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https://emojipedia.org/black-cat

JINMYHBINA OIIBIT

- 2019 -Cap = a6n00HM = nyenbl
- Kypc nuenosogctsa Kopli Ametikool

- Kynun 3 ynba : =i
- Kynwun 2 Buckfast cembu — , |
- OANH AVKUIA PO BCENNCA CaM /il sy
- 2020 - 7 cemein, pOTO-UHCMEKLMN ‘ g
- 2021 -7 cemen, nepeesy,
naoxas 31ma
- 2022 -1 cembsq, 2 pos,
LepLUHMN 3 / . W —
- 2023 -1 cembs P S = :




CopgeprkaHue

[Tuenbl
[TyuenoBOACTBO
[MTpobnemsbl
CyLiecTByloLLMe peLleHns
Gratheon.com

Machine Learning

% Deep Learning ans 3peHus
*# HayuHble paboTbl Mo
nyenam

% CMbIC/I0BblE HENPOHKM
MoaanbHOCTU
ByayLiee n Clarifai.com
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dusmnonornd / Kpeuibsi

- ManeHbkune
- Nnapa cuenneHa Kproykamm
- 230 B3MaxoB B CekyHAy

- YNeTarT Ha 2-4 KM OT Y/b4
- 20 - 65 Kkm/Y




dusmnosorus / Boaocku

- 0Cd3aHMe B TEMHOTE
- BOJIOCbI + 3/1EKTPOCTATUKA = MAarHMT MNblJibLbl
- B T.Y. Ha lria3ax

%
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INGOARNDT (MINDEN PICTURES) @




dusmuosiorusa / I'nasa

- He BUAAT KPaCHbIV
- TPYTHW Ny4lle BUAAT

COLORS BEES CAN SEE

Qs is
« =




dusmuosiorusa / I'nasa




dusmuosiorusa / I'nasa

- PacCTeHNA CTapakoTCA AN1A MYE




dusuonorud / Pot
BbIABVXXHOWV MeXaH/3M
TpybouKa AN1s HekTapa

A3bIK




ITyesibl M IIBETHI

- % MNepBble uBeTsbl - 170 MNH NeT Hasaz
- LiBeToK - M0ONOBOM OpraH pasMHOXeHWs micionasyan auera
- 20 MAH neT - 06LWecTBEHHbIe HACEKOMbIE

- 22000 BnaoB nuen

- 70% >XwnBeT noj 3emnemn

MbINbHUK ThIYUHKM
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Onnodomeoperue
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MpopocTok 3apoabiw
cemMeHun

Mnoa c cemeHamn

OTenb AN OQMHOYHBIX NYen (TeKnSHHbIA a3 Muena kaHyno, bpasunus

Morto: Knebepcot bepsuan Moto: Acmum AMnaen




”/ MepoHocHas Myena

ik Apis mellifera

MeOHOCHBIE ITUeJIbI B Apis mellfera capersis

m Apis mellifera scutellata
~ 8 BM/10B 06LLIeCTBEHHbIX MELOHOCHbIX MYes BEEEE Mosowa
(10% ot BCex), Hanpumep Apis cerana BN /pis mellifera theriensis

e Mogeung
~ OcHoBHoW BUg, - Apis Mellifera

~ 40 noasBnaoB
(Apis Mellifera Buckfast)

Apis mellifera unicolor
Moasua

9% Apis mellifera adansoni
Moasug

Apis mellifera ligustica
Moasug

NTanbAHCKaA

Apis mellifera carnica
Moasug

’\g‘/_//\/ cpe/iHepycckas = eBponeiickas TeMHas i g Apis mellifera mellifera
' ~; DNoasua

ropHasi KaBkasckas Apis mellifera caucasia
‘ : Moasug

KapHWKa




ITomoBoO# pMOpP(®M3M U CIIelaan3aIns

pabouvie nyenbl

- YNCTKa CoT

- corpeBaHue anL,

- KOpMm/eHwue pacnioga (MblibLoi)
- CTPOWUTENbLCTBO COT

- 3awWmTa BXoAa

- cbop HekTapa v MblabLbl

MaTKa

- oTKknaabiBaHue any, (go 2000 B cyTKW)
- O4yXOTBOpeHwue

- ONN0A0TBOPEHME HYXKMX MATOK
- normbatoT B KOHLe fieTa




larioguIionauda 1 HeIropo4yHoe 3ayaTue

XY

+MOJIOYKO

XY

nponana Matka
HecyT pabouve nyenbl

ecm 100% 1o
3aKOHYMNaCh Cnepma




Pa3sBurtue

EGG LARVA PUPA ADULT



ITMKII X)XM3HU paboumnx

JIeTOI\Z/I;I
- No 21 paeHb
[0 “poxaeHna” — B3pocCsieHns — B rnone

Larval Life Cycle Adult Life Cycle
D#Q-}l;'»\“ém ég
egg larva pupa capped pupal cell new adult new adult
(dayOto3)  (day 4 to 10) (day 11 to 20) (day 21) (Adult day 1)

nurse bee
(Adult day 1 to 22)

foraging adult
(Adult day 23 to 42)

Nistietions Margects Meayer




Ilonmynsaiumnuga B Te4eHue roaa

- 10-80 TbiC pabounx nuen

- BpeMsA XU3HW BapbupyeTca 60000
- 3aBUCUT OT MHOTUX d)aKTOpOB S ©Randv Oliver 2015
(oldest"summer bees")
- COTHUW TPyTHel
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PoeHue

EcTecTBEHHOE pa3MHOXeHMe cynep-j
opraHmMsma

ItOHb-MNb

15 MUH

Poin 3abumpaet c cobon mes
OueHb 3apsXXeHHbIV cTapTan




O6mieHne / 3araxu ey i
> 50 obHapyxeHo, 10 cMHTe3npoBaHO (VRS ‘x\&
. L / WxGld ygig Vﬁ}c;m e

CAVPT, AyXW, CUrapeTbl, NOT pasapaxaeT X
\,; MdGId

© Adam Tofilski

3K30KPpUHHAA CUCTEMA

e & cBOi-uyxoOW

e {umaTtkm QMP
nojaBnsgeT penpoAyKTVBHOCTb PAbOTHMKOB \)\/\/\/‘\)\/\)\/
(CHoly—Me

@)
o  CBWUTA Pa3HOCUT 3aMax Mo y/bto

e it nosesble (MeXBKMAOBbIEe METKV Ha LBeTax Ha T4, nyTb)
e pacniog — “HakopMu meHs"”, “cobepn 6onbLle nblabLbl”

e pPaboOTHUKMU
o cneymanmauns % rnone.bix

o i Masik 4omMa
v onacHocTw. isopentyl acetate + 24 KOMNOHEHTOB

O
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3BYK
- pasjpaxeHne N4en0BOAOM
- HAYano 1 KoHeL, paboyero aHs




Bock

Bbigensertca cneyyanbHbIMK Xenesamu
- pasBuTbl K 12 - 18 BO3paCTHOMY AHIO
- CTpouTenbHbI Matepuran
- MUHVMaNbHOE KONNYeCTBO ANS 34, COT
- TeMHeeT / 3arpsa3HaeTcsa rno Mepe 1Crnosib30BaHNA

[1pekpacHo roput

) .‘: \ wF ) g |
S
“‘a 'SR L)

Myena BbifenseT BOCK
(®orto A Spiirgin



Men

- CNocob A0NrOCPOYHOro XpaHeHS SHePrn

- HekTap cobupaeTtcs ¢ pacteHui ¢ 50% BNaXKHOCTbIO
- MOXeT 3abpoanTb

- [lepeHocnTcs B cneLmanibHOM MeLloyke
- Boga ncnapsetca < 20% BnaxHocCTb

- 3aKpbiBaeTCcsd BOCKOBOW KPbILLEYKOW

- o 100 kr / ce30H

[10 NCTOUYHUKY

- MOHOG®NEPHBINR, MONNGNEPHBIN, MNaAEBbIV gt




Ilepra / ITyuenunHbINi X1e6

- YTpamboBaHHas NbinbLa + BblAe/IeHUS

- [Monnta HekTapom/Me[0M, MOJTOYHOWN KNC/TOTOW
- QPepmMeHTHpYeTCA B 6€3B034YLLUHON cpeje

- B OCHOBHOM A/19 pacnioaa

- 40 kr/ce3oH




IIpormnonuc

Knew / CTponTe/IbHbIV MaTepuran
- 3a/eNblBaTb AblPbl OT CKBO3HAKA

cmosbl (50%), Bock (30%)
3¢pupHbIe Mmacna (10%), neinbua (5%)
aHTubaKTepmasibHble CBOVCTBA
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VicTopus IT4e/IOBOCTBa / HEOJIUT

V'"

‘.- g&’ l,s:z_

Arafia Caves or the Spider Caves ~ Bicorp BaneHcusi, VicnaHus C60p 6e3ymHOro Meaa. Maemera NypyHr, Henan
-8 TBIC 1O HO
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Hcropusa nmuenoBoacTsa / [IpeBHuUii Erumner

S g o S P

"l 6epy Teb6A B XeHbl... n 0beLlato TR
NOCTaBNATb Tebe exeroaHo 12 6aHokK mena”

Apis mellifera lamarckii %
=] =

‘%@ T R

MeJ = 6uT

nyesbl = cie3bl COMHLA ‘%Qgﬁ\\ “beckeeper  TpaIULMOHHBIE IIMHSAHbIE
YNbs U3 MVHbI

KouyeBKa n4yen no Huny
bapaoH - noBenuTeNb nyen

C6op mepa. B rpobOHMLE [BOPSAHMHA 1 BU3MDS
Pekxmupe.~1450 go H3 (TT 100)

H3o06paxceHue nyensl (Apis mellifera lamarckii) 8
rpobHuye papaoxHa Cemu | (KV17), JlonuHa Koposel




Ah-Mucen-kab, 6or meaa y Maiia
Meliponiculture in Mexico:

HCTOPM anJIOBOHCTBa / Maﬁﬂ Problems and perspective for

development
José Javier G Quezada-Euan,
William De Jesus May-Itza, Jorge A

Melipona beecheii - 6e3 xcana, 1-2 1 meda / 200 Conzdlenhcereto

anvkynbTypa => MeINMOHUKYbTYPa
PALOM C JOMOM ~ 8 KOJTOHUW

nyenublit oMK (nahil-kab)
https://youtu.be/d pjoDxwYS8 https://www.inaturalist.org/ob 7762
7 ' S 3 - -
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HcTopus muenoBoacTBa / UHOUA

"IBeToK 6€3 nyesnbl nogobeH mosoa0um AeBe 6€3
J11060BHMKa”

Heckonbko Buaos (Apis cerana indica, Apis dorsata, Apis
florea, Tetragonula iridipennis)

MagxaBa - anpenb, NHApa, KpuwHa, BUwHy.

Otcroga meg n mead (Mmeposyxa)

Apis dorsata
htts://www.inaturalist;%g/observatns/




CarnneTxkun

Kop3uHblI
“Telling the bees”




bopTs / Pych, Balikmnpuga

5 = 1 7 B B KPECTOBMHbI

OHu cnyxar

OMOPO¥ ANs COTOB,

YCTPOWCTBO BOPTMU

[IOMDKES™
Yepes Heé ocmaTpuBa-
10T HEe3A0 1 6epyT MEA.
(O6bI4HO AGNAIOT C IO~
HOWi CTOPOHbI epeBa.
wvpyHoi 12-18 cM

BopThb - AepeBbs C Ayniamu
Hajao 3awmilaTth OT MeaBeaq
TpyAHO 3aN1e3Thb Ha epeBo J

s B

JIomKeto NAIOTHO 3aKPbIBAIOT
ABYMS [OLLIEHKaMM BCTHIK
TaK, 4To6bl NPU OTKPbLIBAHIN
HKHEN [OLLIEYKI BEPXHSA
ocTaBaack Ha Mecre, He obHa-
Kan rHesga.

[na 6opTy BbIGKPaIOT AepeBo avameTpom 60-90 cm 1 2025 METPOB B BbICOTY.

BopTh BbAANGAVIBAIOT Ha BLICOTE 4-16 METPOB, a ANs 3alMTbI OT MEABEASH BCE HIKHIE Cybs
Ao 60pTn obpyGatoT. B cTeONE BbifAnGAMBaloT Aynao Bbicotor 90-120 cM 1 30-35 cm mybu-
HOW. YB/PAIOT TONBKO BHYTPEHHIOIO HaCTb APEBECHHbI. STO MPEAOXPaHSET AEPEBO OT BbicbIXaHMs
W ynyyLLIaeT YenoBus Ans N4én.

boptb https://kitaplong.ru/bort_defence_rus
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Komoanbl

nob6avxe K oMy

BbIpybKa sieca
Tena10n309LMS

NoYTN ecTeCTBEHHAas cpesa




SINTOHCKUI1 6e3paMOYHBIN ViIen

Apis cerana japonica

- KBajpaTHOe ceyeHue
- [LOBOJIbHO Y3KWI 22CM



YCTPOMGTBO BOPTU

#0901




Pa3roBoOpsI C ImuejaamMmn

Telling the bees — Tpagnuvs, B
KOTOPOM nyesiamM pacckasbliBarOT O
BaXXHbIX COOLITUAX, BK/IKOYAsA
CMepTn, POXAEHUS, Bpakuy,
OTbe3/bl 1 BO3BPALLEHVS B CeEMbe
nyesnoBoja.




1792- Frangois Huber
(LLBeruapus)

CTEKNSAHHbIV HabtoaaTeNbHbIN
ynem kak KHura

1814 - MpokonoBuy (Poccuiickas
nMmnepusa/YkpanHa)
paMOYHOCTb

1835 - [I3ep>koH
(Mpyceuns/TonbLua)
8MM MpPOCTPaHCTBO
nepezBuXHbIE PAMKUM

Telescoping Outer Cover
Inner Cover

Shallow Super

Medium Depth (Western) Super

Queen Excluder

Standard Brood Box

Screen Bottom Board

Hive Stand

1851 - NanrcTpoT (US)

MOJy/bHble MPAMOYrobHble Kopryca
BEPTUKaNbHbIV MOAYNbHBIV yner, 8-10
pamok

nepeABVXHbIE PaMKW, NOACTaBKa
pasgenvTens - MaTka BHU3Y

6-9 MM - NYeIHOe NPOCTPAHCTBO Haj
pamkamu

Kopryca HaACTpamBatoTCs (Super) cBepxy

1869 - Amos Root (US) - npeanpuHumarens

wosana %
Hive stand Ant guarg

1853 - bepnenw
1874 - fapaH (US)
6onbLioe rHe3ao 10-12 pamok

1950 - Bappe (FRA)

30x30x21 cm = KBaApaTHble Kopryca
9 pamok

KpbiLLa € tobko

Kopnyca A06aBAATCA CHU3Y =
poTauus cot




VicTOpUA V/IbS

e 1792- Francois Huber (LUBeuapuns)
o CTeKNSAHHbIN HabtAaTeNIbHbIA yNen Kak KHUra
e 1814 - lMpokonoBuny (Poccmnmnckasa nmnepus/YkpavHa)
0 PaMO4YHOCTb
e 1835 - [13epxoH ([Mpyccna/llonbLua)

o 8MM NPOCTPAHCTBO
o nepeaBudKHblE PaMKWU




HcTopu4 yiabs - JIaHrCTpOoT/PYyT

/5% B Munpe
pamka 48x23 cm

1851 - laHrcTpoT (US)

1

(@)

(@)
(@)
O
@)
8

MOZY/bHble MPSAMOYro/ibHble KOpnyca
BepPTUKaJIbHbIA MOAYNbHbIN yner, 8-10 paMok
nepeaBUXHbIE PaMKW, MOACTaBKa

pasgennTenb - MaTKa BHU3Y

6-9 MM - NYesInHoe NPOCTPAHCTBO Haj PamMKamu
Kopnyca HaACTpanBarTCa (super) ceepxy

69 - Amos Root (US) - npegnpuHumaTens

Telescoping Outer Cover

Inner Cover

Shallow Super

Medium Depth (Western) Super

Queen Excluder

Standard Brood Box

Screen Bottom Board

Hive Stand




HcTopuda vibda - lagaH 1 Bappe

e 1853 - bepnenw
o 1874 - anaH (US)

(@)

6onbLuoe rHe3no 10-12 pamok

e 1950 - Emile Warré (FRA)

(@)

(@)
(@)
(@)

30x30x21 cM = KBagpaTHble Kopnyca

9 pamok

KpblLLla C FO6KOI

Kopnyca 406aBNAKTCA CHU3Y = poTauus coT

warre hive
dorto timberbee.com



VicTOpUA V/IbS

e [OpPU3OHTa/IbHbIV ynew / nexax
e Top bar
e YjobHeln yenoseky




ANMMOIOMUK

anuTepanus




CoBpeMeHHbIEe V/IbA

nonnctmpon ~120 EUR
10 pamok ~ 25 EUR

Nerknim n Tennbii



CoBpeMeHHbIEe V/IbA

e YTenneHHas paHepa
e ~160EUR



CoBpeMeHHbIEe V/IbA

e Flow hive (2015) ~ 780 EUR

o ABCTpanuvd

o MAacTuk

o KpucTannmsauus

o  MeA-Mo-3aKasy = HeT MHCNeKUUiA

Single panel
roof shingles

Wing screw

Side I -

observation 1

windows | P
4

Laser cut
timber
components

Flow Frames

Entrance

Reducer -

(not visible)

Harvesting N

shelf | Ventilated
i tray cover
¥ Multi-functional

Inbuilt M poly tray (ot visible)
spirit level y

Brass
hardware

Hive stand
've stan Ant guard




HNHCTPYMEHThI

600 EUR

MeZoroHka ~
AbiMapb ~ 35 EUR




IIpOMBIINIJIEHHOE ITY€JIOBOACTBO

- AnnanoeTt






HeNns3BeCTHOCTDh Pa3sBUTUSA CEMbU

MaTKn HeT?
- [06aBUTb MaTKy

- cnabas cembs?
- 06beAnHATb

- MATOYHWKIN?
- pas3genstb
- ronojaatoT?
- [06aBUTb PamMoK

- 6onerT?
- neynTb




KneLy Bappoa Ha nyene

3a6o0/y1eBaHNS M OIIACHOCTMU ITUeJI

napasnThbl
- Knewy, Bappoa (Varroa destructor)
- TpaxenHble KneLm
- BUpYChI
- XpoHunyeckuin napanuy (CBPV, IAPV, LSV)
- colony collapse n3-3a 1IV-6?
- bBakTepun
- foulbrood (American / European)

- nosema
Pa3spyllieHue KpbiTbeB 13-3a BUPYCa BbI3BAHHOTO
- rp|/|60K Bappoato3oM. toto Philippe Psaila, science.org

- chalkbrood, stonebrood
- Luepumm, MbiLLUW, BOCKOBAA MOJ1b, yﬂbEBOVI )KyK
OTpaB}'IEHI/Ie nectmymniamMm, 3a|v|ep3L|J|/||7| pacnno,u,




HarnpsokHO

- TsKesible Kopnyca
- >Kapko
- B repyaTtkax HeyL0bHO

- OlMNadCHEeHbKO
- AVIKMEe NYenibl 3159TCA Cpasy

- OrpaHu4yeHHoe Bpemd
(AHEeM 1 B CONHEYHYH noroay)
- PerynsapHoCTb NHCMEeKLU




MecTOoII0JIOKEeHNe, BpeMSI I MaCIITaObI

- MacCekKa 3a ropojgom
- HEeCKOJ/IbKO Macek, Janeko e3guTb
- BJlecy 1 Cc MegBeasMm
- B ropoje
- HO C LUepLUHAMMN
- HO C coCcefsaMu 1 AeTbMU

- He MaclTabmpyemo
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Details

< Hive #4 Inspection

o )
B Hive#s Apple GOV
= 07

.

IIpninoxxeHus

Brood Pattern

- BeeScanning

Perarm inspeciion

Hive Strength

.
- A pI Zo0m re—n
(<] es

v Located Queen

Name
HiveTracks v
A S Model camera
'  Larvae Spotted i

- HiveBloom ==
- BeeQueenDetector (S

- apimanager

- apiary book

AHeBHKKW. [ToMOrakoT caMo-0praHn30BbIBaTLCA




10T / AHanorossie METPUKU

- beep.nl - opensource

- beehero.io - 42M $%

- broodminder.com

- beelab.se

- intelligenthives.eu

- beehivemonitoring.com
- solutionbee.com

- beehivemonitoringusa.com ===
- osbeehives.com
- beesage.co




I0T / Beehero.io

- W3pawnnb

- MoaHann 42 M

- [Ana pepmepoB

- TOYeuyHoe onbleHne (MMHAanNA)

- dHaN0roBble€ METPUKN
-  3BYK
- TemnepaTypa
- BJIAXHOCTb

“

= Variable brood temperature in
. range 70F - 86F indicates
\ ahn ar ¥ .m'-.'/,\‘/‘\)\"’".. Piida¥y |

r n f cl rin: [ Va0 WYY N1 Y
., presence of clustering bees . W - " ‘ Vi N Y

» \ | | “'n f‘ | { LA \ ,‘ Brood temperature rises and

‘ /| | | \ I\ | stabilizes around 91F indicating

M | | \ | [ \ ||’ laying queen and presence of brood
| n | y !

\
M
| A“

b

Fig. 2: Using Brood temperature to detect onset of laying queen in late
winter/early spring




BeeMate.buzz

- ABCTpanvg
- cyeTuumk nyen 340 eur

—

BM/E0 CO BXxoAa beemate.buzz




Beewise

- W3paunb

- 12/24 KonoHwuun
- 400% / mec

- TlogHann 120 M

I w  BearCreel
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Gratheon.com

ABTOMAaTM3aLUMA NMYENOBOACTBA 6 C Al 3peHnemM, poboTamu @3 1 CMYTHUKOBLIMU aHHbIMU i

yrpaB/ieHVe Nacekow, ynbaMu, GoTo pamok
HaxoxaeHne 06bekToB Ha $OTO
Matka 1 MaTOYHUKM
Muent
CoTbl
KneLym
Graphql API
LLM NOMOLLHMK
Mo6ubHOE MpUNoXeHne

OpenSource + API

0 TpeHMpPOBKa Ha NOJIb30BaTENbCKUX AAaHHbIX
0 Py4yHble nHcnekumm

0 AHaNUTUKa 415 MOUCKA KOppensLni

o OnoBeLleHus

Emmmlt_nwu@m_m

Apiary_spiary ~ Hive hive

E

Box #60
Name [ hive ]

Notes

[ rers | s ]
(205212210 208 Y211 Y211 214

I




get data for playback models-gate-tracker t results

i
| gate-video-stream
18900

store for re-training with 1 month TTL

\

tream gate vide

weather
pload frames e

Gratheon.com tech stack .

raspberry:pi-client |
graphql-schema-registry
26001

awss3

list video stream URLs

or

Preact + React

Canvas

Typescript

Dexie + IndexDB
https://github.com/Gratheon/web-app

N

redis pub-sub
16379

eraphgl-router

web-app 4000 | stripe |
18080

H urgl + GraphQL (federation + subscriptions) - S .

/
subscribe to events

over websockets
- go ’ ty p e S C r I pt & c':::{ ;‘;‘:’v}’::‘.m indexed-db & 4 Elements Console  Network Performance  Memory  Application  Security Sources  Lighthouse  Recorder &
» ZZ Local Storage C Start from key

python - mogenn — CPU inference o290 Sirage v Koy Keypam+id) |vae
IndexedDB 242 v {frameSideId: 242, strokeHistory: Arra » detect
redis — pub-sub e - tpsappaeoncon! 1 Veractodbons: (1 103y Lo LI
» detectedCells: (3661) [Array(5), Array(5), Array
AWS S3 +MySQL + B/l noa cepsuc —
XouyeTtca InfluxDB + Grafana

detectedDroneCount: 0
detectedQueenCount: 1
detectedQueenCups: null
detectedVarroa: null
detectedWorkerBeeCount: 321
fileld: 79

frameSideId: 242

id: 242
isBeeDetectionComplete: true
isCellsDetectionComplete: true
isQueenCupsDetectionComplete: true
queenDetected: false

» strokeHistory: []
varroaCount: null

423 » {frameSideId: 423, strokeHistory: Array(@), detect

Docker, DigitalOcean

>
>
>
>
>
>
>
>
>
>
>
>
>
>
>


https://github.com/Gratheon/web-app
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0 Bnaeo-MOHUTOPUHT BXOAa B yei

0 HaxoXaeHune LepLUHel

o0 Bugeo ctpum/3anucs (HLS / MPEG-DASH)

0 O6bpaboTka Ha ycTponcTee / B obnake

0 MIHTerpaumsa ¢ ymHblM gomMoM (home assistant / tuya)

UcnpobosaH BeeAlarmed Ha cBoem ynbe



Gratheon.com 5w > ™ = suticrobot )

0 CTayMoHapHbIN POHOT HA OAHY CEMbHO
0 BblABUXEHKEe paMoK
0 OTCbI/IKa GOTO ANA NPUTOXKEHUSA

-




Gratheon.com > app >> cozfl:er >> static robot >> moving robot >

o lBuratomiica poboT Anst MHCNEeKLMM Naceku

0 Ha Konecax i Ha pesibcax
0 N3bATrE PaMKK C MeA0M

O HEPECTaHOBKa PaMKKn C pacriyiogom
MeXay ceMbAaAMU

0 YaaneHHoe ynpasseHune
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Perpeccusa

import numpy as np TN EF R
from sklearn.kernel_ridge import KernelRidge

model = KernelRidge(alpha=1, kernel='poly')
O6O6LU'eHI/Ie' ynpOLLl'eHI/Ie OT model.fit(boston.datal:,[12]], boston.target.flatten())
w predictions = model.predict(np.linspace(2,35)[:,np.newaxis])
Habopa AaHHbIX O NPOCTON
plt.scatter(boston.datal:,12], boston.target, alpha=0.5)
plt.plot(np.linspace(2,35), predictions, c='red')
q)OpMyn bl I/I Koaq)q)VILllMEHTOB plt.ylabel('median house price $K')

plt.xlabel('s of adults in neighbourhood that dont have high school diploma')
plt.title('house prices as a function of avg neighbourhood education level')

ynopaAaA04eHHOCTb Text(0.5, 1.0,

'house prices as a function of avg neighbourhood education level')

house prices as a function of avg neighbourhood education level
50 1 ® .%@O ® o [ X J

8

g

201

median house price $K




Kiaccupukanmsa
Pa30esneHue MmaccmBa No KakMm-To
BblAeNsieMbIM MPU3HAKaM

KfacCbl HeYNopsAOYeHHbIe
true/false To)Xe knaccel

3D Projection of the Iris Dataset

% ° g o

Ul 1e33d

® Iris Setosa
® Iris Versicolour
® Iris Virginica

from sklearn import mixture
import numpy as np

model = mixture.GaussianMixture(n_components=3, covariance_type='full')
model.fit(iris.datal:, [0,1]])

,Y = np.linspace(4.0, 8.0), np.linspace(2.0, 4.5)
,Y = np.meshgrid(x,y)
= -model.score_samples(np.array([X.ravel(), Y.ravel()]).T).reshape(X.shape)

N X X

plt.contour(X,Y,Z, levels=np.logspace(0,10,1), cmap="gray", alpha=0.5)
plt.scatter(iris.datal:,@], iris.datal:,1], alpha=0.5)
plt.scatter(model.means_[:,0], model.means_[:,1], marker='D', c='r")

plt.ylabel("sepal width cm")

plt.xlabel("sepal length cm")
plt.title("dataset of iris flowers")
plt.legend(['Datapoints', 'Probability peaks'])

<matplotlib. legend.Legend at @x13ceb8fad>

dataset of iris flowers

4.5
i o Datapoints
& Probability peaks
4.0 A
e o
g 3.5 1
=
=
S
=
©
2 3.0 1 oo
w
o
o
2.5
2.0 T u T T T

4.0 4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0
sepal length cm




1 MHOTO BCero apyroro

Linear Regression
Logistic regression
Decision Trees

Naive Bayes

Support Vector Machines
KNN

Random Forest

Ridge regression

Lasso

Elastic-Net

Least Angle Regression
Orthogonal Matching Pursuit
Bayesian Regression
Quantile Regression
Perceptron

Gradient boosting

—afe—

L

K v =5 g
5" /
3 4
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Cion

- nonHoceasHble (dense, fully-connected)
- nozsblbopka (pooling) - yMeHbLLUEeHVe pa3MepHOCTU
- max, avg, global avg
- activation (relu, softmax, sigmoid..)
- choxeHwne (add)
- cBepTouYHble (convolution, weight) - dnnbTpauma yepes
kernel ans seigeneHns ¢uy
- dilated convolution
- caur (stride) kernel no Bxoay A4ns ckopocTn
- padding
- HopManusauusd (batch norm) - 6anaHc cnrHana B cetun ® L_®L
- obpaTHas cBasb (y feed-forward Het, recurrentects) | » "1
- perynapusaymsa - 0606LLeHrie BMeCTO 3y6pexku

- dropout - cnyyaHoe yaaneHue y3nos
- augmentation, random crop, flip, noise, brightness

. i




O6paTHOe pacIIpocTpaHeHHue OIINOKN
Backpropagation
- [lonck Ha NNyyLllInMx BeCoB Yepe3 MNHUMN3aLUnNn Error is sent back fo

Y . ., each neuron in backward
Gradient of error is ( g) direction

ownbkm (loss) B N-MepHOM MpoCTpaHCTBe i
- Mpou3BogHas — FpagneHT P
- BekTopbl — MaTpuLbl — TeH30psbI

- [vnep-napameTpsbl.
- Kak cnyckaTtbes. Inoxu, batching
- Korpa octaHoBuTbCA. Overfitting, validation

- Y31bl JONXKHbI B6bITb 0byYaeMsbl
('D'I/I q)q)e pe H Llll/l pye M bl) — Batch gradient descent

— Mini-batch gradient Descent
@ 000,002 oo - e - N ° -+ cussacaton — Stochastic gradient descent
Start
OATA

FEATURES 4 = 5 HIDDENLAYERS

Outputs (74 \Error - difference
E""\l) between predicted

Predicted output and actual

output output

InputLayer Hidden Layer Output Layer

ing here

N
oX

+ - + - + -
Srmns fy— Py -
: @A AT
: * BRSBTS A
5 class MulConstant(Function):
_ D D D D @staticmethod
L2 i @ D D D D def forward(tensor, constant):
i % D D D D return tensor * constant
== ~E{ B [eE/>n L o
. - ef backward(ctx, grad_output):
D D # We return ;s many input gradients as there were arguments.
D D o o o # Gradients of non-Tensor arguments to forward must be None.

return grad_output % ctx.constant, None

Loss



ABTOOOVUEHMEe CBOCTBaAM

S WNW

N/ A 111 —’"ﬂ!_

7 I/ ’
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https://adamharley.com/nn_vis/cnn/3d.html

Visualizing and Understanding Convolutional
Networks

M. Zeiler, R.Fergus




Ha6ops! JaHHBIX (datasets)

OTnnvatoTca:

- MOZAAJIbHOCTbLIO (KapPTUHKA, TeKCT..) - PASCAL VOC12 11k

- obnactbto - MNIST - 60k 28x28px
(obLyme vs Bruonorus vs - CIFAR-10 - 60k 32x32, 10 knaccoB
3/1eKTPOHMKA) - CNO(éo -I'32tsk675k o

- iNaturalist - , 5k knaccoB

KONMYeCTBOM U KayeCcTBOM  IMAGENET 14M
KapTMHOK - 1M c bbox

- Knaccamm - Cityscapes + 30 knaccos

- paspeLleHveM px - Openimages V6 - 9M imgs

- pasmeTkoii - JFT300M 3akpbIThIli dataset

) 303M kapTtuHok, 18k knaccos
(class, bbox, segmentation, pose)

https://paperswithcode.com/datasets
https://universe.roboflow.com/
https://huggingface.co/datasets

albumentations lib —



https://paperswithcode.com/datasets
https://universe.roboflow.com/
https://huggingface.co/datasets

ITpopHIBHBIE BM3Ya/IbHbI€ HEIPOHKN

1998 LeNet-5. 7 cnoes.

- 2012 AlexNet - 8 cnoes. 81M napameTpoB
2013 ZFNet « Clarifai <=
2014 VGGNet. 16 cnoes. 138M.
2014 GooglLeNet. 22 choa — Inception v3

- 2015 ResNet. 152 cnos

- 2014 R-CNN — Fast R-CNN — Faster R-CNN
- 2015Yolo

- 2015 U-Net

- 2017 DenseNet
- 2017 MobileNet
- 2019 EfficientNet




Kinaccudpuxkarop / LeNet-5 (1998)

0006 QopOOOY 0 OO
\ W72 0720 L N7
MNIST dataset 223 Z2E22 23223 - &
3333933333333 - @
Y449 Yo ¢ydd sy N4y =
BXOA24X24 535 SSFS59s5855459 -
BbIxoA 10 knaccos ittt N L g L A
. . 1777777777 2%77 7 (Gradient-Based Learning Applied to Document
SlngId TP IBPGTYLCD Recognition
q q q w q q q q q q q q 07 Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner

5 cnoeB

class LeNet(d2l.Classifier): #@save
"""The LeNet-5 model."”"”
def __init__(self, 1lr=0.1, num_classes=10):
super().__init__()
self.save_hyperparameters()
self.net = nn.Sequential(
nn.LazyConv2d(6, kernel_size=5, padding=2), nn.Sigmoid(),
e nn.AvgPool2d(kernel_size=2, stride=2),
i)

i convolution pooling dense
convolution

pooling

I ;E;;;!§i ;

I 6@14x14
S2 feature map

nn.LazyConv2d(16, kernel_size=5), nn.Sigmoid(),
nn.AvgPool2d(kernel_size=2, stride=2),
nn.Flatten(),

nn.LazylLinear(120), nn.Sigmoid(),

120 - F5 full

\Wl
T

=
=5 E

16@10x10

[T
3 [

x28 image 6@28x28 S4 feature map

Ofoatlhe 93 featirs mep nn.LazylLinear(84), nn.Sigmoid(),
nn.LazyLinear(num_classes))

T




Kinaccudpukarop / AlexNet (2012)

BXO/, - 224Xx224pX
BbIxoA - 1000 knaccos
Relu

ImageNet dataset

8 c/oeB

224 4
55 dense dense
“ 13 3 3 tee
114\ 55 5 3 3 3
£ B B T
1 5 27 3 13 3 13 3 13
384 384 256 1000
224 256 Max Max 4096 4096
9% Max pooling pooling
) I
Stride pocing
3 of 4

ImageNet Classification with Deep Convolutional

Neural Networks
Alex Krizhevsky Tlya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto

6 ' F kriz@cs.utoronto.ca ilya@cs.utoronto.ca hinton@cs.utoronto.ca

class AlexNet(d2l.Classifier):
def __init__(self, 1r=0.1, num_classes=10):

super().__init__Q)

self.save_hyperparameters()

self.net = nn.Sequential(
nn.LazyConv2d(96, kernel_size=11, stride=4, padding=1),
nn.ReLU(), nn.MaxPool2d(kernel_size=3, stride=2),
nn.LazyConv2d(256, kernel_size=5, padding=2), nn.RelLU(),
nn.MaxPool2d(kernel_size=3, stride=2),
nn.LazyConv2d(384, kernel_size=3, padding=1), nn.ReLU(),
nn.LazyConv2d(384, kernel_size=3, padding=1), nn.ReLU(),
nn.LazyConv2d(256, kernel_size=3, padding=1), nn.ReLU(),
nn.MaxPool2d(kernel_size=3, stride=2), nn.Flatten(),
nn.LazylLinear(4096), nn.ReLU(), nn.Dropout(p=0.5),
nn.LazyLinear(4096), nn.ReLU(),nn.Dropout(p=0.5),
nn.LazylLinear(num_classes))

self.net.apply(d2l.init_cnn)

v



HetekTop /R egion CNN (2014)

= @
Hanam nHtepecHble pernoHbl (2000), 415 KaXA0ro pernoHa,
Knaccmouumpym, sepHn XY NpsaMoyrosisHUKY 1 BEPOATHOCTb A - . .
- 04YeHb MeaneHHo (47 cek Ha GPU)
- VICKaXeHue permoHos _ o . . .
_ TOUYHO HO CJIOXKHO (MH Oro waro B) Rlchfeaturehlerarchlesforaccur:::horl::’:;t(vs) and

Ross Girshick Jeff Donahue Trevor Darrell Jitendra Malik

Region-based-CNN — Fast R-CNN — Faster R-CNN. UC Berkley

{rbg, jdonahue, trevor, malik}@eecs.berkeley.edu

DensePose — Detectron2

R-CNN: Regions with CNN features
3] Wa.r'pfid region

CNN Na

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions




HeTtexkTop / YoLo (2015)

- Pa3buBaeT KapTUHKY Ha YacTn. B kaxzaom yactu
npeAcKkasbiBaeT KOOPANHATLI, KNACC U YBEPEHHOCTb

- bbicTpbIN. NNOX0 BUANT MeNikMe 06beKkThbl

- CBog cost-pyHKLMA 1 06begmHeHna bbox iou

- bonblue paspewieHre 448x448, 24 conv /104

= DarkNet, Yolo9k, YoLo v5, pp-yolo, YoLo v8;
SSD kak anbTepHaTrBa

=BT

yors
ke o Do
o P4 sdions }Xz 3x3x1024
Ix1x512 3x3x1024
3ax1024  3x3x102432

0]

V' N

You Only Look Once:
Unified, Real-Time Object Detection

Joseph Redmon*, Santosh Divvala*f, Ross GirshickY, Ali Farhadi*
University of Washington®, Allen Institute for Al', Facebook Al Research

Real-Time Detectors Train mAP FPS
100Hz DPM [ ] 2007 16.0 100
30HzDPM [ 1] 2007 26.1 30
Fast YOLO 2007+2012 52.7 155
YOLO 2007+2012 634 45
Less Than Real-Time

Fastest DPM [ /] 2007 304 15
R-CNN Minus R[] 2007 53.5 6
Fast R-CNN [ 1] 200742012 700 0.5
Faster R-CNN VGG-16[ '] 2007+2012 73.2 7
Faster R-CNN ZF [ 7] 200742012  62.1 18
YOLO VGG-16 200742012  66.4 21

Table 1: Real-Time Systems on PASCAL VOC 2007. Compar-

YOLO YOLOv2
batch norm? v v v v v v v v
hi-res classifier? v v v v v v v
convolutional? v v v v v v
anchor boxes? v v

new network? v v v v v
dimension priors? v v v v
location prediction? v v 4 v
passthrough? v v v
multi-scale? v v
hi-res detector? v

VOC2007 mAP| 634 | 658 695 692 69.6 744 754 768| 786

N




Hetekrop / VGG — Residual Net (2015) AWOe

- Visual Geometry Group - 16 cnoeB. 138M napameTpoB. 90% B dense cnosax
- KNaccnyecknii noaxo4 AoCTur CcBoUX npegesioB TOYHOCTU

Deep Residual Learning for Image Recognition

224x224x3 224x224x 64

Kaiming He Xiangyu Zhang Shaoging Ren Jian Sun
Microsoft Research

{kahe, v-xiangz, v-shren, jiansun} @microsoft.com

[ " .’mx'z.[:ixx“x'.p T Em\d::hlock
; LYY AMXUXEIL | g, 006 1x1x 1000 connedion
VGG-19 34-layer plain 34-layer residual
image image image
Pzt
- ResNet - 34 cnosi. 21M napameTpoB. 97% - convolution, 2% - dense
- NpoMeXKyTouHble CBA3N! o "Y"
- npobosanu 50 cnoes., 150, 1200 *
- Ewle TouHeiA, HO HyxeH batch normalization e e
- HagexHble. MoXHO Bbl6packiBaTb 610kM -~ e 3 e o g I
. 2 3x3 conv, 256 3x3 conv, 64 3x3 conv, 64
- YnyduweHuns - ResNeXt, SENet, Boosted ResNet, RetinaNet, A S e— S — _—
DenseNet, B|T [ 3x3oo!v:zss ] [ 3:3conv:64 ] [ szmnv:sd ]
- 610KN nepenpbirmBaroT eLle gaiblle [ 33conv, 256 | [33conves | T
[ ] [ ]

3x3 conv, 64 3x3 conv, 64




CermeHTanus / U-Net (2015) 'Y X

R
- encoded + decoder
) KOHTyp O6beKTa' 6f||/|3|<|/|e 06beKTb| co U-Net: Convolutional Networks for Biomedical
Cﬂa6b|MV| I'paHI/ILI,aMI/I Image Segmentation

- CermeHTauus 6biBaeT pa3Hom
- sematni C bO un d a ry' semantic instance Computer Science Department and BIOSS Centre for Biological Signalling Studies,

- upscale low-res ¢poTorpadpun aiverty of P, Grmany
- diffusion models — Dall-E

Olaf Ronneberger, Philipp Fischer, and Thomas Brox

Ternaus, Mask R-CNN, DeeplLab

164 64
128 64 64 2
input
; output
image .
tgl *1™ et et bt segmentation
= 3l o 8 map
b =
all & &

\ 128 128

=» conv 3x3, RelLU
copy and crop

§ max pool 2x2
4 up-conv 2x2
= conv 1x1







BeeAlarmed

- paboTa marunctpa, NrepmaHmgd

- TOJIbKO 3eneHbIV GOH

- detector + classifier

- ¢cyada no koay npoctori CNN

<= opensource

- nyens.l
- CMblNbLOW
- BEHTUANPYHOLWNE
- cKnewamu

- OCbl
- LoRaWan

def build_pollen_branch(input_shape):
"“""1 Creates the branch that detects pollen packets

tmp_layer=
tmp_layer=
tmp_layer=
tmp_layer=
tmp_layer=

tmp_layer=
tmp_layer=
tmp_layer=

tmp_layer=
tmp_layer=
tmp_layer=
tmp_layer=

layers.experimental.preprocessing.Rescaling(1./255) (input_shape)

Conv2D(32, (4, 4), padding="valid") (tmp_layer)
Activation("relu") (tmp_layer)
BatchNormalization(axis=CHAN_DIM) (tmp_layer)
MaxPooling2D(pool_size=(2, 2))(tmp_layer)

Conv2D(16, (3, 3), padding="valid") (tmp_layer)
Activation("relu") (tmp_layer)
MaxPooling2D(pool_size=(2, 2))(tmp_layer)

Flatten() (tmp_layer)

BatchNormalization(axis=CHAN_DIM) (tmp_layer)

Dense(1) (tmp_layer)

Activation("sigmoid", name="pollen_output")(tmp_layer)

return tmp_layer



Sunlight and rain
protector

LabelBee

US / Puerto Rico

B L N Bee Hive
i Hive Ramp )

id=1797 H=1 dm=undefined

VIH,D,I/IBI/I,D,ya}'IbeII7I TPEKUHI Nn4yes Ha )
BXOAe yj-I bAC QR KOAaMVI F.mw;fp_ouh_:\gwg Lu\mgb i}wulchr; FaiseAlarm X || WrongID @ |

Labels: entering Notes:

Part Affinity Fields pose estimation

. opensource

2.6 TB/8MP cam/
10 cemen

cM OpenPose ansa nojen

June 27. 2017 June 28. 2017

—— Exits
~—— Entrances

~— Pollen G
£\ / o
¢ 13610 o) P
8 }921

Time! 0:00 10:15 10:30 10:45
10,000 20,000 30,000 40,000 50,000 60,000 70,000

Frame 0




300 2019-05-12 300 2019-05-18 (Exposure) 300.2019-05-31
C: leaving
C: returning
T: leaving
T: returning

200

100

Apic.ai / DeepBees

Ta excluded
after June 6th

ol

100

- rojcuyeT nN4yen Ha Bxoje
- MultiNet - Heckonbko moaynen

2001

Transits through camera
window per minute

- knaccnoukaums BUAOB (LLepLIHMN) %o oio0 Gmoo 1200 600 500 00
- Knaccudukauma nyen . _—
_ pacnoshaBaHwe MbibLbl -> aKTMBHOCTb NYen 10 W nocie neyvenus https://apic.ai/research.html
MobileNet v2
- Mno3a
- ($OKyC Ha aHanm3e onblneHns Geninckie e
- 14 TB Buaeo, 49 cemen _ oy R
- OTKpbIT TONIbKO dataset o688 o b G
Encoder L See Wasp Bumble- Homet Sl 1 =E=i=§ H
1 5bes BE mEEE

1280

%

’l 7 . Decoder
rl’---—"i |
2 16 =

Class confidences
[ ]
Normal Pollen Drone Dead




Time distribution to detect and classify all cells in a comb image

— Image Load

—— Comb Segmentation

— cells Detection

—— Cells Classification
Total

eepBee - Thiago, Metz et al.

8K - Eg [12. Eggs 464

- contrast filters [
- segmentation — U-net
- classification — MobileNet N
- pro camera s e

- Honey
34 - Nectar

I8 - Pollen

[ 16 . Other 608

Food reserves

2 k f [A]. Add Cell
_ F1-Score Resources [D]. Del. Cell

ra m e S s fLo=tging [sl. 5:“ )
= e CT 2 r 6 RA M CE99 Numborof we‘gh‘s/'///' ‘\\\Enuchs P (N). Next

/ [P). Previous

InceptionResNetV2

MobileNet B fioney \ /
- ~5cek \ T™ ik DN (). o

e S X X sesee KRS |
- O p e n S O u rce — MabileNat (DA) 15/09/18 00:03:17 i

| InceptionResNetV2 (DA)

CNN architecture - U-Net based Dataset Creation e
MobileNet 11 epochs

% DenseNet121

BBG-18-3F % DenseNet169 InceptionV3 18 epoch;
s <+ DenseNet201 DenseNet121 16 epochs
7 InceptionResNetV2 Xception 14 epochs

@
% InceptionV3 E MobileNetv2 31 epochs
<« MobileNet = NasNetMobile 21 epochs
® MobileNetV2 B ResNet50 25 epochs
% NasNet z DenseNet169 22 epochs
] v bil Incept v2 19 epochs
® ResNet50 DenseNet201 21 epochs
% Xception NasNet 28 epochs

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300
Time to converge (minutes)




softmax

Bozek u ap - Honeybee tracking I

angle
estimation

TPEKVHT NYen Ha pamke

TPYAHOCTU s Mo
BLICTPOE ABUXeHMe i : il
NPenaTCTBMA BUAMMOCTYM (occlusion) B pores

FIG. 2: Object detections are joined into short track
fragments using a simple distance metric. We join the

TPAEKTOPUA NYEN Ha pdMKEe U BO BPEMEHU

Pixel personality for dense object tracking in a 2D hone(}(bee hive
Katarzyna Bozek, Laetitia Hebert, Yoann Portugal, Alexander S. Mikheyev & Greg J. Stephens




Bozek u op - Honeybee tracking II

. opensource + dataset
f
A
TPEKNHI BCEN CEMbI .“
R - = e !ﬂ — u : = : A 1 | o4 | .wnvolulpn 8
4 3 R P ; ; i . " [ copy 512
0.8 31 & '
l; _‘,: @ ; v C1‘200 L5 - visible bees and brood —
~—— Brood
800
400
2y 5 10 15 20
time [week]
d e Cell-bees - L1: 17 f
high counts : 5 Proportion of cell-bees
TR among visible bees

§ 200( ... % o L2 R?=-0.95

o L3 R?=-0.90

1 « L4 R?=0.93

2 0 LS R2_=-O.67

2 %

i ‘ £ -200 b
4, L - .
= 0 500
Brood - Uprood

Towards dense object tracking in a 2D honeybee hive )
Katarzyna Bozek, Laetitia Hebert, Yoann Portugal, Alexander S. Mikheyev & Greg J.

Stephens




BeeNet

MuKC aBYX MOMYSAPHbBIX
APXUTEKTYP

Kofa HeT

/ BeeNet CNN feature extractor-ResNet50d \
x3 x4 x6 x3
B 4 Entity
b 3 =--0-0-0-§-=
input image N
processed image Ix1, 64 Ix1, 128 1x1,256 Ix1,512
224x224  7x7,64 3364 3x3,128 3x3,25  3x3,512
Ix1,25  Ixl,512 Ix1,1024  1x1,2048

Transformer encoder structure

embedded |sequence

. Self-attention block g Feed-forward block i

~

classification result

Table 1: Best CNN models and Vision Transformer against 3 bee data sets

Models/Data sets Bee identification  Varroa detection Pollen detection
ResNest 85.08 84.82 96.48
EfficientNet NoisyStudent 84.63 84.44 96.48
Vision Transformer 16x16 90.09 88.46 98.74
Vision Transformer 8x8 90.78 93.24 98.88

BeeNet 92.45 94.50 99.18







ABTOKOAMPOBIIMK ¥ Embeddings

- Autoencoder - oby4daeTcsa nepesayn BBOAA Ha BbIBOJ, C YMeHbLLUEHMEM
pa3MepHOCTU B nNpouecce

- B cepeguHe nonyyaem embedding = |latent vector) = abcTpakuus
- float-BekTtopos B latent space (512-mepHbIli Hanpumep)

- CNN, GPT, BERT - Ha nocnegHem cnoe embedding — transfer learning

- B uuncrom Buge reHepupyroTca npefobyyeHHbIMU MOAeNaMN
- word2vec, sentence2vec, doc2vec,
glove, USE, CLIP, ImageBind

Use case:

- Komnpeccusa npu nepegade no cetu
- OuncTka KapTUHOK OT LWyMa
- YBenuueHue frame rate

|
- MNepeBoa Mexay A3blKamu Encoder —'%—' Decoder

- Knactepusauusa
- CeMaHTMYeckni Nnomnck
- PexkomeHpgauun B
Original Compressed Reconstructed
- reHean.V'ﬂ KapTMHOK (VB LUyMa) input representation input




ITpOpHIBHBIE CMBIC/IOBBIE HEIPOHKM

- 1986 Autoencoders

- 2003 Neural Probabilistic Language Model

- 2008 Word position

- 2013 Word2vec - word embeddings

- 2014 RNN — LSTM, GRU

- 2014 GAN. /lBe HeVIpOHKW reHepaT KapTUHKW.
Self-play

- 2015 Attention (Luong et al.)

- 2018 ELMo

- 2018 Transformers — BERT, GPT, PaLM

- 2020 Visual Transformers (ViT) — DINO

- 2021 54

- 2021 RAG, CLIP




Recurrent NN (2014)

Use case

- nepeBoA TekcTa (google translate - LSTM)
- pacno3HaBaHue 3BYKa, BpeMeHHble psjbl

- RNN = nocnegoBaTtesibHble c/ioU
- €CTb CKPbITOE COCTOAHMNE = MaMATb

- A0pPOro TpeHnpoBaTb
- = Gated Recurrent Unit
Long Short-Term Memory + attention

Je suis. étudiant

——

Encoder Hldden gncoder Hdden  Encoder
RN R RNN ) RNN Hidden

Sle ——» |Decoder | Decoder |Decoder | Decoder
RNN RNN RNN RNN

-

I am a student

Decoding stage

Encoding stage

>

© 00 00 606 6 6 o

Deep Visual-Semantic Alignments for Generating Image Descriptions

Andrej Karpathy Li Fei-Fei
Department of Computer Science, Stanford University
{karpathy, feifeili}@cs.stanford.edu

Show and Tell: A Neural Image Caption Generator

Oriol Vinyals Alexander Toshev Samy Bengio Dumitru Erhan
Google Google Google Google
vinyals@google.com toshevegoogle.com

bengiolgoogle. com dumitru@google.com

DEEP CAPTIONING WITH MULTIMODAL RECURRENT
NEURAL NETWORKS (M-RNN)

ision Language | |A @roup of people

Deep CNN  Generating| [Shopping at an fohua Mo

University of California, Los Angeles; Baidu Research
mihustelucla. edu

RNN outdoor market.

N
( ) ‘Wei Xu & Yi Yang & Jiang Wang & Zhiheng Huang
Baidu Research
Ther? ?_re many {wei.xu, yangyi05, wangjiang03, huangzhineng)@baidu.com
g les at the

fruit stand. Alan Yaille

University of California, Los Angeles
yuille@stat.ucla.edu




Output
Probabilities

Transformers (2017)

Add & Norm
Feed
Forward

Add & Norm

- Use case - nepeBo/ia TeKCTA
- MexaHn3mM BHUMaHUA

Attention Is All You Need

- A6CTpakTu3aums HelipoHok = CPU Von Newman'a Vit Head
Forward ) y Nx

- MHororosoBoe BHMMaHMe = MHOM03Ha4YMMOCTb

Add & Norm

= ECT M Horo naMﬂTM O(NZ) B 3aBV|C|/|MOCT|/| OT BXOAa Nx Add & Norm e AgshVaswani‘ Noam Shazeer* Niki Parmar* Jzkol;U.szkoreit‘
Multi-Head Multi-Head v e, con  momggie s Diiipeogie i Sentaogi o
- O rl T Vl M Vl 3 VI pye M /O 6yl‘| a e M \A"e”“o”} A A“em‘of‘l} Llion Jones* Aidan N. Gomez* Eukasz Kaiser*
- OcTtaTouHble (residual) cBazm = ) ‘ _— e el s apaiate con
A ositional Positional N Ly
backpropagation goctaeT Ao NepBOro c/os Encoding (9 ) Encoang ...
- 2ddekTnBHO TpeHmpyeTcs Ha GPU e e

(napannennsauymns)
Inputs Qutputs
- http://nlp.seas.harvard.edu/annotated-transformer/ (shifted right)

2. Positional Encoding 3- 4. Encoder Layer 3. Multi-headed Attention EowiG —— 6. Decoder Multi-Headed Attention 1

toser 3.1. Self-Attention
P—— ‘ AHEAA o= brightness brightness
Embeddings f f

0 o

MatMul
the the

»{ Add &Norm T 1 Hi how are you
Positional f Feed SoftMax
= BB B8 B BB i ]
sun sun
s oono

Time Step 1 2 3
Multi-Headed Scale

Attention oo
[ the

PE(pos, 2i +1) = cos( :
¥ 100007
i Linear Linear

s Positional Input
Embedding

4 2i) = sin(

P
100002



http://nlp.seas.harvard.edu/annotated-transformer/

Big Bird

Hacnenmne TpaHcdopMepOB : %’ZZ?ZZZ;

g 52 I_mformerq)Performer
o @ Reformer Sinkhorn
- Bidirectional Encoder Representations from Transformers (BERT) g Hneprransfomer
- Generative Pre-trained Transformer (GPT) &
- CKOPOCTb reHepaLmm VS KOHTEKCT VS Ka4eCcTBO BOCNOMUHAHUS w g -y
Ka pTVIHKVI VI3 “ 50 100 150 200 250 300 350
Transformer models: an introduction and catalog. Amatriain et al Speed (examples per sec)

XML-RoBERTa -

Num. Parametars.

1008

108

Diffusion
(2015/
2020)

-
[

Figure 7: Transformer timeline. On the vertical axis, number of parameters.

20[|8 20‘19 2020 20’21
Colors describe Transformer family.




Visual Transformer (2021)

- 3ameHa CNN Ha rnobasibHble Mack BHUMaHWS

- 12-32 cnoes, 12-16 ronoBOK BHMAaHWA

- TNpeBocxoanT ResNet152 B TOUHOCTU U CKOPOCTU 0ByueHUs Npu 60abLUINX
AaHHbIX (VIT vs BigTransfer)

AeNNT NCXOAHYH KapPTUHKY Ha KYCKM (16x16px patch = 196 KycKoB)
fobaBnseTcs No3NUMOHHBLIN embedding

Mexay patchamm Bo3HmMKaeT MaTpuvLa BHUMaHUS

= DeiT, CCT, CaiT, PVT, RadixNet, T2T-ViT, EfficientViT, MaxViT, DINOv2

Vision Transformer (ViT)

Class

Bird MLP
e

RGB embedding filters

Transformer Encoder
(first 28 principal compon

|
- H OO 08 6 OO e)

Position embedding similarity VIiT-L/16
AR §]

cEEEAHEEE] | o
T R

* Extra learnable B T : s 2
[class] embedding [ Linear Projection of Flattened Patches ] .IEOOEEE s g &

SEE [ [T 1 ammnnmel ;i e

2 | - =1 . :
s - 0 O ST M
LEe ) ‘ANAAREEy = :
= 12 3 4 5 6 7 0 5 10 15 20
Input patch column Network depth (layer)

L1
(111
] L1

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"
“equal technical contribution, fequal advising
Google Research, Brain Team

Emerging Properties in Self-Supervised Vision Transformers

Mathilde Caron™? ~ Hugo Touvron'*  Ishan Misra'  Hervé Jegou!
Julien Mairal2 ~ Piotr Bojanowski®  Armand Joulin®

! Faccbook Al Research ~ 2Inria®  * Sorbonne University
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MopganbHOCTU

Pa3sHble TUMNbl AaHHbIX

- BpeMeHHOW psaj
- TeMmnepaTtypa
- akumwn
- 3BYyK

- TeKkcT
- Koj
- rpaduku

- n306paxeHne
- MHOrocnowHoe
- 3BYK

- BWAEeO

- 06/,1aK0 ToYeK
- LiDaR

KoopAMHaThbl
noroja

no3bl

34 Mogens (ansa AR/VR v nrp)
cepALe, HepBbl, JaBneHne
npuKocHoBeHMs / haptic
3MoLMK YenoBeka

3anaxwu

reHbl

MOeKy bl

ToMorpadus

BCI

yrnpasfieHve poboToM
ynpas/ieHVe NpoTe3oM

pa3meTka obnaka Touek LiDaR, utepdeiic supervisely —

g — \ z

Tallinn

Tallinn.

PERSPECTIVE

FIGURES
@ Cuboid

| oBJECTPROPERTY TAGS

OBJECT FRAMETAGS 4

CREATED BY.




doto — Texkct / CLIP (2021)

[eHepaTop MynbTUMOAANbHbIX embedding

CBA3b KapTUHOK C TEKCTOM
- HO TPeHMPOBKa NPOUCXOAUT He Ha ByKBaNbHOM TeKCTe Ha
BO3MOXHbIX BapraHTax (T1..Tn) = Ha cMblcnie. Kak TecT B
LuKosie

6onee rnybokoe NOHMMaHMe KapTUHKY
Contrastive Language-Image Pre-training

ine similarity between text and image featu

F e

(1) Contrastive pre-training

open-clip

Learning Transferable Visual Models From Natural Language Supervision

Alec Radford"! Jong Wook Kim ' ! Chris Hallacy! Aditya Ramesh! Gabriel Goh! Sandhini Agarwal !
Girish Sastry! Amanda Askell | Pamela Mishkin! Jack Clark' Gretchen Krueger! Ilya Sutskever !

i~ /%‘S’U “

aaaaa

ru-clip

3 LTy | LT, Iz Ty o [Ty
3 LT LT | BT | . BTy
N NT) | INT [ INTs | . [INTN
T -
J

T (3) Use for zero-shot prediction

Image | |

Encoder




doto — GPS (X,V)

(A) Problem Setup

[
~
P ~

/ N
/7 (40.7128°, — 74.0060°)
/ Query
/ (—33.8688°, 151.2093°) \
" (55.7558°, 37.6176°) \
: |
\ : /
\ 3 s
\ (53.9921°, —1.5418)// Retrieve

\\(25.7617", —80.1918°)

~N //
~ o -

GPS Gallery

Pairs of (lat, lon)

(53.9921°, — 1.5418°)

Retrieved GPS
Coordinates

(B) Approach G R? G R” [0 2]
= YN &!
GPS Gall
allery e '

GeoCLIP: Clip-Inspired Alignment between Locations
and Images for Effective Worldwide Geo-localization

Vicente Vivanco Cepeda, Gaurav Kumar Nayak, Mubarak Shah

Center for in Comp Vision, University of Central Florida, USA
{vicente.vivancocepeda, gauravkumar.nayak}Qucf.edu; shah@crcv.ucf.edu

Location Encoder

V()

Vi Vil
Feature
aIgL“‘mx(Vl L) Similarity Matrix
Image Encoder B  (lat,lon)
b



doto - TekcT / GLIP 1 OWL-VIiT (2022)

CMbICnoBas CBSA3b TEKCT «—— Ka PTUHKA
Simple Open-Vocabulary Object Detection
- MOAe/IM CaMi BO3BPALWarOT K/1aCCbl B 3aBUCMMOCTN OT with Vision Transformers
Te KCTO B O ro 3a I-I p O Ca Matthias Minderer*, Alexey Gritsenko*,

Austin Stone, Maxim Neumann, Dirk Weissenborn, Alexey Dosovitskiy,
Aravindh Mahendran, Anurag Arnab, Mostafa Dehghani, Zhuoran Shen,

- TO L’l H O CT b I'I }'I Oxa ﬂ Xiao Wang, Xiaohua Zhai, Thomas Kipf, and Neil Houlsby

Prompt

Person. Bicycle ... Hairdryer. e, wasp, homet, woos 4

A woman holds a blow dryer

Bicyc | #dry
3 é N
wearing protective goggles le ‘ 5 I er. ‘ Word
Features
A wom prote | gogg
an cive | le
0,-P, 01+ Pu-s| O - Py
0Py
[ Word-Regi T Alignment
‘ord-Region 0y-Pu — Loss

2 Alignment Score




ImageBind (2023)
My/ibTUMOZaNbHble embeddings

Cross-modal retrieval

Audio Image & Video Depth Text
“A train pulls into a busy station”
Q ) “Wind blows as a train moves
through a grassy landscape”
Train horn “People sip coffee in the dining car”
x N »

Embedding-space arithmetic Audio to image generation

Image Audio Retrieved image Audio Generated image
- —

()) _)bé[tl

Penguin calls

IMAGEBIND: One Embedding Space To Bind Them All

Rohit Girdhar* Alaaeldin El-Nouby* Zhuang Liu Mannat Singh
Kalyan Vasudev Alwala Armand Joulin Ishan Misra*
FAIR, Meta Al

Depth

= Fl
=1 &)
Text Heat map

Image/Video

Audio IMU




N ¢poTo — ¢PoTto / ClimaX (2023)

MpesckasaHne Noroabl
MogennposaHue knnmmata (npw gpyrom yposHe CO2)

Pretraining Ha aaHHbIx (foundational model)
MecTHoe npezckasaHue norojpl

CMIP6 datasets - o4eHb pa3Hble AaHHble
Temnepartypa, AaBJ/ieHue, BNaxHocTb, CO2, SO2

CHATbIE B pa3HOE BPeEM4, B pa3HbIX TOUKaX

ViT kak ocHoBa
MHOrOCMNeKTPanbHbI BXOA

anbTepHaTtuBa FourCastNet, Pangu-weather, GraphCast

™
I

ClimaX:
A foundation model for weather and climate

Tung Nguyen', Johannes Brandstetter?, Ashish Kapoor®,
Jayesh K. Gupta©2, and Aditya Grover*!
LUCLA, *Microsoft, *Scaled Foundations

Targets at lead time At

-

EERw

Variable Variable
PR Tokenization I 2 § Aggregation 8
..I_

Transformer = L(B' B)
¥ Scalar Embed
/ l Patch Embed

l Cross-attention

i

Lead time

Figure 2: Pretraining phase of ClimaX. Variables are encoded using variable-separate tokenization, and
subsequently aggregated using variable aggregation. Together with position embedding and lead time
embedding those are fed to the ViT backbone.




doTo — cermeHTanua / SAM (2023)

NHTepaKTMBHAas cerMmeHTaums
KNMKaMW, TeKCTOM, Mackou mnam bbox

NTY

P T Segment Anything
C M I a K)K e e = C e r M e I I T a LI| I/I ﬂ Alexander Kirillov!:?#  Eric Mintun?  Nikhila Ravi'?  Hanzi Mao? ~ Chloe Rolland®  Laura Gustafson®
Tete Xiao® Spencer Whitehead Alexander C. Berg ‘Wan-Yen Lo Piotr Dollar* Ross Girshick*

TeKCTOM




doro — cermeHTauuqa HIPIE (2023) ™™ "o

Xudong Wang'*  Shufan Li'*  Konstantinos Kallidromitis®*  Yusuke Kato?
Kazuki Kozuka®  Trevor Darrell’
"Berkeley Al Research, UC Berkeley ?Panasonic Al Research

semantic segmentation, instance
segmentation, panoptic
segmentation, referring
segmentation, and part/subpart
segmentation

SAM Grounded-SAM HIPIE (ours)




doTo + TekcT — TeKcT / LLaVA (2023)

2 LLaVA: Large Language and Vision Assistant

NHTepakTuBHbIV prompting LLM o e @

=

O KapTUHKe - BepHU MHe JSON
MaTKW

He Hago 6onblue 0byyaTts CNN ¢ . N
H yn ﬂ ? ret;rnjson coordinates’of q‘ueen bee, give total count of bees

[0.39, 0.41, 0.68, 0.59]

# Downvote 'Jv’ Regenerate




Bugeo + TekcTt LLaMa-VID (2023)

NHTepaKkTuBHbLIN prompting Buae0

Text Query

s e e —{ rexoecoder |- 000

P ;

% E X [ Context Attention H Projector }—t* D :) D
Contex%> i C]

¥

S— T
g L[Visual Encoder % DDDD i Projector B D -
3 P +

Visual Embeddi

User: What are
the couple doing? :>

LLM

Assistant: They are

hugging in a flying
Content gesture on the bow.

Frozen in training 11 Scalable token

Video/Image

LLaMA-VID: An Image is Worth 2 Tokens in Large Language Models

Yanwei Li'* Chengyao Wang!*  Jiaya Jial?
CUHK' SmartMore?

LLaMA-VID Chatbot

W

» 0:00/0:14

what is this video about?

This video showcases the beauty of nature, specifically the blue hyacinth flower and the bees that pollinate it. The camera captures the
vibrant colors of the flower and the bees' buzzing, creating a peaceful and serene atmosphere.

how many bees are there in total?

There are a total of four bees in the video.



OOKVMEHT + TeKCT — TeKCT/RAG

‘The Beekeepers Bible: Bees, Honey,
Recipes & Other Home Uses
by Richard A Jones and Sharon Sweeney-
Lynch

BMeCTO AOMNO/IHEHUNSA KOHTEKCTa CBOVM TEKCTOM..
npespaLLaemM ntobble BHELHWe JOKYMEHThI
(TeKCT+TabnNUbI+KAPTUHKW)

B embeddings

npu 3anpoce K Moaenu
- nem 6amxaniine BeKTOpbl
- JIOMOJIHSIEM KOHTEKCT OTBETaMU
- nepesaemM B MoZefb

Embedding Embedding 1 Query
e—_
& D 12/ &
(o]
¢ Vector Database

¢ » @ Chunking @ .‘ir

LLM(s)
3\ Re Data 4

p— i ; l
' g ==

Data Preparation

Retrieval Augmented Generation

Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks

S Response

Patrick Lewis'!, Ethan Perez*,
Aleksandra Piktus', Fabio Petroni', Vladimir Karpukhin', Naman Goyal!, Heinrich Kiittler',
Mike Lewis’, Wen-tau Yih', Tim Rocktiischel ', Sebastian Riedel'f, Douwe Kiela'

fFacebook Al Research; University College London; *New York University;

Retrieve raw image

Multi-Vector Retriever

Multimodal Embedding Answer
ToteSummary
images [ [
Documents s !
~ Answer
Tables Y ]
Text raw image to LLM for synthesis
@ E= | == ]
..... ] -




code + text — code

RAG over code

Source Code

Github copilot

Jetbrains Al
assistant

Code:

Def foo(...):

for section

sections:

sect = section.find("head")

identifiers-searcher 79 main v &7 Run Plugin v

bid 1 torFromString(String input) throws InvalidFormatException {
String[] parts = input.split( );

if (parts.length < 2) {
th InvalidFormatException(input);
7
String word = parts[6];
String[] vectorString = parts[1].split( 7
ble[] vector = Arrays.stream(
.mapToDouble(
.toArray();
s.put(word, vector);

vectorString)
Double: :parseDouble)

identif

. Retrieved
Transformations Code

Vectorstore

Embeddings Question

LLM

Answer

Prompt




doTo + TeKCT — Kox — TeKCT / ViperGPT (2023)

feHepupyeM python Kog
NcnonHseM C y4eToM UTO Ha BXoje

yMeeT BUAEO
chain of thought (pasbveHve Ha warn)

Query: How many muffins can each kid have for it to be fair?

Generated Code

def execute_command(image):
image_patch = ImagePatch(image)
muffin_patches = image_patch.find("muffin")
kid_patches = image_patch.find("kid")
return str(len(muffin_patches) // len(kid_patches))

ViperGPT: Visual Inference via Python Execution for Reasoning

Didac Suris*, Sachit Menon*, Carl Vondrick
Columbia University
viper.cs.columbia.edu

A ' 4
Execution ' kid patches =
i image_patch. find( "kid")

muffin_patches =
image_patch.find("muffin”) |

» Len(muffin_patches)=8
» Llen(kid_patches)=2

»8//2 = 4
Result:4

_afe—




i Camera

MediaPipe (2019)

SELECTED FRAME

MediaPipe: A Framework for Building Perception Pipelines

DErECTIONS _ FRANE Frave
DetectionTracking |, o ObjectDetection Camillo Lugaresi, Jiugiang Tang, Hadon Nash, Chris McClanahan, Esha Uboweja, Michael Hays,
TRACKED.OETECTIONS | | pgey e DETECTIONS. Fan Zhang, Chuo-Ling Chang, Ming Guang Yong, Juhyun Lee, Wan-Teh Chang, Wei Hua,

Manfred Georg and Matthias Grundmann

framework / MoOAynbHbIV HAboOp e

MERGED_DETECTIONS

DETECTIONS  FRAME
DetectionAnnotation

ANNOTATED_FRAME

- HaXoXaeHve nnLy &
- HAXOXAEeHWe XeCcToB pyK

- AeTEKT Mo3bl
- mesh nnMLua s o ]

MAN  LooP| MAN L00P)

input_video

PreviousLoopback = PreviousLoopback_2

PREV_L0OP PREV_LOOP

DisALLOW 0
Gate

Attention Mesh model
24x24x32 HandDetection

==

DETECTIONS  NORM_RECT.

 Rol |
Face 5] §
crop 28
ex
3 s IMAGE. DETECTIONS NORM_RECT LANDMARKS
2562563
['Rol | Renderer
v ace
Camera frame P b
el output_video
Features

2




3D GauSSian 3D Gaussian Splatting for Real-Time Radiance Field Rendering

BERNHARD KERBL’, Inria, Université Céte d’Azur, France
GEORGIOS KOPANAS®, Inria, Université Céte d’Azur, France
THOMAS LEIMKUHLER, Max-Planck-Institut fiir Informatik, Germany
GEORGE DRETTAKIS, Inria, Université Cote d’Azur, France

Gaussian splatting 3ameHsieT 061aKo
Touek (NeRF) —y
g 4

Differentiable | —

Image
Tile Rasterizer | —— &

:, —»| Initialization | —

\

Adaptive

- structure for motion T ) R

- bepem 06/1aK0 S3NNMMCONAOB

- MpoeuripyemM Ha MnaocKoCTb
YUUTbIBast pasmMep, NOPSAOK U
NPO3pPaYHOCTb

- ONTUMM3MPYEM B PaACTP/TEKCTYpYy

- ncnonb3syem CUDA kernel —
realtime / high FPS

(He NCnoNb3yeT HEeMPOHKN)




I1asa + oTo + SMOIIHS

[eHepupyem 34 aBaTapbl
okaTtbln VR B realtime

@

Latent {01 Rie, Sk, tie, Opes die, e )
expression Z D{g,ci} T I ——— 2 Splatting
code {n v } geometry Eq.(2)
Gaze e e k. appearance
(right) z Specular ... Diffuse
G g Ba® Q' Eae)

© Lighting
Viewing
angle @0 Dy

"
D{eirev} m Eyeballs C}ScpeClllar cﬂiff““ Cy
< / % Lt 2 ¢ = 4 ) N
: ‘ w7
/ € (
é AN = - ‘ &

%
— / |

— 3d

Ground truth

Relightable Gaussian Codec Avatars

Shunsuke Saito, Gabriel Schwartz, Tomas Simon, Junxuan Li, Giljoo Nam

Codec Avatars Lab, Meta

Relightable and Animatable Avatars

Point light rendering




curHaii + ¢orto + Tekct — cur”an / PaLM-E (2023)

ANs pO6OTOB
yrnpaBneHmne obbekTamu

cM Takxe Swift ans kontepos, RoboCat, RT-2

NSRS MAR PRl PaLM-E: An Embodied Multimodal Language Model IS BBtIS FAARaIng

Given <emb> Q: How
to grasp blue block?
A: First grasp yellow
block and place it on
the table, then grasp
the blue block.

Given <emb> ... <img> Q: How to grasp blue block? A: First, grasp yellow block

2 ViT

Large Language Model (PaLM)
Human: Bring me the rice chips from the Tabletop Manipulation

drawer. Robot: 1. Go to the drawers, 2. Open

top drawer. | see <img>. 3. Pick the green rice

chip bag from the drawer and place it on the Control A: First, grasp yellow block and ...
counter.

Given <img> Task: Sort
colors into corners
Step 1. Push the green
star to the bottom left.
Step 2. Push the green
Describe the following Language Only Tasks circle to the green star.
<img>

A dog jumping over a
hurdle at a dog show.

Visual Q&A, Captioning ...
\

Given <img>. Q: What's in the
image? Answer in emojis

J>#000&8

Q: Miami Beach borders which ocean? A: Atlantic. Q: What is 372 x 18?7 A: 6696.Q: Write a
Haiku about embodied LLMs. A: Embodied language. Models learn to understand.
The world around them.




doTo + TeKCT — TeKcT + poTo / Gemini (2023) usus

- expertin 57 subjects
- Multimodal-first
- 32k token context length - manoBaTo

- tech report 4na MapkeTunHra
- AEeMO BMNAEO - MOHTaX

Question LLaVA  BakLLaVA Qwen-VL CogVLM
How many coins do | have? (VQA)

Which movie is this scene from? (VQA)

Read text from the picture (Document OCR)

What is the price of Pastrami Pizza? (Document VQA)
How much tax did | pay? (Document VQA)

Find the dog. (Zero-Shot Object Detection)

Read the serial number. (OCR)

CpaBHeHue Mojienei - blog.roboflow.com

GPT-4V

Gemini

Google DeepMind

Gemini: A Family of Highly Capable
Multimodal Models

How about this one?

A"

I see a hand with two fingers extended, which is a
common symbol for the number two.

But wait ... what if we asked Gemini to reason about all of these images together?

MR

What do yuthnkImdlng Hint: it's a game.






L= L]
PocT Mopeneii - Mixture of
SWITCH TRANSFORMERS: SCALING TO TRILLION
PARAMETER MODELS WITH SIMPLE AND EFFICIENT
xperts &

Google Brain Google Brain Google Brain
liamfedus@google.com  barretzoph@google.com  noam@google.com

‘William Fedus* Barret Zoph* Noam Shazeer
Mapannennsaumns / pasgeneHme 4actm MOLeNn Ha HeCKobKO (8) skcrnepToB e

- bbicTpen inference

- 3KCNepTbl MOryT 6bITb Ha pa3Hbix GPU

- 3KCNepPThI CneunannsnpyroTcs

Ha TOKeHax, MyHKTyaLuW, rnaronax, corsax, B13yajibHOM ONMUCcaHnm
- 6oMbLUE MapaMeTpoB B Lie/IoMm, eLle 6onblie VRAM Eb

G, | [G0r

H MoE Transfomer Encoder
Mistral 8x7B (80GB) = Vith Gevice placenent
Encoder ‘ Encoder
output (shard 1) output (shard E)

¥2| & 2 N\
— Add & Norm \ Add & Norm \

PyTep — akcnept 7 = —

Add + Normalize f— Feed forvara ‘ [ Feed Foruard ‘

M3HauvansbHo ana LSTM (2017)

A \.
o ) ‘I

(] [Fena] ": (> A& Norm

Add & Norm

B cnyuae TpaHchopmepoB - Heckonbko FFN

e - | e

. p=08 e e Attention
TpeHVpoBKa 04HOBPEMEHHO 060X *ﬁ
(G (r2)x N2)x
A

11-to-ALL Conbine:

=
Add + Normalize f—————

Self-Attention

MNpobnema - gncbanaHc sKCNepToB

Model-parallel
MoE

=t Al1-to-Al1 Dispateh

. Gating—— ||

Mistral / GPT-4 E— § O S —
- embedding embedding (> Add & Norm Vorm

https://huggingface.co/blog/moe N M anmms M eaauns I

More Parameters Attention Hoed

Device £/

[ Tnput embeddings +
Positional embeddings
(shard E)

( Input embeddings +
Positional embeddings
(shard 1)




CKaTue KOHTeKCTa - Structured State Space Models (2021)

- State Space Model (1 960) AN5 NoCNeA0oBaTENbHOCTY AAaHHbIX, MO Efficiently Modeling Long Sequences with Structured State Spaces
cyt RNN. Vanishing gradient = nnoxo oby4aema Albert Gu, Karan Gosl, and Christopher Ré

- u—XxX— y Department of Computer Science, Stanford University

- yI'IpOLLLaET BblUMCNEHME NOC/IeA0BaTeNbHOCTEN, HO C noTepamMmn

- 3BYK, KapTUHKMK s )
- NNHeNHOo ncnosb3yeT namate O(N)
~ Model SMNIST PMNIST sCIFAR
- B 5-60x 6bICTpen TpaHchopmepoB e T T T ST TR e
‘CKConv (Romero et al., 2021) 99.32 98.54 63.74
CNNs TrellisNet (Bai et al., 2019) 9920 9813 7342
- The An notated S4 TCN (Bai et al., 2018) 9.0 972 . N
LSTM (Hochreiter & Schmidhuber, 1997; Gu et al., 2020b) 98.9 95.11 63.01
. . r-LSTM (Trinh et al., 2018) 98.4 95.2 722
httDS//SrUSh Elthub Io/annotated_s4/ Dilated GRU (Chang et al., 2017) 9.0 946
. . . Dilated RNN (Chang et al., 2017) 98.0 96.1
IndRNN (Li etal., 2018) 99.0 96.0
RNNs expRNN (Lezcano-Casado & Martinez-Rubio, 2019) 98.7 96.6 -
UR-LSTM 99.28 96.96 71.00
UR-GRU (Gu et al., 2020b) 99.27 96.51 744
H i O a a LMU (Voelker et al., 2019) = 9115 - Lo .II|._mI|Il
> S4 )SS > M mb (2023) HiPPO-RNN (Gu et al., 2020a) 98.9 98.3 61.1 _ J L
p p UNIcoR NN (Ruscl & Mishrs, 2021) - 904 Continuous-time Recurrent Convolutional

LMUFFT (Chilkuri & Eliasmith, 2021) -
LipschitzZRNN (Erichson et al., 2021) 99.4 96.3 64.2 +/ continuous data /' unbounded context / local information

Hyena, RetNet, RWKW ssMs & e 7 e somping ¥ et g ¥ porallaate aing

Benchmark spanning text, images, symbolic reasoning (length 1K-16K) Path-X
— Model LISTOPS TEXT RETRIEVAL IMAGE PATHFINDER PATH-X Av
i Random 10.00 50.00 5000 1000 50.00 50.00
Transformer 36.37 64.27  57.46 4244 7140 X Selective State Space Model
[t Local Attention  15.82 5298 5339 4146 66.63 x with Hardware-aware State Expansion
Sparse Trans.  17.07 8 424 71T x &
Longformer 35.63 4222 69.71 x - = ’
Linformer 3856 7634 X ii:] [ — D S ——
Reformer 3807 68.50 x [ 15
Sinkhorn Trans 4123 67.45 x =L — t
Synthesizer 36.99 1161 69.45 X ey , ‘ |
BigBird 36.05 1083 74.87 x ; !
Linear Trans 16.13 12.34 x =\ !
I Performer 18.01 4277 T1.05 x . L
FNet 35.33 77.80 x )
0 2000 4000 6000 8000 10000 Nystromformer 65.52 70.94 x - Sfecion Mechansm
Luna-256 64.57 7772 x Technicalstructure of Mamb
sS4 76.02  87.09 86.05 88.10

(5) A negatve example.



https://srush.github.io/annotated-s4/

OrpaHuuyeHus Xesnes3a - MOHOJINUT UIN MUKPO-

MOenn

100 pa3HbIX 3a4a4 - MaLLWHbI, 3HaKW, NYTb,
CTaTUYHblE 0O bEKTHI

Kamepbl BMeCTe TPeHUPYHTCS
334,41 UCMO/b3YHT pa3Hble Kamepbl
orpaHM4YeHHoOCTb No GPU, TpeboBaHWs MO BbICOKOMY
FPS

moving objects  static objects signs

traffic light:

kamepsbl y Tesla — pasHble 3afa4n 1 MOLEeNu
“Multi-Task Learning in the Wilderness”

MOHONNT

3¢ deKTMBHOCTL Ucnonb3osaHus VRAM GPU
noa6opKa AataceTa Moj, pasHble 3a4a4y 04 THXENO 13-3a PasHOro pacrpejeneHuns Knaccos
oCTaHOBKa 06y4eHUs y 3ala4 NMPOUCXOANT B pa3Hoe Bpems

“MUKpOCepBUCHI”

npocToTa obyueHus
He3aBUCMMOCTb KOMaHA
He3$pdeKTVBHOCTL B3aVIMOCBSA3N
GPU— RAM — Network
AutoML?



3a KeM CJIeINTDh

b Google DeepMind

@ OpenAl

ANTHROP\C.
N Meta Al-

™ Microsoft
B Research

® cohere
st

< NVIDIA.

Google DeepMind / Google Research — BARD, LaMDA,
PaLM, Imagen, MusicLM, Gemini

OpenAl — GPT, CLIP, Whisper, ImageGPT

Anthropic — Claude

Meta Al — LLaMa2, Galactica

Microsoft Research — Orca, phi-2, LayoutLM, LLaVa,
Kosmos, table -transformer, diberta, Speech-tts
Cohere

Mistral — Mixtral 8x7B

NVIDIA — Nemotron, PeopleNet, SegFormer,
Conformer, Megatron, BioBERT, NeVA, GenSLM, Vista3D
Runway — Stable diffusion

Beijing Academy of Artificial Intelligence — BAAI
Tl — Falcon

National University of Singapore

Google

Meta

Microsoft

UC Berkeley

DeepMind

Stanford University
University of Washington
OpenAl

Carnegie Mellon University

MIT
Tsinghua University year
2020
NVIDIA - 2021
2022

New York University
0 10 20
Percentage of papers

Lmsys.org Chatbot Arena Elo Ratings 17 December 2023

Company Model | EloRating | License | Observations:
OpenAl GPT-4-Turbo | 1233 | Proprietary “ OpenAl is still the king of
OpenAl GPT-4-0314 | 1191 Proprietary ¢ LLMs, and their models
OpenAl GPT-4-0613 | 1157 Proprietary | ‘ are getting better
_ Anthropic Claude-1 1151 Proprietary Eotioafar
Anthropic Claude-2.0 1130 Proprietary behind, but their models
Anthropic | Claude-2.1 | 1120 Proprietary are getting worse
OpenAl G_PT—3,5*Turbo—0613 | 1116 Proprietary Mistralls avery strong
Mistral Mixtral-8x7b-Instruct ‘ 1116 | Apache2.0¢—— | .\ entrant with the best
Anthropic Claude-Instant-1 1110 Proprietary Open Source model
Open Source Tulu-2-DPO-70B 1110 A2 ImpACT
01 Al (China) Yi-34B-Chat 1109 Yi License o=
Google Gemini Pro 1106 Proprietary not impressed, it is a
OpenAl GPT-3.5-Turbo-0314 | 1105 Proprietary ~GPT-3.5 model
Open Source WizardLM-70B-v1.0 1102 Llama 2
Open Source Vicuna-33B 1096  Non-commercial Alot of open source rely
OpenSource | Starling-LM-7B-alpha | 1088  CC-BY-NC-4.0 on Llama 2 or GPT-4
outputs for fine tuning
Open Source OpenChat-3.5 1077 Apache-2.0

OpenAl GPT-3.5-Turbo-1106 | 1077 Proprietary

Perplexity
Meta

Meta's Llama 2 itself is
not a very highly
performant model

pplx-70b-online 1075 Proprietary
Llama-2-70b-chat | 1074 Llama2 «—




Y KOr'o YyYNThCSA

III._ - MIT Deep Learning Basics — Lex Fridman
| I MIT Introduction to Deep Learning | 6.5191
- Stanford CS221: Artificial Intelligence: Principles and Techniques
- Stanford CS229: Machine Learning Course

- Stanford CS231n: Deep Learning for Computer Vision

- Stanford CS25 - Transformers United

- Stanford CS224N: NLP with Deep Learning

- DeepMind RL Course by David Silver

- Harvard CS50's Introduction to Artificial Intelligence with Python

- KoHndepeHuun - ICML, ICLR, CVPR, MLCON, ICCV

- Geoffrey Hinton, Jeremy Howard, Andrew Ng, Andrej Karpathy
- CNery - Cepreri H1ukoneHko - Fnybokoe obyyeHue

- MIY - Pagonas HeitueB - BBegeHuve B rnybokoe obyyeHme
K®Y - EBreHuin PasnHKoB - [nybokoe obyyeHne




C 4yero HauvaThb

- MPaKTUYEeCKnin NPOeKT
- MOJaJIbHOCTb (TEKCT, KAPTUHKW, ayAno, BUAEO)

- JdHHble — yBeNn4ynTb 1 cbanaHCMpPoBaTb
- cBou, ObjectNet, ImageNet, ILSVRC-2012, huggingface, roboflow, datasetninja)

-  pa3mMmeTKa
- MOJAe/lb — transfer-learning + fine-tuning. Pytorch.

- TpeHnpoOBKa
- OoUeHUTb MeTpuKkn (MAP), CpaBHUTL C APYrMMMN MOAENAMU

- deploy




Model Safety

Model Supervision / Al
Observability Synthetic Data

>
[ J [ J
C dero HauarTb - Clarifai.com e ee
>®
Full-stack Al nnatdopma ans

- pa3mMeTKkn JaHHbIX (labeling) —

- cMbIcnoBoro nowcka (embeddings!) o [ R I - - -

~ B Overview
- obyyeHusa mogenen .
* nput o
- predicta gaHHbIX 1Mo API oo B
- CBSI3KM Mojenein B MynbTMoAabHbI workflow A
te, Workflows
& setting:




HNHCTpYMEHTapun

kubeflow

jupyter e
nvidia triton

google colab

ONNX = protobuf rpa¢a
pickle - serialized python
'I;?alfg)cr?low O bJ ect

Keras
CoreML
SciKit-learn
MXNet
CNTK
Caffe

NLTK




Al MHCTpYMEHTapui

- HuggingFace.co, Stability.ai, Inflection.ai, snorkel.ai, Al21, H20.ai, scale.ai,
gradio.app, octoml.ai, labelbox, supervisely, v7, mosaicml, databricks

- Nvidia Triton, Nvidia NeMo, lamini.ai, adept.ai, character.ai, coreweave,
lambda labs




MRI — ¢oTo / UYreHue msbiciei (2022)

High-resolution image reconstruction with latent diffusion models from human
brain activity

- fMRI voxel Ha Bxoae
- KapPTWHKAa Ha BbIXoje
- CLIP — Stable Diffusion

Yu Takagi'**  Shinji Nishimoto!?

Ground Truths  subj01 subj02 subj05
- - ;‘_;‘ T -

https://github.com/yu-takagi/Stable
DiffusionReconstruction



https://github.com/yu-takagi/StableDiffusionReconstruction
https://github.com/yu-takagi/StableDiffusionReconstruction

Bio-logger Ethogram Benchmar

C BEBE: Annotated datasets _ A BENCHMARK FOR COMPUTATIONAL ANALYSIS OF ANIMAL
3 i BEHAVIOR, USING ANIMAL-BORNE TAGS

MynbTMoAaNbHbI faTaceT

Benjamin Hoffman" Maddie Cusimano®
‘Earth Species Project Earth Species Project
Pa3Hble BUAbl XNBOTHbIX 5 g D ot s i
P le Leén U. de Leén (CNRS Borea
52 Vbagdunileon.os dcantuntloon.as danton. chovalliartenrs. £r
gE
ol Dominic L. DeSantis Loréne Jeantet Monique A. Ladds
kil . Georgia College & State U. U. of Stellenbosch. Department of Conservation,
8 doninic. desantisdgesu. odu African Institue for New Zealand
g Mahematca Sciences  monsque. 1addsdgaasl con
Lorene. jeantetGhotmail. fr
‘Takuya Maekawa Vicente Mata-Silva Victor Moreno-Gonzilez
U. Texas El Paso Universidad de Leon
oy tadutep. od vmorgounileon. es
= Outi Vainio
Universidad de Le6n U. of Helsinki
etravounileon. es outi.vainioGhelainki. £
= Time Antti Vehkaoja Ken Yoda Katherine Zacarian
=g Nagoya U. ‘Earth Species Project
% ° Gull Rattlesnake _ Polar bear Dog Whale _ Sea turtle Crow Seals Human antti j 1 od: .jp d
< B Stationary Move Head shake _ Pant + lie on chest Travel _ Swim Atnest  Feed  Sit
a8 Forage Stationary Roll Lie on chest Explore Feed Fly Travel ~ Stand Ari Friedlaender Christian Rutz !
£9 Groom Gallop Glide Lie U.C. Santa Cruz Univ. of St. Andrews
£8 a hrist = sacuk
S £ Walk Stay at surface Walk
0% Walk upstairs
£ Walk downstairs
wg

DogID,TestNum,t_sec,ABack_x,ABack_y,ABack_z,ANeck_x,ANeck_y,ANeck_z,GBack_x,GBack_y,GBack_z,GNeck_x,GNeck_y,GNeck_z,Task,Behavior_1,Behavior_2,Behavior_3,PointE

Data Article 16,1,0,0.041504,0.938965,-0.015137 .067871,-0.510254,-0.93457,-17.639161,-22.766115,7.44629, 934571,6.347657,13.427735,<undef ined>, <undef ined>, <undef ined>,<
16,1,0.01,0.041992,0.941895,-0.02002,-0.128906,-0.494141,-0.913086,-15.075685,-11.413575,4.821 3.90625,4.394532,16.540528, <undef ined>, Synchronization,<undef

Description of movement sensor dataset for )} 16,1,0.02,0.040527,0.939453,-0.004395,-0.158691,-0.480469,-0.911133,-12.207032,-0.12207,2.807617,-0.488281,-1.953125, 26.794435, <undef ined>, Synchronization, <unde
; p i o 16,1,0.03,0.021484,0.946289,0.007813,-0.12207,-0.486816,-0.880371,-9.46045,7.995606,1.586914, 1. 159668, -5.67627,38. 08594, <undef ined>, Synchronization,<undefined>,
dog behavior classification wames 16,1,0.04,-0.000977,0.951172,0.033691,-0.053711,-0.5,-0.807129,-8.361817,14.587403,-1.037598,4.577637,4.089356,41.503909, <undef ined>, Synchronization,<undefined>

16,1,0.05,-0.006348,0.955078,0.038574,0.019043, -0. 463867, -0. 749023, -9.826661,19. 653322, -5. 493164, 12. 939454, 20.. 81299, 32. 53174, <undef ined>, Synchronization, <undefi

; iax : b Heini Térnavistbe 16,1,0.06,0.001953,0.959473,0.035156,0. 045898, -0. 376953, -0. 78125, -11.657716, 15.869142, -7. 751465, 22. 70508, 29 .. 968264, 14038087, <undef ned>, Synchronization,<undefi
Antti Vehkaoja®, Sanni Eomppl  eink Tqrnqv]lst —. 16,1,0.07,0.013672,0.958984,0.030273,0.028809,-0. 307617, -0. 941406, -13. 671876, 5.859375, -8. 361817, 23.925783, 19. 476216, -5. 920411, <undef ined>, Synchronizat ion,<undef
Anna Valldeoriola Card6®, Pekka Kumpulainen®, Heli Vaatdja“, 16,1,0.08,0.02832,0.941895,0.04541,-0.014648,-0.349121,~1.100098, ~16. 113282, -1. 220703, -8, 483887, 12. 084962, -8, 300782, 20 . 202638, <undef ined>, Synchronization,<unde
Piivi Majaranta®, Veikko Surakka, Miiamaaria V. Kujala®®, 16,1,0.09,0.028809,0.934082,0.06543,-0. 061035, -0. 480469, -1.129395, -18. 859864, -0. 183105, -7. 8125, ~3.845215, ~37. 475588, -24. 475099 , <undef ined>, Synchronization, <unde
Outi Vainio®* 16,1,0.1,0.03125,0.932617,0.061523, -0. 086426, -0. 598633, ~1.083008, ~22. 155763, 7. 56836, -8. 789063, -10. 681153, -42. 968753, -20 . 324708, <undef ined>, Synchronization, <unde
16,1,0.11,0.022461,0.950684,0.045898,, -0.086914, -0.634766, -0. 996094, ~24. 230959, 12.. 145097, ~10. 009766, -3. 90625 , ~30.. 700685, -13. 122559, <undef ined>, Synchronization,<u

“Faculty of Medicine and Health Technology, Tampere University, P.O. Box 692, Tampere FI-33101, Finland 16,1,0.12,0.012207,0.980957,0.030273, 071289,-0.599609,-0.931152,-22.094728,7.934571,-11.169434,6.225586,-5.187989,-7.507325,<undef ined>,Synchronization,<unde
*Department of Equine and Small Animal Medicine, University of Helsinki, RO. Box 57, Helsinki F1-00014, Finland 16,1,0.13,-0.011719,1.030273,0.016113,-0.101074,-0. 54248, -0.925293, -17. 211915, -0. 427246, -13. 427735, 10. 620118, 11. 962891, -4. 943848, <undef ined>, Synchronizat ion,<un

Research Group for Emotions, Sociality, and Computing, Faculty of gy and Ci 16,1,0.14,-0.049805,1.101563,-0.004883,-0.112793,-0.501465,-0.91748,-11.840821,-6.713868,-15.869142,9.765626,5.859375,-3.723145, <undef ined>, Synchronization,<und
Sciences, Tampere University, PO. Box 100, Tampere FI-33014, Finland

¢ Master School, Lapland University of Applied Sciences, Jokivityld 11 B, Rovaniemi 96300, Finland

© Department of Psychology, Faculty of Education and Psychology, University of Jyvaskyld, PO. Box 35, Jyvaskyld
FA-40014, Finland

16,1,0.15,-0.062012,1.206543,-0.023926,-0.087891,-0.48584,-0.919922,-7.629395,-5.737305,-20.446779,7.324219,-2.319336, -6.835938, <undef ined>,Synchronization,<und
16,1,0.16,-0.062012,1.338379,-0.082031,-0.075195,-0.46875,-0.929199,-0.305176,-2.990723,-27.954103,8.850098, -2.746582,-13.854981, <undef ined>,Synchronization,<un
17,-0.003418,1.433594,-0.068848,-0.078125,-0.444824,-0.922363,10.314942,-4.760742,-34.42383,12.756348, -1.831055, -20.202638, <undef ined>,Synchronization,<u

S J o S pRa—> =3




Latent space

- MexayHapoaHbIV A3bIK

- Mogenb mupa

- MynbTrmMoAanbHbIN

- BekTopHble B/l kak NoCToAHHOE,
Ha3aBKCMOEe OT MOoAeNN XpaHuUIuLLe

- MexBunaoBou s3bIK
- rlaBHOe xopowuin encoder, decoder n MmanmnuHr




HaGmiopaiiTe 3a mueiaMmm =

OHV MOTYT BaM YTO-TO pacckasaTb




