Ha
NPOCTPAHCTBO)

Lnp
) \‘o'.’ RO \ Outpu |
o, N

| O
D
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Bpomureiin

Coxu, 1950 e.

1. e2—e4
2. d2—d4

8.0—0—01  ®e7: e4??
9. J1d1—d8-+!! Hpe8 : d8
10.Ma4 : e4 UepHsle craucs.

Moaenb Mmupa

Input 1

<7 Y X

W7

N

F 7R

(>
&
AN,%

¥

.........

gy

SRR

W @D OK \ Output 1
nput 2 (o AV \wy

Y,

TekcTOBbIE
anpuopHble
JaHHble

) 7O
OO X
. I

[MpocTpaHCTBEHHO-
BPEMEHHbIE
anpuopHble JaHHble

‘\ Output 1
CIOR -

lTpedcka3aHue 803Ha2pakOeHusi

OcobeHHOCTH Noaxoaa:

* Moaenb Mupa — MynbTUMOAa/IbHbIA TPaHCPopMmep

e JlBOMHOE KOAUPOBaHME — IeHTa COObITUI U KapTa cobbITUM
* Mogenb mupa obyyaeTtca NnpeacKkasblBaTb BO3HArpaXKaeHme
* [lpeackasaHue BO3HarpaxaeHusa — gubdpepeHumpyemaa GyHKLUMA NOTEPb

CobbITHA = (Bpemsa, MecTo, TUN, 3aTPOHYTbIE 06BEKTDI, 3a/4€/CTBOBaHHbIE AKTOPbI)




Mpumep o0byuyeHusa c nogkpenneHnem ana NPUHATUA PeLleHNn B TaKTUUECKOM Urpe «KpacHble» NPOTUB «CUHUX»
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Nx3x1000x1000

NXGXL00XL00X100 Nepapxuvyeckoe KoouposaHue npocmpaHcmaa oelicmaul
Patching CNN
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Mosuums natya no Embedding VIT FC
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18 pevictBui (No 3 ypoBHSA Mepapxun Ans KaXaoro oobekTa)



Bo3moxxHa nu

Socratic Models: pewweHne mynbTumoganbHbIX 3a434
yHUg8epcalJ/ibHasi cxeMa
Konnektnsom areHtos. OT GhatGPT K yaty LLM-areHTOB UM dnsi ecex 3aday?
e — ~— . . _ ° N
Internet - ~_ Multis-modal Learning A
Data . ;-7 Image S MnoTesa: 4ns 3TOro
= Visual LMs e 1 A BCE BXO[HbIE W
ictional novels Il R PR
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Large Language Models (LMs) | N\ | chatsriage |8
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f videos Mpo6nema: onsa obyyeHns HyXHa
\ Code \ orpomHasi MynsTuMoaansHas 6asa
Dialogue & Q&A / AudiolMs
| language < audio ,‘" PelwieHune: HayunTb Mogenn Ncnonb3oBaTh 3anpochl,

2 Screenplays M NyCTb MOAEnu obLLaTcs Mexay cobon
Sound /
T - «CoKpaTuyeckme Mopenu» 3To cnocob
AT \ - NMOCTPOEHUA pacLUMPAEMOro KOMnneKTuBa
UN-areHTOB C «OTKPbITbIM» CITUCKOM

q AR - - @ People - - /exc\ Robotics
@ language « assistance 4 language « intent A language < 3agdady U TMNOB AadHHbLIX, AJA pa60Tb| C
KOTOpPbIMU [00aBNATCA HOBbIE areHTbl

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Socratic Models: pewweHne mynbTumopanbHbIX 3a4a4 BosmoxHa nu

yHuUeepcalJibHasi CxeMa
Konnektusom areHtoB. OT GhatGPT K yaTty LLM-areHToB WU dns ecex 3aday?

MeTO.D, COKpaTa — peweHue 3agavium nytemMm gunarnora BHYTpM pa60Ta «coxpaTquCKOM Mmogesrin»
OeuCcTBUTenbHO BbIrNaauT Kak yat UN-areHToB!
Socratic Question to Video Search Socratic Egocentric Image Summaries Socratic Video Q&A with Linguistic World-5State History
e R s WL M where am I? @ Generated Linguistic World-State History from Video
@ my remote control? — 10:38 AM: Places: living room. Objects: sofa bed, loveseat, coffee table
(@) living room Activities: watching TV. | was watching TV in a living room
kA ntity? ¥ 11:08 AM: Places: living room. Objects: remote control, television, netflix
vl Sedarcn entity ¢ . T . . . .
I @ [@VLM what do | see? @ Activities: watching netflix. | was watching netflix on the television
12:19 PM: Places: television room. Objects: television, remote contro
f}_ remate control N netflix, Activities: watching netflix. | was watching netflix on a television
W @ ) remote control, television, netflix
@ matches for remote control LM 2 @VLM what & - @ ar
[ vl O VL whatl a aoingr
10:38 AM 17:08 AM 12:19 PM ) ' @ where did | leave my remote control?

@ watching netflix, sitting on the couch e
(.E} | left my remate control in the living room.
f&__j" watching netflix

._'_| M sumi ”;”._!,7 @ | WV :"'-:|'f|-'l nv @

; | was watching TV in the living room
@ | am watching netflix on the television. C”) and | needed it to change the channel.

from LMs are blue, VLLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Ob606LWeHne: cokpaTnuecKana cxema YHMBEpCaZibHOro MHTENNIeKTa

CokpaTtunyeckumn
UHTEeNNeKTyasribHbIU
areHT (C-areHT, CA) BbIXOAbl
A-Bxo[q

AsbikoBas

A-BbIX0[,

HTennekTyanbHbIV
B Mo areHT

(LLM)
ﬁ

UHdopmMaLMOHHO-CMMBOSbHasA

(a3bIkOBas) cpena

A-BO30EeNCTBUSA BXOAbl A-0encTBms

>_

Paboma u oby4yeHue 8 si3bIkogoUl (CUMB0IIbHOU,

KyribmypHoU, coyuaribHou) cpeode

O6o06weHune, akctpanonsauusa: KO.Busunesrep, 2023

domanyeckne oencTems

action

Paboma u
obyueHue 8
uU3UYECKOM MUpE

- -
reward E> C\A j>
“T

donanyeckne Bo3gencTBus

C-areHT XXuBeT 04HOBPEMEHHO B ABYX pearibHOCTAX -
du3nyeckon U A3bLIKOBOU (CUMBOJIbHOMN, KYNLTYPHOW)
U BblyuMBaeT 2 Tuna nosBefeHus - pusnyeckoe u
A3bIKOBOE, KOTOpbIe BMeCcTe NOMOrarT eMy ObITb
3achheKTUBHbIM OAHOBPEMEHHO B 006eux cpepax



Ob606LWeHne: cokpaTnuecKana cxema YHMBEpCaZibHOro MHTENNIeKTa

YpoBHu CA

1. PyHKUMOHaNbHbIU (cnabbin) CA

=

2 CAE

[lbocmeudwum «crnabbimy

CA moxem bbimb rrobou
arnzopumm aHarnu3sa 0aHHbIX
unu yrpasrneHus, 06EpHymaoit
S13bIKO8bIM 88000M-8bI18000M

Hawa pacwuvpeHHas nHTepnpeTtauus
«OuMoaanbHbIX areHToB»:

oAHa MoAanbHOCTb A3bIK, BTOpas
«MOArNbHOCTLY - YacTHas PYHKUMS
aHanus3a gaHHbIX UM CUHTEe3a AaHHbIX
nnu BblpaboTkM ynpasneHus,
NnaHMPOBaHUSA, NPUHATUA peLLEHNs

=

H;Z'L'l‘gﬁi” AnroputMm obHapyxeHus
(LLM) OOBbeKToB
AsbikoBast Anroputm
mopens - MnaHnMpoBaHus
(LLM) nencTeni
ﬂ;';'p'l‘gﬁi” f ANroputT™M NpoKnaaxu
(LLM) MapLipyTa

O6o06weHune, akctpanonsauusa: KO.Busunesrep, 2023
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YpoBHu CA

1. PyHKUMOHaNbHbIU (cnabbin) CA

2. YHuBepcanbHas («CurnbHas»)
aroueHTpuyeckKas coKkpaTuyeckas

moaenb (C-moaensb, CM)

<
|::> C ::> yaTt LLM-areHTOB
T

|
|
|
Cokpamu4eckasi MoOesib 3mo :
|
|

O
Z

Kosuiekmue cnabbix c-azeHmos,
C8513aHHbIX C HEKOMOPbLIM
¢husuyeckum o6LEKMoMm usiu
mexHu4eckol cucmemoli U eQUHOU
JieHmMou ynopsi0o4YeHHbIX
cobbimuu (Yamom) = «JIu4HOU»
320UueHmpu4eckol ucmopuu

(+ a20-aceHm!)

O6o06weHune, akctpanonauusa: K0.Busunesrep, 2023

UMeHHO Tak MoryT 6bITb

yCTpO€eHbl bopToBblie UU
nepcnekTuBHbIX JIA u PTK

UHcdopmMaLmMOHHO-CMMBOSbHaA

(a3bIKOBan) cpena

OPDEKTOPDI

EITILTY




YpoBHu CA

1. PyHKUMOHaNbHbIU (cnabbin) CA

2. YHuBepcanbHasa («CuribHas»)
3roueHTpUYecKasa coKpaTmyeckas
moaenb (C-moaensb, CM)

3. Uepapxunyeckas («cunbHas»)
3roueHTpMUYecKaa cokpaTnyeckas
moaenb (MC-mopgens, UCM).
JTroGoe yncrno ypoBHen nepapxumm

UCM smo Konnekmue cusibHbIX
C-moO0ernel, cesi3aHHbIX C
HEKOMmMopbIM 2Py nnoebIiM
¢gusudeckum o6LeKkmom usnu
mexHu4yecKkou cucmemou u
eduHou neHmou (yamom)
yrnopsioo4YeHHbIx cobbimul
«2pynnoeou» 320- ucmopuu

(+ epynnoeou 320-azeHm!)

UHhopmaLMOHHO-CMMBOSbHasA

(a3bIkoBas) cpepa

1
Uepapxunyeckas («cunbHasa») aroueHTpu4yecKas |
coKpaTtunyeckasa mogenb !

A3bIKOBAA JIEHTA 3TO-UCTOPUUN T-OBBEKTA




MopenunpoBaHue cokpatudeckoro M Ha atane nocagku BC A

Pos: IMU Oumbxa
X (m): -2771.23 -2802 57 31.34
Y (m): 154.30 162.76 -8.45
Z (m): -3.07 -5.44 2.38
Yaw: -0.61 -0.61
Pitch: 0.59 0.47
Roll: -0.19 -1.36

ABTOMaATMYeECKada nocaaka no aaHHbim CT3

CeHcopHaa nHpopmauma CT3: TB KaHan

Cucrema 17 22

Beixon Ha Opennocamo4dHyn npﬂMyD.

Cucrema 17:17:23

BrxumodyeHMme pexmMa oOHapyxeHwusa BIIII.

Cucrema 17:17:23

T'paauusl BIIII oOHapyeru

Cucrema 17:17:23

BrumoyeHMe pexyMa KOppeKLUMM IPpOCTpaHCTBEHHOIrO noJjioxeHms BC.
Cucrema 17:17:23

BxioueHMe pexmMa oOHapyxXeHusa nopora BIIII.

MHTennekTyanbHbIK 60pT Kak «4yat» UN-areHTOB

Cuctema ynquueHHoro BnaeHuAa TB KaHana



MopenupoBaHue cokpatuueckoro M ana VLA-3agaum rpynnbl PTK




[lporpammHoO-anropuTtmmyeckue
cpeAcTtBa ANA peweHuna 3aa8au
aHa/n3a U CUHTE3a
MHOromopaa/ibHbIX AaHHbIX

Moodp. 6.B.BuwHsakosa: /1a6b. 10.B.Mop3eeea, /lab. M.A.MenbHU4YeHKO



YHupuuymuposaHHaa naatpopma HeupoceTeBou paspabotku «Mnartpopma-rHC» (2018-2020)

WUHTerpupoBaHHasa cpeaa .:.;.:. [NpnKnagHblie nakeTbl CpeactBa

s

e P

- * Tonb3oBaTenbCKMe peleHmns PlatformAPI

APM PaspaboTtumKka
APM AgmuHuctpatopa

peanusauua N’HC ==
YHudUuumposaHHasa naatpopma

M3Kue TpeboBaHUA K KBaanpukauum U1F

e [OTOBble TMMNOBblE peLleHn BCTPanBaHUA
asmetumk (BA) v
e At B * WNHTerpmpoBaHHble peLleHmns peweHnn
PDODMUNDOBAHMUE

n obyuyeHune T'HC

CpepactBa annapaTHOM Bubnnoteka malinMHHOro
peannsauum obyyeHuna (bpenmBopkK)
PlatLib

E

¢ PyTorch
€35BUC

focHUUAC nopgpepkuBaeT U pa3BMBaeT NOJIHbIA OTeYeCTBEHHbI NPOrpaMMHO-annapaTHbli CTeK TexHonoruii gna U




Mpoekt «AsBTomaT-THC» (2021-2023): cMHTE3, ayrmeHTauusa, aBToobyueHue

CMNO «CurHan-rHC» - Habop TUNOBbIX
peweHnin ana o6paboTkm ogHOMEPHbIX U
MHOTOMEPHbIX CUFHAN0B C LEe/blo peLleHuns
3a4a4 Knaccupukaumm, perpeccum,
YCTPaHEHMA LUYMOB.

CNoO «ABTo-THC» — 370 Habop NPOrpaMmHbIX MOAYNEN,
KOTOpble NO3BO/IAIOT N0/1b30BATE/NO B aBTOMATUYECKOM

pexxume chopmmnpoBaTb apxmutekTypy MHC
(B 3agayvax TP) n nogobpatb oNnTUManbHbIE TMNepnapameTpbl
obyyeHusa M'HC.

raw waveform data (16 kHz) poald sofkmax

- I e tput
s -.'._:.-'..I.' v poold . 15 pu

N

Architecture

Learner

(a) Raw featuse extraction 50

input convl comv2 (b} Processing on

m 11 mANpO: feature-map

CMNo «AyrmeHT-THC» — 310 Habop NpPOrpamMmHbIX MOAY/EN,
KOTOpPble MCMOb3YOTCA B NpoLecce obyvyeHnsa gna
onpeaeneHna oNnTUMaibHOM CTPaTErMM NPUMEHEHUSA

ayrmeHTaumm (npeobpasoBaHmii) K obydatollein BbiIboOpKe.

CMNoO «CoBeTHUK-THC» — 31O Habop NporpamMmHbIX MOAY/1EN,
KOTOPble aHAaNN3UPYIOT AEeNUCTBUA NONb30BaTeNda, GopMUPYIOT U
BblAlOT MNO/1b30BATE/IO CUTYATUBHbIE PEKOMEHAALMN HA
3Tanax NOAroTOBKU AaHHbIX, 0by4yeHnAa n TeCTUPOBAHMUS.

CNO «CuHte3-THC» — 310 Habop NpPorpamMMmMHbIX MOAY/EN,
KOTOpble peanmsytoT BO3MOXKHOCTb PeaNNCTUYHOIO
HEMPOCTEBOro CMHTE3a M306parKeHN U CUrHANOoB.

7]
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MaaHupyembiv npoekTt «PyHaameHT-FrHC» (2024-26): MLLM + HOoBble TUNbI AaHHbIX

Penosutopuwm (BA)

B AaHHbIX 4N 06y4eHUA N TeCTUPOBAHMUA
HelpoceTeBbIx mogenewn (b4 AO0T)

B[l aHHOTMPOBAHHbIX AAHHbIX ANA 0Oy4YeHuUs n
TECTUPOBAHUA HelpoceTeBbix moaenei (b4 AAOT)

B/ BbIGOPOK AaHHbIX A1A 06y4eHUs U TECTUPOBAHUA
HelpoceTeBbIx mogenewn (b4 BAOT)

B4, tvnosbix peweHnit (B4 TP);
B nonb3oBatenbckux pewenuin (b MNP)

B/l nonb3oBaTenbckmx npoektos (B MM)

CMNO obyyeHuns n BbINONHEHNA HONbLUNX FreHePaTUBHbIX A3bIKOBbIX MoAenen

ans pabotbl ¢ TekcToBbiMU AaHHbIMU (CMO «Mopaenb-A-THC»)

CMNO pooby4vyeHnA u BbiINnoNHEHUA PYHAAMEHTANbHbIX mogenein ana paboTbl

C MHOromoZasbHbiMmu gaHHbimu (CMO «Mogenb-®-THC»)

CMO obyueHuna HerpoceTeBbIX MoAeNein c NnogKpensieHnem

(CNO «MNogkpenneHne-rHC»)

B apxutekTyp moaenen NHC (B4 AM)

B 0by4yeHHbIXx moaenei FTHC (6 OM)

B naiinnaHoB (cxem) 06paboTKM AaHHbIX NpU
0by4yeHunun, BbinoAHEHMN N TecTupoBaHumn THC (B4 COA)

B moaynen obyvyeHuns n goobyyeHun
(64 MOA) ana MNAK obyyeHusa n goobyyeHus
HenpoceTeBbIX MOAY/IEN KOHeYHbIX n3genmin (HMKN)

CMNO obyuyenunsa N'HC ana 3apau
KomnbloTepHoro 3peHusa (CMo
«3peHune-F'HC») npm paboTe c AaHHbIMU:
TB u UK nsobpaxenmamu; TB n UK
BMAEONOCNeA0BaTe/IbHOCTAMU;

P/1; rugponoKauMOHHbIMU; 1a3ePHOro
3D cKaHupoBaHuA (06nakamu Touek)

CMNO ¢popmunpoBaHmA, skcnopTa U
nMnopTa moaynemn obyyeHua u
noobyyerHua (MOA) ana NAK
0byyeHua n poobyyeHmns 60pPToBbLIX
HMKW (CMNO «YnakosLwuK-FTHC»)

CNO obyuyenuns NHC ana:
reonHPOpPMaLUNOHHbIX AAHHbIX
(CNO «Kaptorpag-fHC»);
BU3ya/IbHOW 040METPUM U AaBTOHOMHOM
Hasurauyum (CNO «Hasuratop-frHC»);
undposbiXx TabanUHbIX AaHHbIX (CNO
«Tabanua-rHC»)

=

»

ClNO nogaepXKM npumeHeHuUsA
U UHPOPMALMOHHOIO

obecneueHusa CAY
KOHEYHbIX U3aenui:

B MHTepecax AO «KTPB»
(CNO «N3penne-KTP-THC»)

B MHTepecax AO «KbM»
(CNO «U3penne-KBEM-THC»)

B nuHTepecax «IMHIM «PernoH»
(CNO «N3penne-PET-THC»)

B Yactn AO HINO «MNC»
(CNO «N3penne-MNC-THC»)




Mnatpopma-THC: MNepcnekTusbl pa3BuTUA (A0POXKHAA KapTa)

2022

2023

Bepcusa 2.0
«ABTOMaAT»

bonbwmne n
Hosble Tl’mlb' YHUBEPCANbHbIE
OaHHbIX | mozen
Hosble
NPUKNaAHbIE MaKeTbI
ABTOMaTU4YeCKoe RL, NLP....
obyyeHue |
LokymeHmauyus,
rnpeseHmauyuu,
SUOEOMGmepUGﬂbI

JlocTynHa

ANA TeCTUPOBAHUA
| v ucnonbsosanus
| coktabpa 2023

2023: Nnatpopma-rHC 2.0 «AsTomar»

[m] o [m]

2024



MHoromoganbHble CUCTEMbI aHa/M3a U CUHTEe3a UHPOpPMaL UK
B 3aZ4a4ax ynpaBaeHUa NoaBUXKHbIMU 06beKTamum

Busunorep KOpuit BaneHtnHosuuy, a.¢.-m.H., npod. PAH, anpekTtop
No HAaNPaBNAEHUIO — PYKOBOAMTENb HAYYHOIro KoMmnaekca «MCKyCCTBEHHbIN
NHTENNIEKT U TeXHUYecKoe 3peHne» PAY «flocHUUAC», viz@gosniias.ru

Cnacubo 3a aHumaHue!

XIV Bcepoccuickoe coBeliaHue
no npobnemam ynpasnenusa (BCMy-2024)

Mocksa, UMY PAH, 20.06.2024




