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CoaeprKaHue:
TeHAeHUMU/nepcneKTUBbl U aKTyaJibHble pe3ynbTaTbl B UU

B3rnap-2017:

 KomnbloTepHoe 3peHue, rmybokKoe
Pesonouna AU

obyuyeHue U UCKYCCTBEHHbIW MHTENNEKT

- Kpamkuu oatioxcecm npeobioyuwux 00K1a008
- ymo Mol 0enaem 018 sHedpeHusa MHC (2018-2019)

* [ny60oKMe HeMpoHHble ceTH, rnybokas BarNaA-SEE

Pesontouuna N’HC
onTumu3sauua U rybokKoe ynpasneHue

- 0M aHAAU3a OAHHbLIX K ONMUMU3ayuu U yrnpasaeHuro
- 271yboKoe obyyeHue ¢ nooKpernaeHUem Ha 2pagpax

* AKTya/ibHble pe3y/ibTaTbl B KOMMNbIOTEPHOM 'iCV'2°19=
esosouUa

3peHUM N rnyboKkom obyuyeHuu: nponon e

- AMAKU U 3auUumel, BHUMAHUE, 2pagpbl CYEH, CUHMeE3 HO 3amepnAeTca?

O0aHHbIX, 06bACHeHUA, 0by4YeHue be3 NpuMepos... (yenexu u evizosei)



KomnbloTepHoe 3peHue,
rnyboKoe obyueHue
N UCKYCCTBEHHbIU UHTENNEKT



TeXHONOrMU KUCKYCCTBEHHOTO UHTEenNeKTa» (UMA)

®dyHKUMOHanbHbIM U = AO/NO, cnocobHble aBTOMaTUUYECKN BbIMOAHATD
nosie3Hble PYHKLUMU, KOTOPbIE paHee MOT/IN ObITb BbINMOJIHEHbI TO/IbKO YE/IOBEKOM.

NUN-1: mogennposaHue NUWN-2: aHann3 aaHHbIX
4YeN0BEeYECKMX PACCYKAEHNN N MalMHHOE obyyeHune
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@eﬂanblweﬂeop ) eHM-E=€=V=IMTEI1EKL:
[loka3aTenbCTBO Teopi TPAHCTBO'
Jlornyeckoe NPU3HAKOB. JINHENHbIE
nporpammuposaHue pasgenurenu. ,
peAacTraBneHue 3HAHUM: baecoBckoe oby4yeHune.
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Kak pa3BuBanucb texHonorum «M», yero pocturam, yero xaatb? (Barnaa-2017)

PaHHul nepuod pazeumusa UN: co30aHbI OCHOBHble MemoObl U MNooxXoos.l...
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«Kpusas xatina» 0aa UN

3aBblLLEHHbIE 2016-17
OXuaaHus - Tny6bokue copeBHyOLWMECA CETU
- IO c nogkpenneHuem
2000 - O c ncnonb3oBaHMem moaenem,

6a3 3HaHMI1 M 1IorMYecKoro BbiBoAa
- ABTOMaTnueckoe obyueHume rHC

«3nma UN»
MporHo3: 2040+

BTopasa BosHa
pesontouun-FHC

Bce 3agaun U |

Pa3sovapoBaHue ] T

—

NepBana BonHa
pesontouuu N'HC

PYHKUMNOHANBHDbIN
(«cnabbiiin) UA

PocT nHtepeca ]

Anzopummesl U cunok
npouzpbiearom s O0AM

'xospooo

/V PacnosHasaHue (HUP->OKP) | MporHo3: 2020+

- MNosaBneHune rny6oKkux HeipoHHbIX cetei (THC)

- PewneHune 3a4a4 KOMNbIOTEPHOrO 3peHus,
06paboTKM CMrHanoB 1 aHaNM3a 60/1bLWNX AAHHbIX
Ha YPOBHe YesioBeKa U Bbiwe (superhuman)

2011-12

...2011+: 08e 80/1HbI mexHos02u4ecKol pesonroyuu, «cnabeiii» U e 2020



http://images.amazon.com/images/P/B00005ASUM.01._SCLZZZZZZZ_.jpg

2016: O6bHapykeHne n pacno3HaBaHMe 06bHEKTOB
B peasibHom BpemeHun (locHNNAC)
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LIBETOM YKa3aHbl Knaccbl 06bEKTOB: XKenTbli — [ne oTeyecTBeHHble npou,eccopbl'-’
H6pOHETEXHMKA, KPaCHbI — caMoneTbl, ronybom —

[PY30BMKM, CUHWI — aBTOMALLMHBI, 3eneHbIl - niogn  |Ae OTeYecTBeHHoe no AnAa OGV'-IEHVIFI?



2018 19: THC Ha oTeyecTBEHHbIX Npoueccopax

2018: MpoToTnn cMcTtembl aBTOMATU4YECKOro
0bHapy)XeHunA U pacno3HaBaHUA Lenei Ha OCHoBe
rnyboKux cBepPTOUYHbIX HEMPOHHDIX ceTeir. Cuctema
Ha 6a3e nnaTtbl MC121.01 npomnssoactea HTL,
«Mopaynb» ¢ npoueccopom NM6407 (5 Kaapos/cek).
2019: B HacToALLEe BpemA 3aBepluaeTca pa3paboTka
pewenunsa ana ATR c THC Ha 6a3e NM6408,
paboTatoulero B 32 pasa bbicTpee (ckopocme
obpabomku - 60 Kadpos/ceK u sbilie).
MNepcnektnea-2020+: MpoekTt MU «Mempuctop»
(M®TU, HTLL «Moaynb»)

Ynpaanawouwmii npoyeccop ARM Cortex AS 800 Mry

' Nopt agns nogrmouenna DDR3 800 MINy (6.4 I'b/c)
rocikH MM
ApxPneuryp arn pou,#cc Dpa, :
OGECI'IE‘-IMBaIOLU,aFI BbICOKYHO o

npou3+o,qu e’ bHO+Tbl|'HC oTeqw;

Rl=re P

I E é \ 1998 GE

nybokas
KoHBoNOUMOHHAA
- HeiApoHHas

Cetb (FHC)

{IIZII:

2019: oTeyecTBeHHbIE
npoLeccopbl yXe ecTb

NM6408




2020+:

sadaua * HecoBmecTUMOCTb Pa3/TINYHbIX CPeacTB U CUCTEM pa3pa60TKM
pacnosHasaHus | PelleHune: co3gaHne oteyecTBeHHOW nporpammHon MNaatdopmel
obpasos He Ana obyveHuna n boprosomn peannsaumm MHC

MOoOsibKoO

aa120pUMMUYECKU YHuduuyupoBaHHaa nnatpopma EAnMHaA MHTerpupoBaHHaAa cpeaa
AL CeptudunumposaHHbii Ha HAB ucx. Kop,

Ho 0osedeHa *  MIMNOpPT/3KCNOPT U3 OCHOBHbIX O6vueHue FHC

0o cmaoduu bpernmMBOPKOB 1 Oonnx y

OKP «Mnatdopma-FHC» (2018-2020)

Mpobnema: ncnonb3yotca 3apybexHbie cpeactsa obyueHms N'HC
(cuctemnl Caffe, Caffe2, Pytorch, TensorFlow, Theano u gp.):

* HeBo3MOXHa cepTnduKauma Ha HAB
* HeT nogaeprKKM oTe4eCcTBEHHbIX AAaTYNKOB U BbIYUC/TUTEIEN

mexHosoau4yeckol | * Hanunume TMNOBbLIX peweHuni ana
20mosHocmu OCHOBHbIX 3a4a4

K OKP

* [loapeprkKa oTedecTBeHHbIX annapaTHbIX
nnatpopm n otevectTBeHHbIX OC

* KOHTpO/ib AOCTYNA K AaHHbIM U MPOeKTam

* Huskue TpeboBaHuA K KBanndpukauum UTP

CHu}KeHMe nopora Bxoaa => pe3Koe yBeanvyeHue
ymncna pa3paboTuMKoB => BO3MOXKEH NPOPbLIB
B maccosom BHegpeHuun NrHC B uspenusa BBCT

MpeobpasoBaHue
THC

AnnapaTtHan
peanusauma N’HC

Neure
Y 2020 byner

oTeyectBeHHoe O



nyboKne HEUPOHHbDbIE ceTu,

rnybokaa ontumusayus
n rnyboKoe ynpasneHue



rnybokasa ontumusauyma: 83rnag-2019 Ha pesontouuto 'HC 1 ee nepcneKTusbl

2020+:
npu
nomowiu
THC
Moxcem
6b6Imob
CO30aH
«c1abobil»
6opmosoli
nn...

HO Mo He
2/1a8Hoe -
rHC
moaym
dameo
Hayke u
mexHuKe
20pa300
6oabwe!

Ha camom gene HeT HUKAKOro
npopbiBa B metogax UU - ectb
NPOpbIB B METOAAX JIOKA/IbHOM
OoNnTUMM3aL MUK, CBA3AHHbIN C
ncnonbsosaHnem MHC.

Mbl UMmeem 4eno He C HOBbIMMU
MmeTodamu n noaxoaamm B A,

a C HOBOM rpynnom MOLWHbIX
NHXEHEPHbIX MEeTOA0B:
«2n1yboKumu» memooamu
MoOenuposaHus, ynpasaeHus u
onmumusayuu.

J1ornka pa3BmuTnA 3TUX MEeTo40B
N TEXHOJIOTUI B NOCAeAHUe roabl
COCTOMT B Nnepexoae oT 3aaau
06paboTku n aHanusa
MHPOpMaLUM K 3aga4am
ynpas/seHna 1 oNTUMU3ALUMN.

=

=

OnTmmsaums obamka obvekTa (DRL)
YnpasneHue o6bektom (DRL)
Moaennposanue (GAN)

HabntioneHue 3a
obbekTOM

(CNN, 3peHune, peyb,
curHansbl, BigData)

FHC moryT pewaTb ntobble 3aaa4m, KOTOPbIE
GOpPMYNUPYIOTCA KaK 3a4a4M ONTUMU3ALUN.

lNMepcneKTuBHbIEe UHTENNEKTYa/IbHble CUCTEMDI
Ha ocHoBe NHC 310 y)Xe He TonbKo CT3 n gake
He TONIbKO «6opTOBOI UHTEeANeKT»! ITo npo
BCe 3a4a4uM Co34aHuUA U NnpumeHeHus (ot
0b2MKa n anropnuTMoB A0 ONTMMM3ALUMN
NPOW3BOACTBA M IKCMN/IyaTauuun) nspgenu.




MNepexop ot rnybokoro obyueHunsa K rnybokoit ontummsaumm

A
How can we
NockonbKy npumeHeHue NHC make it happen?
B ONTUMM3ALMUOHHbDIX 3a4a4ax What will Prescriptive
MaLUMHHOro 06yyeHus EEpar
— 0Ka3anocb Ype3BblyaiiHO S
K| —
3P PEKTUBHDbIM,
MX HA4YaNn aKTUBHO
NPUMEHATb U ANA peLueHUsn
APYrux sagady onTMMMU3aLUM...
>
Difficulty
Daga propagation oure:t-ob— OLUMGKM
Y '.';: 'O“ Bbixoabl - | €= OTBeThI
-®- 'S} 74 ceTun yuuTens
.- O N -
NMpousBoagHas owWMOKM MeHsAeT Beca
<K

> 0byueHue = ONnTMMM3aumna: MMHUMMU3aLUA OWNOOK Ha BbibopKe



nybokasa onTumunsaumsa: Kak 1 noyemy 31o paboraer

Mbi ncxogum ns apyx pakros:

1. Bce maTemaTuyeckme mogenu
onucbiBaloTcAa rpadpamum

2. Bce 3apaum npuknagHou
MaTeMaTUKU PeLlaloTCA KaK 3a4a4um
onTMummn3sauum Ha rpadax

Kakoe omHoweHue amo umeem K
Helpocemsam?

BoT Kakoe:

1. Tny6oKkne Henpocetu tenepb
ymetot obpabaTtbiBaTtb rpadbi

(Deep Graph Embedding)

2. THC Ha rpadax moryt nomoub
3HAYMTE/IbHO Nlyylle pewaTb 3a4a4m
onTUMM3aLUN.

Mouyemy? Kak samo pabomaem?

HAP.

Vmpom connye oceemuno poomnyro 0epesmio.

YU Enaz. npun.
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ny6oKaa onTummsaumsa B KacCMYeCcKUX 3agadax

NMPUMEP: Mamemamu4ecku 00KA3aHO, Ymo Halimu
onmumanvHsil (Kpamyaliwuli) nyme ¢ 6o3spamom,
nocew,as Kax)coblili 20p00 00UH pPa3, MOXHO MO/bKO
noaHsim nepebopom (NP-mpydHas 3adaya)

T'HC moryT a¢pPpeKTUBHO Bbly4MBaTb IBPUCTUKMU
paboTbl c rpadamm B 3TUX 3a8a4ax.

Kak npaBuno, peanbHble 33434 B HaCTHOM
cnyvyae HaMHOTO npolle, Yem B obuiem.

HC moryT BblyunTb HESIBHbIE OCOOEHHOCTU
NPaKTUYECKOM YacTHOM 3a4a4m (HenM3BecTHoe
pacnpeaeneHme cay4amHbIX SN1EMEHTOB) U
Bblpa3nTb UX B 3BPUCTUKAX ee 3PPEKTUBHOIO
pelweHuna.

3apavya KommuBosKeépa O\

* £ . el e
o . e . é. ' , I;*’
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4 | »
. Te \'v \ - b "“&L ?
S S / A
PeanbHasn
NpPaKTU4yecKan

3agaua

3apaua opuumaHTa \ /

CNOXHOCTb 3AAAYU

NP-mpyOHa
(pewaemcs
MOSHbIM
nepebopom)

272727227

SppekmusHas
38pUCMUKa
Heo4ye8UOHa 018
Yyesi08€eKa, Ho
moxcem bbimo
pacrno3HaHa THC

Oue-8udHa
(38pucmukKa
peweHUs ne2Kko
pacrno3Haemcs
rno obpasy
3a0a4u)



Deep Reinforcement Learning: obyueHue c nogKpenaneHnem
* Reward R(1): score you earned at current step
Bo3HarpakaeHue (Bbiurpbill nocse xoaa)

[nasHbIU KoY K

peweHuto
3a0ay4 2nybokKol
onmumu3ayuu:
2nyb6oKoe obyyeHue
C NoOKpenaeHuUem
0711 8bly4UBAHUSA
sspucmuk!

Kakum cnocobom yuntb Takue cetn?
Cnocob oKasanca AaBHO U3BECTEH,
M OH CBA3aH C 3aga4amum ynpasneHus!

State S: current screen
CocTtosiHue (4TO BUAUM Ha IKpaHe)

Action i: move your board left / right
DeictBue (uto genaem)

Action value function Q(S, i): <

Policy (s): How to choose your action

state
S;

your predicted future total rewards
CtoumocTb (BbiMrpbiw B byayuwem)

PeweHue (Kakou xopm Bbi6paThb)

reward

Rt
E ‘ R!+1
| S.t+l

":l Agent :

Environment ]4—

-

action
At

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

PyYyHKUMA
bennmana!

Cxema
3HOKoOmMa ecem
cneyuaaucmam
no meopuu
ynpaeneHus



Deep Graph Embedding + Deep Reinforcement Learning

CoeguHaem rnybokue cetn Ha rpadax u obyueHue ¢
nogKpenaeHnem: Y4MMmCcs «UrpaTb» B KlacCUYecKue
331341 ONTUMM3ALMNUN, KOTOPbIE TPAANLMOHHO
MCMNONb3YyOTCA B OU3HECe, NOTUCTUKE, TPAHCMOPTE...

| | | |
=) [ 3 - [ ) _‘
Append the best
' node in

Input Graph ~ GCN (supervision) Embedding Q-learning Embedding solution

"4

Train

CerogHa (2019) 3apaum rnybokoit onTMMmuU3aL MM peLlaloTca Ha
rpagax c MUANNOHAMM BEPLLUUH, YTO NO3BO/IIET YXKE NepexoauTb K
NPaKTUYECKOMY BHEAPEHUIO B CAMbIX MACLLITabHbIX NPUNOXKEHUAX

Learning Heuristics Over Large Graphs Via Deep Reinforcement Learning (Akash Mittal et.al., 2019)



Deep Graph Embedding + Deep Reinforcement Learning
B aBTOMAaTUUYECKOM A0Ka3aTenbcrse Teopem (2017-2019)

Deep Graph Embedding Bonee coBpemeHHble paboTbi:
. Urban, J., Kaliszyk, C., Michalewski, H., and
; = :.v_) Ol34k, M. (2018). Reinforcement learning
vxay P(6) A Q(x,y) [: > J-.,‘,«T_,;_ﬁ > ’j; . of theorem proving. In NIPS.
PN (o) Ce) (o) { /"p‘) CQ

~A» THRES NS —*7//"> https://arxiv.org/abs/1805.07563

« Automated Theorem Proving in

HolStep [Kaliszyk et al. 2017] Intuitionistic Propositional Logic by Deep
* Benchmark for machine learning for Theorem Proving Reinforcement Learning (2108)
2" conjecture-fact pairs of higher-order logic statements https://arxiv.org/abs/1811.00796
« HOList: An Environment for Machine
Conjecture: Ya¥3 (sin(a) = sin )= ({la= J)V (a 5)) 1 1 i
' = (la=EN Learning of Higher-Order Theorem Proving
elevant fact: Va9 sinlao sinle)dcostBY — <y \ .
pEROLIIC : (extended version) (2019)
Irelevant fact: (z>0) A (> 0) = (2y/>.0) https://arxiv.org/abs/1904.03241
chucncelembcdqu Granhlrm""""'"" . https://github.com/tensorflow/deepmath
[ 1
CNN CNN-LSTM Ours Iny6bokasa ontumusauma un
[Kahszyk et al. *17) [Kaliszyk et al. *17]
s - o no3Bosn/ia 06veguHUTDL

obyuaemoctb UN-2
Seen and Thinking, ICCV, 2017 C UHTeNNneKTyanbHocTbio UN-1


https://arxiv.org/abs/1805.07563
https://arxiv.org/abs/1811.00796
https://arxiv.org/abs/1904.03241
https://github.com/tensorflow/deepmath

Deep Graph Embedding + Deep Reinforcement Learning
rnybokue cetn popmupylot u yuat rnybokue cetu

ObyuyeHune c noakpenneHnem. Q-Learning. rny6okas onTMmusauma
32 GPU (Mpeabiaywmin sBapmaHt 800 GPU) — ocHosa AutoML
Accuracy Sample blocks | Enu,s 1 [ Corv.3 |

‘
add | | concat |

T.e. peyb He udem o
8HedpeHuUu NN e

0bsacme ynpasneHus
|, U onmumu3sayuu.
BCE HAOBOPOT:
MeTopgbl rnyb6okoro
ynpasaeHua n

onTMMMU3aLUun
Practical Network Blocks Design with Q-Learning, CVPR-2017 BHeAPAITCA B

https://arxiv.org/pdf/1708.05552.pdf obnactn Nn!

enwvl




nyboKaa onTumusauusa B ucciegoBaHUm onepauui n ynpasaeHum

2019: THC moryT
pewaTb noodbIe
3aga4u, KoTopble
cdopmynupyroTcsa Kak
3agavm onTMMM3aummn

TexHosno2usa
co3peJa,
Heobxoodumo
cmasumb
cepbe3Hblie HNOKP

OnepamueHO-makmu4ecKoe AemoOHOMHOe ynpaesieHue
u 2pynnoeoe ynpasJjeHue

o2 [ 2] [N StarCraft Il - TakTUYECKUM cUMyNsTop

2,2015-17; C YNpOLWEHHOM MOAE/NbI0 BeaeHMs 608
2rHC AlphaGo/]

: %FHC AlPPaZ,éFO 25 aHBapAa 2019 r. KoMnaHus
' DeepMind ony6ankoBana penus

AlphaStar: Mastering the Real-Time
[lokazamenb 3penocmu: Strategy Game StarCraft ||

uzpoebie 3ada4vyu - rnybokas cetb AlphaStar cyeTom
_ 11:1 no6beguna BegyLmx

npodeccMoHa/ibHbIX UFPOKOB
B StarCraft Il

HaBurauus

YnpaBneHue

O6yu4eH 3HaHusa

L

u onmumu3ayusi obnuka usoenuu




TEKYWMUE NPOEKTRI (TOCHUUAC, 2019)

PeweHue 3ada4u nnaHuposaHusa/ompakeHusa
amaku 2pynn bJIA Ha Ha3zemMHble 06 beKmbl

KOMMNbIOTEPHAY MOAEADL
[MBO mt BAA TocHMMNAC

*  MoAEeAMPOBAHUE
BCEX COBPEMEHHbIX
CPEACTB-NMOPAXKEHMS
MBO m BBC

*  MOAEAMPOBAHUE
BAA 1 nx HoCUTEAEM

*  MOAEAMPOBAHUE
OCOOEHHOCTEM
paboTbl cpeacTts POb

*  MoAEAMPOBAHME
peAbeda 1 PABOTHI
PAC

*  MoOAEAMPOBAHME
CTPYKTYpPbI BC U
MOAPO3AEAEHMN

*  BO3MOXHOCTb
BO3BPATA M MO
BOEMEHM

AATOPUTMbI:
multi-agent RL

Human-level performance in first-person
multiplayer games with population-based
deep reinforcement learning. 2017

population based RL

Human-level performance in first-person
multiplayer games with population-based
deep reinforcement learning 2018

actor-critic
IMPALA: Scalable Distributed Deep-RL

with Importance Weighted Actor-Learner
Architectures. 2018

Anpenb 2019: U.S. Army Research,
Development and Engineering
Command (RDECOM) Research
Laboratory u U.S. Army Research
Laboratory (ARL) coobwmnu o peweHnu
B 2019 r. co3gatb Apmenckui
MHHOBAUWOHHbIN UHCTUTYT
UckycctBeHHOro MHTennekta (A212)
ONA KOOPAUHALMN N YCKOPEHMUSA
byHAAMEHTaIbHbIX UCCIeA0BaHUMN
cneundUYHbIX A4Na apmum npobaem
passutua U B HanpaBaeHUU
ABTOHOMHOTO ynpaBaeHUs
ME}XBNA0BbIMU ONnepaumamm

KntoueBasa TexHonorms:
oby4yeHue

C NoAKpenieHneM

' Ha rpadax




TEKYWUE NPOEKTDI (TOCHUUAC, 2019)

ObyyeHue dsuxKeHuUKw aHmponomopgpHo20 poboma
(coBMmecTHO ¢ AO “AHgponaHasa TexHUKA”)

AATOPUTMBbI: T i e s
multi-agent RL R >
Human-level performance in first-person multiplayer games : =
with population-based deep reinforcement learning. 2017 P e _’ g =,
population based RL A e e S o
Human-level performance in first-person multiplayer games T A L 7y
with population-based deep reinforcement learning2018 = S = '*-B. G e '
actor-critic o i ¥ S 7 S 3
IMPALA: Scalable Distributed Deep-RL with T o P oA
Importance Weighted Actor-Learner Architectures. e P e Pl
2018 CH AT e vy

OCHOBHbIE NPOBAEMBI: TR AT L
MeaAAeHHas MaT. MOAEAb AL TS

- 8 %
SimTime: 00:00:00:00.192
TimeScaler: 0.50000

// [nybokas
/ onmMumMuU3ayusa
8 U2po8bIX
3a0a4ax
u 3a0a4ax

ynpaeneHus




AKTya/ibHble pe3y/bTaTbl

B KOMNbIOTEPHOM 3pPeHUMU
n rnybokom obyueHumn

[lo mamepuarnam KoHgpepeHyuu ICCV-2019

A



Kntoyesble Tembl ICCV-2019

Sensors

Adversarial Attack

AutoML, Neural Architecture Search (NAS)
Graph Convolutional Networks (GCN), Attention

Domain Adaptation, Generative Adversarial
Networks (GAN)

Knowledge Distilling

Few-Shot Learning / Detection / Segmentation
Zero-Shot, Grounding

MemoryNet

Scene Graph, VQA

Explanation



Sensors



Asynchronous Single-Photon 3D Imaging

Anant Gupt, Atul Ingle, Mohit Gupta
University of Wisconsin-Madison

(c) Single-Photon 3D Imaging

(a) Single-Photon Cameras (b) Potential Applications Synchronous Acquisition [Conventional] Asynchronous [Proposed]
low power vision no ambient light with ambient light with ambient light
photons <o = " ‘ ‘
£3 . S =T HE l - hya [amblent ight i
< g /<K> o g2l = time £ l b [amblent light] tme | = time
g = _ pixel 4 ..LQ _ S synchronized staggered
S intensity / - g/~ s i start times | SPAD gate open ' l»:.;.grt times
1¢]0,255) : v }6’1—_‘/“ - Q 1% eycle o — o —— t i —"?»
autonomous Photon §§ S e = . T - e A
i 3 5 T — -
naiigation Imaging . ég 37 cydle g Tttt L e
a4 == ~N

g photon microscopy Rl — B, o S O _[ i 2 1 I
- w
<] . - £ k g

— FN - € b photon pileup =
'ﬁ L ‘ @ (’,—/}a g § § S distortion peak buried § _| peak easily
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Learning Single Camera Depth Estimation using Dual-Pixels
Rahul Garg Neal Wadhwa Sameer Ansari Jonathan T. Barron
Google Research

Focal
Lens
i (a) Traditional Bayer Sensor (b) Dual-Pixel Sensor
7 Figure 2. A modern Bayer sensor consists of interleaved red,
— green, and blue pixels underneath a microlens array. (a). In dual-
e L.l | [1] pixel sensors, the green pixel under each microlens is split in half

(b), resulting in two green images that act as a narrow-baseline
stereo camera, much like a reduced light field camera.
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Person-in-WiFi: Fine-grained Person Perception using WiFi
Fei Wang, Sanping Zhou, Stanislav Panevy, Jinsong Han, Dong Huang
The Robotics Institute, Carnegie Mellon University
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Making the Invisible Visible: Action Recognition ThroughWalls and Occlusions
Tianhong Li, Lijie Fan, Mingmin Zhao, Yingcheng Liu, Dina Katabi
MIT CSAIL

P1: None P1: Thro
P2: None P2: Phone call
P1&P2: Handshake P1&P2: None

Figure 1: The figure shows two test cases of our system. On the left, two
people are shaking hands, while one of them is behind the wall. On the
right, a person is hiding the dark and throwing an object at another per-
son who 1s making a phone call. The bottom row shows both the skeletal
representation generated by our model and the action prediction.
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Adversarial Attack



ATaKu Ha pacrno3Hatowme HEMPOHHbIE CETU

original

(a)

Multi-target
Adversarial Network

——— ————————

Feature
Integration
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Prediction

Attacked
Model

Adversarial Samples to Different Targets
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99.97% 99.81%

Original Images
99.92%
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Cabbage Butterfly

Banjo Basketball

Academic Gown

Once a MAN: Towards Multi-Target Attack via Learning Multi-Target Adversarial
Network Once, ICCV-2019, Jiangfan Han, Xiaoyi Dong, Ruimao Zhang, Dongdong
Chen, Weiming Zhang, Nenghai Yu, Ping Luo, Xiaogang Wang

| 0+ 1 inf | 0+ o0-map

Sparse and Imperceivable Adversarial Attacks
Francesco Croce, Matthias Hein
University of Tubingen



ATaKM Ha NOUCKOBbIE HEMPOHHbIE CeTU

—— Attacking > Feature shift ——= Retrieval
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Perturbation List-wise
Universal Perturbation Attack Against Image Retrieval «—— Gradient Back Propagating —— Forward Propagating

Jie Li, Rongrong Ji, Hong Liu, Xiaopeng Hong, Yue Gao, Qi Tian



ATaKM HA ONTUYECKNIN NOTOK (B aBTOHOMHOM BOXAEHWUN)
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FoetC

SpyNet

LDOF

Unattacked Attacked

Attacking Optical Flow, ICCV-2019
Anurag Ranjan, Joel Janai, Andreas Geiger, Michael J. Black



ATaKM HA ONTUYECKNIN NOTOK (B aBTOHOMHOM BOXAEHWUN)
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Attacked Reference Unattacked Flow Attacked Flow Difference

Pesynbratom TAaKO aTaKu B pPea/ibHOM MUpPEe MOXKET CTaTb aBapuf C HesloBe4YeCKUMMU KepTBaMM...

Attacking Optical Flow, ICCV-2019
Anurag Ranjan, Joel Janai, Andreas Geiger, Michael J. Black
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Improving Adversarial Robustness via Guided Complement Entropy,
Hao-Yun Chen, Jhao-Hong Liang, Shih-Chieh Chang, Jia-Yu Pan, Yu-
Ting Chen, WeiWei, and Da-Cheng Juan

Figure 2: An illustration of qFool in targeted attacks.
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AutolML: asTomaTuuecKkoe obyueHue rnybokux ceteu

Nepsoe noKkoneHue AutoML (2016-2018)
o Jlydwue pesynbraThl B 3agade
knaccudgukaumm Ha CIFAR-
10/ImageNet (Bbilwe npuayMaHHbIX
4YesI0BEKOM apXUTEKTYP)
o BbiqyucniumernbHblie mpebosaHUus:
CoTtHu cepBepoB ¢ GPU/TPU
(~500-800 GPU)

Sample architecture A
with probability p

2017: l

Trains a child network
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CcchopmMUpPOBAHHbIE J
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Compute gradient of p and
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Softmax classifier

Controller RNN

Number| Filter Filter Stride Stride | |Number|
. | Height [+ | wiath |, .| width |, jof Fitersf:
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Embedding

*Neural Architecture Search with Reinforcement Learning

Barret Zoph* , Quoc V. Le Google Brain ICCV 2017

*Learning Transferable Architectures for Scalable Image Recognition
Barret Zoph,Vijay Vasudevan, Jonathon Shlens, Quoc V. Le CVPR 2018
*Reqgularized Evolution for Image Classifier Architecture Search
Esteban Real, Alok Aggarwal, Yanping Huang, Quoc V Le 2018

BTtopoe noKkoneHue AutoML (2018-2019)

o Jlydwwme pesynerathl Anga 3agad
obHapyKeHns N pacno3HaBaHUA

o YYeT cneundunku 3agadm u apxXuTeKkTypbl
KOHEYHOrO BbIYMCIINTENS

« BbiyucnumersbHble mpebosaHUus: lMpoyecc
oT 200 GPU/4yacoB — cpaBHuMoO ¢ = @fimumusayuu:
0BbIYHbIM 0ByYeHneM noobop

[ ¢punempos,

F i e v cggvf — 6710K08, cnoee

S N u napamempos
————— J—— ST
(1) Update weight parameters - Ig:s :‘;:smm‘;':’wy (2) Update architecture parameters i oeap €
SR N 2022+:
mr A epcrnekmusa MoaHol
' (5] 1 asmomamusayuu
o o npoueccos 06y4YeHus

*PROXYLESSNAS: DIRECT NEURAL ARCHITECTURE
SEARCH ON TARGET TASK AND HARDWARE

Han Cai, Ligeng Zhu, Song Han arxiv 2019

*DARTS: DIFFERENTIABLE ARCHITECTURE SEARCH
Hanxiao Liu, Karen Simonyan, Yiming Yang ICLR 2019



Saining Xie, Alexander Kirillov, Ross Girs
Facebook Al Research (FA

Exploring Randomly Wired Neural Networks for Image Recognition

nick, Kaiming He

Figure 1. Randomly wired neural networks generated by the
classical Watts-Strogatz (WS) [51] model: these three instances
of random networks achieve (left-to-right) 79.1%, 79.1%, 79.0%
classification accuracy on ImageNet under a similar computational
budget to ResNet-50. which has 77.1% accuracy.
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Figure 3. Comparison on random graph generators: ER, BA, and WS in the small computation regime. Each bar represents the results
of a generator under a parameter setting for P, M, or (K, P) (tagged in x-axis). The results are ImageNet top-1 accuracy, shown as mean
and standard deviation (std) over 5 random network instances sampled by a generator. At the rightmost, WS(K, P=0) has no randomness.
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Deep Graph Embedding: rny60|me CeTU Ha rpacbax
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Deep Graph Embedding: rnyboKkune cetu Ha rpadax

Ce200HA cemu Ha 2padghax yxce He
9K30mMuKa. Mmeemca MHOXecmeo

Model Framework | Github Link docmynHbIX peaausayudl...
ChebNet (2016) [12] tensorflow | https:/ /github.com/mdeft/cnn_graph

1stChebNet (2017) [14] tensorflow | https:/ /github.com/tkipf/gen

GGNNs (2015) [19] lua https:/ /github.com/yujiali/ggnn

SSE (2018) [20] c https:/ /github.com/Hanjun-Dai/steady_state_embedding
GraphSage (2017) [25] tensorflow | https:/ /github.com/williamleif/GraphSAGE

LGCN (2018) [28] tensorflow | https://github.com/divelab/lgen/

SplineCNN (2018) [89] pytorch https:/ /github.com/rustyls/pytorch_geometric

GAT (2017) [15] tensorflow | https://github.com/PetarV-/GAT

GAE (2016) [62] tensorflow | https:/ /github.com/limaosen(/ Variational-Graph- Auto- Encoders
ARGA (2018) [64] tensorflow | https://github.com/Ruiqi- Hu/ARGA

DNGR (2016) [42] matlab https:/ /github.com/ShelsonCao/DNGR

SDNE (2016) [43] python https:/ /github.com/suanrong /SDNE

DRNE (2016) [66] tensorflow | https:/ /github.com/tadpole/DRNE

GraphRNN (2018) [67] tensorflow | https:/ /github.com/snap-stanford /GraphRNN

DCRNN (2018) [73] tensorflow | https://github.com/liyaguang/DCRNN

CNN-GCN (2017) [74] tensorflow | https://github.com/VeritasYin/STGCN_IJCAI-18

ST-GCN (2018) [75] pytorch https:/ /github.com/yysijie/st-gen

Structural RNN (2016) [76] | theano https:/ /github.com/asheshjain399 /RNNexp

A Summary of Open-source Implementations

A Comprehensive Survey on Graph Neural Networks (Zonghan Wu et.al., 2018)




Deep Graph Embedding: rnybokue cetn Ha rpadax

Area Application Algorithm Deep Learning Model
GCN Graph Convolutional Network
Text classification GAT Graph Attention Netwo_rk
DGCNN Graph Convolutional Network
Text GCN Graph Convolutional Network
Sentence L5TM Graph [STM
Sequence Labeling (POS5, NER) Sentence L5TM Graph [STM
Sentiment classification Tree L5TM Graph [5TM
Semantic role labeling Syntactic GCN Graph Convolutional Network
Neural machine translation 5].-11{:_1::!1': GCN Graph Convolutional Network
Text GGNN Gated Graph Neural Network
Tree L5TM Graph [STM
Relation extraction Graph LSTM Graph [STM
GCN Graph Convolutional Network
Event extraction Syntactic GCN Graph Convolutional Network
AMR to text generation 5-9nte_~n_ce LSTM Craph [STM
) GGNN Gated Graph Neural Network
Multi-hop reading comprehension | Sentence LSTM Graph [STM
RN MLP
Relational reasoning Recurrent RN Recurrent Neural Network
IN Graph Neural Network
Social Relationship Understanding | GEM Gated Graph Neural Network
GCN Graph Convolutional Network
Image classification GGNN Gated Graph Neural Network
‘ ‘ ‘ ADGPM Graph Convolutional Network
GSNN Gated Graph Neural Network
Visual Question Answering GGNN Gated Graph Neural Network
Image Object Detection EN Graph Attention Network
8 Interaction Detection GPNN Graph Neural Network
’ Structural-RNN Graph Neural Network
Region Classitication GCNN Graph CNN
Graph LSTM Graph [STM
Semantic Segmentation GGNN Gated Graph Neural Network
DGCNN Graph CNN

3DCNN

Graph Neural Network

Ce200HA cemu Ha 2padghax yxce He
9K30mMuKa. Mmeemca MHOXecmeo
0ocmynHbix peaausayul

U NpaKmu4yecKux npuaoxceHul

-
.

lovely

-

Applications of graph neural networks

Graph Neural Networks: A Review of Methods and Applications (Jie Zhou et.al., 2019)



Deep Graph Embedding: rnybokue cetn Ha rpadax

Area Application Algorithm Deep Learning Model
IN Graph Neural Network
Physics Systems VIN Graph Neural Network
GN Graph Networks
. ) , : NGF Graph Convolutional Network
Sclence Molecular Fingerprints GCN Graph Convolutional Network
Protein Interface Prediction GCN Graph Convolutional Network
Side Effects Prediction Decagon Graph Convolutional Network
Disease Classification PPIN Graph Convolutional Network
Knowledge | KB Completion GNN Graph Neural Network
Graph KG Alignment GEN Graph Convolutional Network

Combinatorial Optimization

Graph Neural Network

Graph Convolutional Network

S te

NetGAN Long short-term memory
GraphRNN Kucurrent Neural Network
Graph Generation Regularizing VAE | Variational Autoencoder
GCPN Graph Convolutional Network
MolGAN Relational-GCN
ey 2 1 2
1 ~ Next Step | | ‘\\5
4 3 /
- 4_;' '_a_-*'; - -
Ganerata\ (f) generation
0 0

-
VAN

(a) physics

Ce200HA cemu Ha 2padhax yxce He
3K30muKa. Mmeemcs MHOX¥ecmeo
docmynHbIX peaau3ayuii

U NpaKmu4yecKux npunoxeHul

{b) molecule

Applications of graph neural networks

Graph Neural Networks: A Review of Methods and Applications (Jie Zhou et.al., 2019)



DeepGCNs: Can GCNs Go as Deep as CNNs? T icey 2019

Guohao Li, Matthias Muller, Ali Thabet, Bernard Ghanem 4= == Se! Koren
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2D Shape Representation: Fast Interactive Object Annotation with Curve-GCN
Huan Ling, Jun Gao, Amlan Kar, Wenzheng Chen, Sanja Fidler

CNN
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image Boundary initialization — prediction
Prediction Extraction

GCN-0ns onucarnus 2D ¢popm
udes «GKMUBHO20 KOHMYypPa»

-
m Curve-GCN
] Interactive Object Annotation Tool

-
Add box Potygon € Spline

Figure 6: Automatic mode on Cityscapes. We show results for individual instances. (top) Spline-GCN, (bottom) ground-truth. We can observe that our
model fits object boundaries accurately, and surprisingly finds a way to “cheat” in order to annotate multi-component instances.



3D Shape: Learning to Predict 3D Objects with an Interpolation-based Differentiable Renderer
Wenzheng Chen, Jun Gao, Huan Ling, Edward J. Smith, Jaakko Lehtinen, Alec Jacobson, Sanja Fidler
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Figure 1: Mlustration of
our Differentiable Rasteriza-
tion.
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CeTu Ha rpadax gna onucaHMA TpeXMepHbIX AMHAMMUYECKUX CLEeH
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Exploiting Spatial-temporal Relationships for 3D Pose Estimation via Graph Convolutional Networks
Yujun Cai, Liuhao Ge, Jun Liu, Jianfei Cai, Tat-Jen Cham, Junsong Yuan, Nadia Magnenat Thalmann



Pre-computed
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CeTu Ha rpadax ana onucaHuaA TpexmepHbIX AMHAMUYECKUX CLLEH
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MeteorNet: Deep Learning on Dynamic 3D Point Cloud Sequences

Xingyu Liu, Mengyuan Yan, Jeannette Bohg



Graph Attention Networks
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In the area of Natural Language Processing where Transformer style models have
become state of the art on many tasks. Motivation: Learning long-range dependencies is
a key challenge for conv layers, which is important for symbolic sequences.

Attention Is All You Need (Ashish Vaswani et.al., 2017)



Graph Attention Networks
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Figure 1: Left: The attention mechanism a(WEi, Wﬁj) employed by our model, parametrized

by a weight vector a € R2F § applying a LeakyReLLU activation. Right: An illustration of multi-
head attention (with ' = 3 heads) by node 1 on its neighborhood. Different arrow styles and
colors denote independent attention computations. The aggregated features from each head are

concatenated or averaged to obtain E"l

Graph Attention Networks (Petar Velickovic et.al., 2018)



Domain Adaptation, Generative
Adversarial Networks (GAN),
Realistic Data Synthesis...
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Adaptive Deep Models across Visual Domains, Kate Saenko, ICCV, 2017



Generative Adversarial Networks (GANSs)

b

horse — zebra

GAN - ceTb,
obnapgatowan
BOObpaxkeHnem!

Unpaired Image-to-Image Translation using Cycle-Consistent
Adversarial Networks, Jun-Yan Zhu et al., ICCV, 2017



SinGAN: Learning a Generative Model from a Single Natural Image
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SinGAN: Learning a Generative Model From a Single Natural Image, ICCV-2019, LCLV 2019
Tamar Rott Shaham, Tali Dekel, Tomer Michaeli y % Seoul kovea




SinGAN: Learning a Generative Model from a Single Natural Image

Training Example Input Paint Neural Style Transfer SinGAN (Ours)
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lNMpakTnyecKkn HeorpaHMYeHHble BO3MOXHOCTU Pea/IMCTUYMHOIN0O MaHUNYIMPOBAHUA AAHHbIMM...

SinGAN: Learning a Generative Model From a Single Natural Image, ICCV-2019,
Tamar Rott Shaham, Tali Dekel, Tomer Michaeli



[etanbHaa reHepaumna 3D amua no ogHoMy n3o0b6parKeHuto

(a) input image (b) output 3d face (c¢) textured 3d face (d) input image (e) output 3d face (f) textured 3d face

npaKTM'-IECKM HeorpaHn4yeHHbié BO3MOXXHOCTU Pea/IMCTUYHOITo MaHNNyaimposaHnAa AaHHbIMM...

DF2Net: A Dense-Fine-Finer Network for Detailed 3D Face Reconstruction, ICCV-2019
Xiaoxing Zeng, Xiaojiang Peng, Yu Qiao



IletanbHaAa reHepauna 3D moaenu Tena 1 No3bl

UV Transform

npaKTM'-IECKM HeorpaHn4yeHHbié BO3MOXXHOCTU Pea/IMCTUYHOITo MaHNNyaimposaHnAa AaHHbIMM...

Tex2Shape: Detailed Full Human Body Geometry From a Single Image, ICCV-2019
Thiemo Alldieck, Gerard Pons-Moll, Christian Theobalt, Marcus Magnor



[MepeHoc auxKeHuaA: EveryBody Dance Now
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npaKTM‘-IECKM HeorpaHn4yeHHbié BO3MOXXHOCTU Pea/IMCTUYHOITo MaHNNyaimposaHnAa AaHHbIMM...

Everybody Dance Now, ICCV-2109,
Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros



EveryBody Dance Now
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Everybody Dance Now, ICCV-2109,
Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros
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EveryBody Dance Now

npaKTM‘-IECKM HeorpaHn4yeHHbié BO3MOXXHOCTU Pea/IMCTUYHOITo MaHNNyaimposaHnAa AaHHbIMM...

Everybody Dance Now, ICCV-2109,
Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros



Rethinking ImageNet Pre-training
Kaiming He, Ross Girshick, Piotr Doll ar
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Figure 1. We train Mask R-CNN [13] with a ResNet-50 FPN [26]

and GroupNorm [48] backbone on the COCO train2017 set

lMepeHoc obyyeHus 8 yenesoli OoMeH nymem
npedobyyeHusa Ha boabwux 6a3zax us opy2020 0omMmeHa
He ob6aszameneH! MOXHO y4yumeo u ¢ HynsA.

lMpedobyyeHue none3Ho 014 ycKopeHus obyyeHuUs
U KOMMeHcayuu Hedocmamekos 8bI60pKU 8 yesnesom
domeHe.

Bonvwue 6a3bl u3 Opy2ux oomeHo8 mo2ym b6bime
nose3Hsl, Ho rnosesHee bbiau bbl 60nbwue b6asbl U3
yesnesoeo domeHa!

- Training from scratch on target tasks is possible without architectural changes.

- Training from scratch requires more iterations to sufficiently converge.

- Training from scratch can be no worse than its ImageNet pre-training counterparts under many
circumstances, down to as few as 10k COCO images.

- ImageNet pre-training speeds up convergence on the target task.

- ImageNet pre-training does not necessarily help reduce overfitting unless we enter a very small data.

- ImageNet pre-training helps less if the target task is more sensitive to localization than classification.



Knowledge Distilling



Knowledge Distilling (Teacher/Student CNN Learning)
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Knowledge Distilling (Teacher/Student CNN Learning)
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Knowledge Distilling for NAS
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Few-Shot Learning /
Detection / Segmentation



Few-Shot Learning / Detection / Segmentation
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Few-Shot Object Detection via Feature Reweighting
Bingyi Kang, Zhuang Liu, Xin Wang, Fisher Yu, Jiashi Feng, Trevor Darrell



Few-Shot Learning / Detection / Segmentation
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Zero-Shot Learning, Grounding



Zero-Shot Grounding
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Zero-Shot Grounding

(a). Two-stage visual grounding
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Few-Shot via Zero-Shot!
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(b): 1-shot vision-knowledge classifier. (c): 5-shot vision-based

Few-Shot Image Recognition With Knowledge Transfer classifier. (d): 5-shot vision-knowledge classifier.

Zhimao Peng, Zechao Li, Junge Zhang, Yan Li, Guo-Jun Qj, Jinhui Tang ) R (oiTEE e ma T TS



Few-Shot via Zero-Shot!
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MemoryNet for Anomaly Detection
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MemoryNet for Temporal Information Storage
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Non-Local Recurrent Neural Memory for Supervised Sequence Modeling
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Scene Graph, VQA,
Image-to-Text



Specifying Object Attributes and Relations in Interactive Scene Generation
Oron Ashual, Lior Wolf
Tel Aviv University and Facebook Al Research
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Meta-Sim: Learning to Generate Synthetic Datasets

Amlan Kar, Aayush Prakash, Ming-Yu Liu, Eric Cameracci, Justin Yuan, Matt Rusiniak,
David Acuna, Antonio Torralba, Sanja Fidler
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Figure 3. Simple scene graph

example for a driving scene.
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Visual Semantic Reasoning for Image-Text Matching
Kunpeng Li, Yulun Zhang, Kai Li, Yuanyuan Li and Yun Fu
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Language-Conditioned Graph Networks for Relational Reasoning
Ronghang Hu, Anna Rohrbach, Trevor Darrell, Kate Saenko
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Multi-modality Latent Interaction Network for Visual Question Answering
Peng Gao, Haoxuan You, Zhanpeng Zhang, Xiaogang Wang, Hongsheng Li
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Learning to Caption Images Through a Lifetime by Asking Questions
Tingke Shen, Amlan Kar, Sanja Fidler
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Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization (2016)
Ramprasaath R. Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam
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A Tour of Convolutional Networks Guided by Linear Interpreters
Pablo Navarrete Michelini, Hanwen Liu, Yunhua Lu, Xingqun Jiang
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(b) grad-CAM (c) isualization of filters

ObvAacHeHUe, HO Ymo
«cMompum» cemso, yepes

ouCmunanupoBaHH.Il
22 @ Head contribut 178°/- adanmueHsbIl AUHelHbIU
O ead contributes 17.8%
% \\ @ Joint of head & torso contribute 15.1% AT
o [ ‘ @ Torso contributes 47.4%
D Ny @ Joint of body & tail contribute 10.1%
3 @ Joint of legs & feet contribute 2.5%
= & Wina contributes 7 1%
? Explainer network | S
T Distillation o || |_>
Input 3] g =
Performer > image 3| | ""E w3 W .S
Input image

mage-specific weights



Explaining Neural Networks Semantically and Quantitatively
Runjin Chen, Hao Chen, Jie Ren, Ge Huang, and Quanshi Zhang

A £ D fy(D BN N e
% % % """" % ?:f(lr) _%: }Irl :f]-(!)
= :

> 0 = fll)

Concept 1 Concept2 Concept 3 Conceptn
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The quantitative explanation for the ~ Most important
prediction of the attractive attribute. reasons
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ObvAacHeHuUe, Ha Ymo «CMompum» cems, Yepe3 ouCmuAaupPoBaHHbIl
adanmueHsil AuHeliHbIU puabmp ¢ ceMmaHmMu4yecKkumu npu3HaKamu



OTKpbiTble Npobaembl KOMmnbloTepHOro 3peHusn (2019)

Mpobnembi:
- KaK cnpaBuTbCA c aTakamu?

- Kak adpdpeKTMBHO NEPEHOCUTD

obyyeHune B peanbHOM mupe?
- PeanbHbIX AQHHbIX ANA
NPaKTUYECKUX NPUNOKEHUN
KaTacTpoPMYECKU He XBaTaeT
- MepcneKkTnBHbIE METOAbI
obyyeHmna TpebyloT CANLLKOM
bonbLnx pecypcos

- MOCTUK Yepes3 nponacTb
MEKAY 3pEHNEM U
A3bIKOM/MOHMMaHUEM JaBHO
NEePEKNHYT, HO MacCOBbIN
nepexoz No HeEMY NOKa He
CAy4Ymnnca

HapexAabl:

- HoBble AaTYNKM TEXHUYECKOTO 3peHuns
- Mporpecc B AutoML/NAS

- Mporpecc B Few-Shot/Zero-Shot

- GCN+Attention

- Mporpecc B 06bACHEHUM
HEWNPOCETEBDBIX PACCYKAEHUN

- MaccoBbIn nepexoa HeMPOCTEBbIX
PACCYKAEHUWN C YPOBHA BUAMMbBIX
06BbEKTOB Ha YPOBEHb CEMAHTUYECKUNX
KOHCTPYKUMIN (OHTONOIMiA)

- Mporpecc B8 metogax RL, rnybokomn
onTUMM3auMmn 1 ryboKoro ynpasBaeHus
- Mepexon K COBMECTHOMY PeLUEHUIOo
33,34 3pEeHUA U YNpaB/ieHUn
(disentangled)



3AK/TIOMEHUE

1. HeT HUKaKoro cneunduyeckoro npopbiBa B MeToaax K UCKYCCTBEHHOrO
UHTEeNNIeKTa», HO HabatlogaeTca TeXHONorMYecKnm npopois, cBA3aHHbIN ¢ THC.

2. MeTtopabl Ha ocHoBe rnyb6oKnx HeMpoHHbIx ceteit (THC) He Tonbko npo CT3.
«nybokune» TexHonornm pasBuBaroTca, GOKYC UX NPUMEHEHUS CMeLLLaeTcA
OT 06paboTKM U aHa/IM3a AaHHbIX K 3a4a4am yrnpaBaeHUa U oNnTMMMU3aumm

3. TeXHONOrMYecKom OCHOBOMN ANA OTEYECTBEHHbIX «INTYOOKUX» UHIKEHEPHDbIX
peweHnin moxeTt ctatb co3gaBaemas B [ocHUUAC yHudunumpoBaHHas
nporpammHan naatpopma HenpoceteBou pa3paboTku «Mnatpopma-THC».

4. PeBonouuna B KOMNbIOTEPHOM 3peHUN NPOAOMKAETCA, HO 3ameaNAeTcA.
CKOpPOCTb M HanpaB/ieHUA Aa/ibHEelLLero npoaBu»KeHus byayT 3aBUCETb OT TOTO,
KaK M Korga yaacTca CpaBUTbCA C BO3HUKLWIMMM npobaemamum, a TakKe oT
TOro, Koraa u Kakue cobyayrca Hagexabl.

B ntobom cnyyae, 6anmkanwme rogbl 6yayT He meHee UHTEPECHbIMU ANA
uccneposartenei, Yem ANA UHXKeHepPOoB-NPUKNAAHUKOB!



KomnbloTepHoe 3peHue n rnybokoe
obyueHue: aKTyanbHble pe3yabraTtbl
N HanpasB/1IeHUA Pa3BUTUA

Bu3zunemep HOpul BaneHmuHosuv, viz@gosniias.ru

Ha4yasnbHUK noopasoeneHua 3000 Oryrl «flocHUNAC»,
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Cnacubo 3a aHumaHue!
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