BERT, GPT, VIT U APYTUE

Cepren HukoneHko

CN6ry — CaHkT-MeTepbypr
30 okTA6ps 2026 T.

Random facts:

+ 30 okTA6pA 1888 . [HKOH flaya nonyymn naTeHT Ha WAPUKOBYIO Py4Ky: OHa
npeAHasHavanacb 4na pasMeTku rpybomn Koxu, a He Ansd nucem

-+ 30 okTA6ps 1938 1. CBS nepenana «BonHy mupos» OpcoHa Yannca B hopme CPOUHbIX
paauopenopTaxen; YacTb cnyliaTene NpUHANAa BbIMbICEN 3a HOBOCTU

+ 30 oKTA6PA 1947 . 23 cTpaHbl nognucany B XeHeBe NeHepanbHoe cornalexHve no
Tapvdam v Toproeie — NpPeaLecTBeHHNK cnctembl BTO

-+ 30 okTA6ps 1961 1. Hag Hosown 3emnén ncnbitanu «Lapb-60mMby»: okono 50 MeraToHH,
CaMbl MOLWWHbIN SAEPHbIN B3PbIB B UCTOPUK

- 30 oKTA6pA 1985 . «YenneHmkep» OTNPABWICA B NOMET C BOCEMbIO aCTPOHABTaMM —
BMepBble CTONbKO NtofeN CTapToBano Ha OAHOM kopabne

- 30 okTA6ps 1990 . Ha JlybsHCKOW NnowWwaan oTkpbInuM CONOBELKMNIA KaMeHb — NaMATHUK
KePTBaM MONUTUUYECKUX penpeccui



KPATKOE PE3IOME MPEAbIAYLLENA CEPUU

- B npownbi pa3 Mbl cobpanu TpaHcdopmep 1 paszobpanu
COBpeMeHHbIN peLenT: RoPE, Hopmanu3auuto, SwiGLU, KV-kaw 1
FlashAttention.

- CeroaHs cHayana nocMoTpum Ha BERT n cemenctBo GPT — kak
BbIOOP 3a4auyn NpefodbyyeHnsa MeHsIeT MPUMEHEHNE
TpaHcdopmepa.

- 3aTem 3aMeHuM Cnosa natyamu u nepenaém K ViT, Swin u
TpaHcopmepam AN pacno3HaBaHWA 06bEKTOB.



BERT n GPT



BERT

- (Devlin et al,, 2018): BERT - Bidirectional Encoder
Representations from Transformers

- ToT e Transformer, HO Tenepb TONbKO 3HKOAEPHASA YaCTb, U OH
[BYHaNpPaBAEHHbIN, C TEBbIM 1 MPaBblM KOHTEKCTOM BO BCEX
CNnosx.

- To eCTb Mbl 0Byyaem Ty e A3bIKOBYIO MOLENb, HO CO CTOBAMU U3
0601X HanpaBneHun U NpeablayLLMX CIOEB...

- ..MOAOXAMNTE, TaK He AOMKHO paboTaTb. Kak Mbl ero obyyaem?



BERT

- BmecTo 06bluHOM A3bIKOBOW Mofdenu BERT mackupyeT
CNyyanHble CNoBa M NbITAETCA UX NpeackasaTts.
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- BTopas 3agava Ans npenobyyeHus — npefckasaHue

cnefyrouwero npeanoxXeHuna.
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- M 370 BCE, B OCTaNbHOM 3TO NPOCTO 3HKoAep Transformer. ONsATb
xe, BERT ynyuwwnn state of the art gna mHorux 3agau:

System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAI SOTA 80.6/80.1 66.1 823 932 350 81.0 86.0 61.7 74.0
BIiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 904 36.0 733 849 56.8 71.0
OpenAI GPT 82.1/81.4 70.3 874 913 454 80.0 82.3 56.0 75.1
BERTgasE 84.6/83.4 712 90.5 935 52.1 85.8 88.9 66.4 79.6
BERT1ARGE 86.7/85.9 721 92.7 949 60.5 86.5 89.3 70.1 82.1

- BERT-nogo6Hbie 3HKOAEPbl MCMONb3YIOTCS ANS Knaccudukaumn,
NOWCKA W MOMYYEHNA KOHTEKCTHbIX SMOEAANHIOB.



- BaxkHble getann BERT:

- wordpiece-ambeaanHIV: NCNoNb3yeM PUKCUPOBAHHbIN COBApb
noacnos pasmepa 30K, ycnoBHO pa3buBaem CNOBa Ha YacTu:

electrodynamics — electro #ttdynamics

© MOXHO HAWTW «rON0BbI», KOTOpble O6pa|.|.LaPOT BHUMaHWe Ha
pa3Hble Belu:
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[SEP]/
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[SEP]
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- Eweé 60nee rpammatuuecku (Clark et al., 2019):

Head 8-10
- Direct objects attend to their verbs
- 86.8% accuracy at the dobj relation
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Head 8-11

- Noun modifiers (e.g.. determiners) attend
to their noun

- 94.3% accuracy at the det relation
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Head 7-6
- Possessive proouns and apostrophes
attend to the head of the corresponding NP

- 80.5% accuracy at the poss relation
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Head 4-10

- Passive auxiliary verbs attend to the
verb they modify

- 82.5% accuracy at the auxpass relation
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- CyllecTByeT MHOXecTBO BERT-Nofo6HbIX MOAENEN; 3TO KapTUHKa
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CEMENCTBO BERT

- ROBERTa (Liu et al, 2019): 60blue AaHHbIX U 06yUYeHUS,
OVHaMnyeckoe MackupoBaHume; oTkas oT next sentence
prediction.

- ALBERT (Lan et al., 2020): chaktopusaums 3m6eganHros n obuime
napameTpbl Mexay ClodgmMu.

- DistilBERT (Sanh et al,, 2019): ManieHbK1I 3HKOAEP YUUTCH
BOCMPOU3BOAUTL NOBEAEHUE BOMbLOTO.

- BART (Lewis et al,, 2019): y»ke aHKogep-AeKodep;
BOCCTAHABMMBAET UCMOPYEHHbIV TEKCT ¥ NOAXOAUT 414 3a4au
reHepauuu.



Cnepytowmi war — OpenAl GPT (Generative Pretrained
Transformer) (Radford et al., 2018)
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- Mbl ucnonb3yem Transformer cnegyrouim 06pasom:

+ CHayana obyvaem OObIYHYIO A3bIKOBYHO MOAENb
L,(D) = Zlng(ui | gy e s ;1505

- 3aTem J06aBAAeM HOBbIN NUHEMHbIA CNOW ANA KAXKAOW 3a4aun 1
Jenaem 0oobydyeHune C yuntenem:

L(C,D) = Z logp(y | x) + AL, (D).

(x,9)



- Mpes B TOM, UTO6bl MEPenCcnonb3oBaTh OAHY U Ty e MoAenb Ans
MHOXXeCTBA Pa3Hbix 3aJauy:
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- GPT ycTtaHoBun state of the art gna mHorux 3agad NLP.



GPT-2: NPOAOMKATb TEKCT BE3 JOOBYYEHUSA

- Cnegytowui war — GPT-2 (Radford et al., 2019). Tot xe GPT, Ho:
- 3HauUWTENbHO Gonblue: 1.5B napametpos (B GPT-1 6bi10 117M, B
BERT-Large — 340M);
- 0by4yeH Ha orpoMHom aatacete: WebText — TeKCTbl CTpaHUL, MO
ccbinkam ¢ Reddit ¢ kapmon > 3, 40GB TekcTa;
- 6e3 foobyyeHuns 1 6e3 yunTens, TeCTMPOBaHME KayecTBa B
zero-shot pexwume.



GPT-2: NPOAOMKATb TEKCT BE3 JOOBYYEHUSA

- B KauecTBe npumepa npuMeHeHna paccMoTpUM 3agauy
NTOrnyecKoro cnefoBaHnA, Ha KapTnHKe

- «Ha ynuue ecmb XugomHblie» noaydaeT MeTky «CrredogaHue», TO
€CTb BblTEKAET M3 MOCbIIKY,

- «lleHKu 6e2ym, ymobbl motumMmams Maaky» NOMEUYEHO Kak
«HelimpasibHO», NOCKOMNbKY NPSAMOro NPOTUBOPEYNS HET, HO
€c06aKM MOTyT ObITb UK He BbITb WEHKAMU, U NANKK TOXE MOXKET
He 6bITb,

- a «[Tumomybl cudsim Ha dusaHe» — ABHOe «[Ipomusopeyue», TO
€CTb NOCbINKA 3TO UCKMOYaeT.

Premise ' Entailment Neutral Contradiction

|=—S
There are animals Puppies are running to The pets are sitting on
outdoors . catch a stick AN acouch

Two dogs al ing
through a field

ey




GPT-2: NPOAOMKATb TEKCT BE3 JOOBYYEHUSA

- BOT Kak opurnHanbHbi GPT pellan 3agady cnefoBaHus no

CpaBHeHuto ¢ GPT-2 n nanee:

[ JNew weights [ |Fine-tuning | Fixed

‘ Transformer
1 N 1 O B

RN

Two dogs are running through a field ~ <$>

P

There are animals outdoors

Entailment ~—Linear layer

Contradiction.

Transformer

The following are some examples of the logical entailment problem

Premise: At the other end of Pennsylvania Avenue, people began to line up for a White
House tour. Hypothesis: People formed a line at the end of Pennsylvania Avenue.
Entailment, neutral, or contradiction? Entailment.

Premise: Two dogs are running through a field. Hypothesis: The pets are sitting on a
couch. Entailment, neutral, or contradiction?



GPT-2: NPOAOMKATb TEKCT BE3 JOOBYYEHUSA

+ PesynbraTthbl:

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiTextl03 1BW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB)  (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 823 39.14 46.54 0.99 1.08 183 218
117M 35.13 45.99 87.65 834 29.41 65.85 116 1.17 37.50 75.20
345M 15.60 55.48 92.35 87.1 22.76 4733 1.01 1.06 26.37 55.72
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575
1542M 8.63 63.24 93.30 89.05 18.34 35.76 0.93 0.98 17.48 42.16

+ 370 zero-shot npumepbl N3 MaNeHbKOro KoHTeKcTa!

- WcTouHuk: Radford et al., Language Models are Unsupervised
Multitask Learners (2019).



CEMENCTBO GPT: MACLUTABUPOBAHUE

- GPT-1(2018): 12 cnoés, 117M napameTpos, npegobyyeHue Ha
BookCorpus 1 [oo6yyeHne Noj KOHKPeTHble 3a8aun.

- GPT-2 (2019): fo 1.5B napameTpos, WebText; zero-shot
NOCTAHOBKA — 3a[auy 3a0aéM KOHTEKCTOM.

- GPT-3 (2020): go 175B napametpos; few-shot learning yepes
npumepbl B KOHTEKCTe 6€3 06HOBNEHNSA BECOB.

- LleneBas hyHKLMSA OCTAETCA NPOCTON: NpefcKa3biBaTb
cnemyoLUnMmn ToKeH No NpeablayLumm.



BERT u GPT: YEMY YYUM TPAHCOOPMEP?

- BERT: gByHanpaBneHHbI 3HKOAEP, BOCCTAHOBNEHWNE
MaCKMpPOBAHHbIX TOKEHOB. YA06EH A5 MOHUMAHUA 1
npeacTaBneHnd TekcTa.

- GPT: npuyrHHaa Macka, npefackasaHue crneayouero TokeHa.
YaobeH Ang nocnefoBaTenbHON reHepaymu.

.

ApXWUTEKTypa BHUMAHWA 1 Lenesas yHKUUS ONpeaensior,
KaKyto MH(OPMALMIO MOXHO MCMOMb30BaTh.

+ A YTO, €eC/In TOKEHaMK 6ynyT He 4aCTu CNOB, a YaCTW KapPTUHKN?



VISION TRANSFORMERS



VISUAL BERT

+ KapTuUHKK — 3TO e He nocnenoBaTenbHOCTU? Hy aa, Ho...

- Visual BERT: naBanTe BMeCTe MoJeNnpoBaTb KAPTUHKN U
NOAMUCA K HUM

- Ncnonb3yem npenobyveHHbI object detection Bpoae Faster
R-CNN, Bbipe3aem 06beKTbI, CTPOUM UX BNOXeHUA Yyepe3 CNN v
positional embeddings, nogaém B eAnHbIN TpaHcopmep C
NOANMUCHIO

Obijective 2 Obijective 1
o

[ - [

Transformer J

1



VISUAL BERT

- MpenobyueHune: masked language modeling + sentence-image
prediction (MOAXOAUT N MOAMUCH K PUCYHKY?)

- [IpuMepbl rONIOB BHUMAHWA NMOKa3blBAOT, KAK CNOBA 13 MOAMNUCH
«CMOTPST» Ha COOTBETCTBYIOLME 0OBEKTDI

I | . wearing
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% 3 other
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VISION TRANSFORMER (VIT)

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder

p Lincar Projection of Flattened Patches |

PP

Multi-Head
Attention

ult ‘

Embedded
Patches

- Knaccuueckas Transformer-apxuTekTypa 4ns KapTuHok: Vision
Transformer (ViT; Dosovitsky et al., 2020)

- VIT — npsamonvHenHas moanpunkaumsa BERT, HO Tenepb Ha BXxoae
TOKEHbI U3 N306paXeHus, a He TeKCTa



VISION TRANSFORMER (VIT)

Vision Transformer (ViT)

l Transformer Encoder ‘
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Transformer Encoder
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- Bxog pexetca Ha maneHbkune natun: H x W kaptuHka ¢ C'
kaHanamu x € RT*WxC npeppaujaercd B NocnefAoBaTenbHOCTb
natuei x, € RV<(P*O) rge N = HW /P? — uncno P x P natdei



VISION TRANSFORMER (VIT)

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder
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- MaTun NpeBpaLLATCA BO BAOXKEHUSA Yepe3 0ObIYHYI0 NTUHENHYIO
NPOEeKLM0, N0CNea0BaTeNbHOCTb BEKTOPOB NOAAETCA B
KOOMPOBLLMK TpaHCchopmepa

- B ocHOBHOM 3KcnepumeHTe VIiT npenobyyaeTtcs ¢ yuntenem Ha
Knaccuukaumm; utorosbin [CLS]-TokeH noaaérca B
KnaccuurkaTop



VISION TRANSFORMER (VIT)

Vision Transformer (ViT)

1

lass 1
|
1

l Transformer Encoder ‘ :

1

- S 000 OO 0D |
M 1
1

1

1

1

Transformer Encoder

Multi-Head
ding Attention
hedding ([ Linear Projection of Flattened Patches |
-] ] A A O
wEm— NN
Py Embedded

Patches

- ViT ucnonb3yeTt obyyaemblie OHOMEPHbIE MO3ULNOHHbIE
IMOeaaVHII.

- Dosovitsky et al. akcnepumeHTVpoBanu ¢ 2D-KOAMPOBKAMU, HO
HWKaKOro ynyyleHna He Hallnu...



VIT: LEHA NOCMEAOBATE/IbHOCTHU

+ [Anga KapTUHKN 224 x 224 1 natya 16 x 16: 142 = 196 natuen u
oanH [CLS]-TokeH.

- Kaabln RGB-natu — BekTop 13 162 - 3 = 768 uncen; 0611as
NWHeNHas NpoekLnsa NpeBpaLlaeT ero B IMOeAANHT.

- Ecnu ynBouTb 06€ CTOPOHbI N306paXeH s, TOKEHOB CTAHET B 4
pa3a 6onblie, a Nap B NOAHOM BHMMaHUK — B 16 pas.

- B ncxoaHoM ViT MeHble BCTPOEHHbIX MPeAnonoXeHUn o
NOKANbHOCTW 1 nepeHocax, yem y CNN: 0CoO6eHHO BaxeH
MacClWTab AaHHbIX.
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MPEAOBYYEHUE HA N3OBPAXXEHUAX

- OpuruMHanbHbIM ViT: B OCHOBHOM KNaccuukaums c yuntenem Ha
60/1bLIOM [JaTaCeTe, 3aTEM NMEPEHOC Ha LIeNeByio 3a4auy.

- BERT-nogo6Hoe MackMpoBaHue — oTaenbHaa nuHua: BEIT
npeacKa3biBaeT ANCKPETHbIe BU3yasibHble TOKeHbl, MAE
BOCCTAHABNMBAET MUKCENMN CKPbITbIX NATYEN.

- He cnenyeTt cmewnBaTb apxutekTypy ViT ¢ KOHKPETHOW 3adaden
npenobyyeHus.

14



SWIN TRANSFORMERS

- Swin Transformer (Liu et al., 2021; shifted windows): noxox Ha
VIiT, HO vepapxuiyeckun

segmentation

classification  detection ... classi?cation
t

- ﬁ
= = @
L
Ly i T 4% 16x
£ i i

W/ A 4

(a) Swin Transformer (ours) (b) ViT
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SWIN TRANSFORMERS

- O6pabaTtblBaeT NaTyM Ha HECKOMbKMX MacllTabax, BblunCasAs
camoBHMMaHMe no natyam ¢ CNN-nogo6bHON apxuTeKTypou

- OKHa COBUTAKTCS MeXAy CNOSMU, U 3TO AAET CBSA3b Mexay
YacTAMU N306paXKEeHUA

Layer 1 Layer 1+1

A local window to
perform self-attention
% R

A patch
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SWIN TRANSFORMERS

- Cama apxuTeKkTypa COKpaLlaeT reoMeTpULo, Kak Knaccuyeckme
CNN backbones:

nw " w " w B W nwogo V!
B Woxag 1o B W a0 LW ac ERERC
7 Stage 1 Sy 7T Stage? v 77 Stage3 T8 7T Staged

Swin Swin Swin Swin

Block Block Block Block

AREl
2 -t
Elsz
5
= =
2 g
£ g
& £
=]

Patch Merging

Patch Merging

J

(a) Architecture (b) Two Successive Swin Transformer Blocks

- Swin Mo)eT MacLlTabnupoBaTbCs A0 BbICOKMX Pa3peLieHnin 1
MOXET MCMONb30BaThCA 415 334a4 PACno3HaBaHUA 06beKTOB U
cerMeHTaLmny
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SWIN TRANSFORMERS

- Motom Bbiwen Swin Transformer v2 (Liu et al., 2022) — 370 Swin
Transformer, oTMaLWwCcTabnpoBaHHbIN A0 3B napameTpos, Ha
KapTuMHKax 4o 1536 x 1536 nukcenemn, 4to ewe cunbHee
ynyylaet 06paboTKy M306paeHnin BO BCeX 3aadax

X1

15



PACNO3HABAHWE OBbEKTOB
C TPAHCOOPMEPAMMU




DETR n AHANOIK

- DETR (DEtection TRansformer; Carion et al., 2020) - npamas
afanTaumns TpaHcdopmepoBs

- PacnosHaBaHmne 06beKTOB — 3a/laya NpefCKa3aHns MHOXECTBA;
DETR 006aBNAET OCHOBAHHYH HA MHOXECTBAX rMobHabHYO
yHKUMIO nOTepb, KOTOpasa AAET YHUKANbHbIE NpeacKa3aHuns
yepes NapocoYeTaHuns, u apxuTekTypy
KOAVPOBLIVK-AEKOAMPOBLLIVK HA 6a3e TpaHcopmepa

-~ no object (o) no object (o)

transformer
encoder-
decoder

set of image features



DETR n AHANOIN

- DETR ncnonb3yeT TpaanLMOHHbIN CBEpTOUYHbIN backbone
(ResNet y Carion et al., HO MOXHO B3ATb YTO YrOL4HO)

- 3atem DETR BblpaBHWBAET NpU3Haku, 4OH6ABNSET NO3ULMOHHOE
KOJMPOBaHMe 1 nepemellBaeT NprU3HaKM C MOMOLLbO
KOAVPOBLLMKA

- [lekoanpoBLINK BEPET Ha BXOA HEOOMbLIOE YNCNO 06beKMHbIX
3anpocos, 06y4aemblx MO3UUNOHHbIX BAOXEHWW, C BHUMAHUEM
Ha BbIX04 KOAMPOBLLMKA

- Bbixof npoxoauT vepes maneHbkyto feedforward ceTb, koTopas
npeacKasbiBaeT Knacc v bbox (v “Het o6bekTa”)

YR T T Ty e
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encoder

backbone ||
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decoder ! prediction heads
set of image leatures:i |
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*/_RT\‘ p— ass,

transformer
decoder

encoder




DETR n AHANOIK

+ OYHKUMA NOTEPb NPOUCXOLANT U3 HapocoquaHl/lﬂ‘

- AN MHOXeCTBa NpeAckasannii y = {7, Y, 1 UCTUHHBIX 06bEKTOB
y = {y,}¥, (nntoc O, TK. N LOMKHO 6bITb 6OMBLIMM), ULLEM
nepectaHoBky o, = argmin_ ZL L maten (Ui Uo(s)) € MOMOLLbIO
BEHIepCcKOro anroputma, rae £ ~ 370 CTOMMOCTb
conocTaBneHus;

© L aten OODEAVHAET TOUHOCTb NPeACKa3aHui Ana y, = (¢;, b;), rae
¢, — MeTKa knacca (BoamoxHo, §), a b, € R* - bbox:

match

’Cmatch(yiv ga(i)) = 7[62' 7& Q]@a(z) (Cz) + [Ci # wl'cbox(bz? ba () )

3pech £y, — KOMOUHaLMS yHKUM noTepb oT loU n Ly;
- nocne conoctaBnenns aktmyeckas QyHKUMA noTepb

N
‘Hungarlan Z <_ IOg pJ (z) ) [ci 7& (D]’Cbox (bl7 ,BU(Z)) )
i=1

Tenepb mMbl Npefcka3biBaeMm u ¢; = Q), HO Ha NPakKTKe OHU
nonyyaroT MEHbLIVI BEC.



DETR n AHANOIN

- Xopouwwe pesynbrathl, 1 DETR cnocobeH pacnpeaenaTb
3K3emMnnspbl 0O6BEKTOB MO roI0BAM BHUMAHUSA:

self-attention(430, 600) self.attention(450, 830)

Self-attention(520, 450) q s < X self attention(440, 1200



DETR n AHANOIK

- BHMMaHMWe gexkoaepa Ansa Kaxaoro o6bekta NoKaamM3oBaHo Ha
rpaHuuax

- Ckopee Bcero, DETR pasgenser ak3emnnsgpbl robanbHbiM

BHVMAHMEM B KOAMPOBLLMKE, @ AEKOAEPY OCTAETCA TOMbKO

BbISSCHWTb KMaCCbl U FPaHMLLbl 06bEKTOB




DETR n AHANOIK

- DETR pa6oTaeT xopowo, HO He 04eHb XOPOLLIO HA MAaNeHbKNx
06beKTax, a KBaapaTuyHasa COXHOCTb Aenaert
MYNbTUMACLITabHOe pacno3HaBaHWe OUYeHb CNOXHOW 3aaden

- Deformable DETR (Zhu et al, 2021): gaBanTe ucnonb3yem
nedopmMupyemoe BHUMaHKe 1 byaem obpallatb BHUMAHWE

TONbKO HA HECKOMbKO MuKcenen
Query Feature 2

Reference Point g (Pgx, Pay)

Input Feature Map x

1 Output



DETR n AHANOIN

- O6lasn apxuTexTypa:

Multi-scale Deformable
Self-Attention in Encoder

——_» Multi-scale Deformable
Cross-Attention in Decoder

. Transformer
Self-Attention in Decoder

T~
-
1

r==-==="1Im=-====Aa=-===-=--

Bounding Box Predictions

1
|
|
|
+

—— —— e — . — e

T

Decoder|
—_——— ==

go0

Object Queries



DETR n AHANOIK

- Mo3numnoHHbIe 3anpocbl DETR — 3T0 B OCHOBHOM rMOKne
obyyaemble AKOPS AN OrPaAHNUYMBALOLLIMX MPAMOYFONbHUKOB;
OHW 06yYatoTcs rMob6aATbHO U HE 3aBUCAT OT TEKYLLErO
N306paxeHuns

ox center predicted by each query over the Coco validation set

- O6yyeHue NpoCTPaHCTBEHHbIX 3aNPOCOB Ha AaHHbIX (6e3
Kaknx-nnbo PpuUKCMpoBaHHbiXx anchor boxes) — BaxHas 4acTb
DETR, Ho DETR 06y4aeTca o4eHb, OUeHb MeaeHHO, 1
NMPOCTPAHCTBEHHbIE 3aNPOChl — 60NbLIOW (AKTOP B 3TOM

+ KaK Mbl MOXeM 3TO YNyYLINTb?



DETR n AHANOIK

- DAB-DETR (Dynamic Anchor Box DETR; Liu et al., 2022): nasante
BepHemca K ngee anchor boxes

- Obyuyaemble SSKOPS NOCTEMEHHO YTOUHAKTCS OT CN0s K C0t B
JeKofepe, 1 Tenepb OHU UMEIOT ONPeaeneHHYI0 CeMaHTUKy:

Layer2 ____| [ ,,,,,,,,,,,,, Layer 2 I x
Layer 1 i
Layer1 | ol ax]ay | anlaw——— |
| ESATY

Reference Positional

Positional

Positional x|y
Encodings Encodings Points Encodings D_
Image Decoder Leamnable Image Decoder Learnable Image Decoder {Leanable|
Features  Embeddings Queries Features ~ Embeddings Queries [Features Embeddings | Anchors
(a) DETR (b) Conditional DETR (c) DAB-DETR



DETR n AHANOIK

- WnpnHa n BbicoTa anchor box NCNONMb3yOTCA Anda moaynaunin
nepekpecTHOro BHMMaHmNA, NO3TOMY BHUMaHWeE CTAHOBUTCA
ropasfgo nyylle noKa/IM30BaHHbIM, 1 3TO MOMOTaeT YyCKOPUTb

obyuyeHne

Image
Features

encoder

Self-Attention

Positional
Embeddings

(a) DETR

(b) Conditional DETR

Image
Features

Positional
Embeddings

Learnable
Queries

Decoder
Embeddings

(¢) DAB-DETR



DETR n AHANOIK

- 0630p:

Add & Norm

Add & Norm

Image
Spatial
Features

Width & Height-
Modulated
Multi-Head

Cross-Attention

Add & Norm

Multi-Head
Self-
Attention
vl K

B &

o,y w, k"

(x,y,w, h)

11
N,

New Anchor boxes |,

(Wrer: hrer)

KL al X,
©) @)
[R—]
MLP MLP

Anchor Sine
(x,y,|__Encodings
w, h)

MLP

Spatial Positional

Decoder

Anchor Boxes
xy,w, )

1gs

Nx

\:l Variables
C) Modules



DETR n AHANOIK

- SMCA DETR (Spatially Modulated Co-Attention DETR; Gao et al,,
2021) MOAYNUPYeT BeCa BHUMAHUA Yepes NPOCTPAHCTBEHHbIe
anpropHble pacnpeneneHuns; To, UTo psiaoM, 6oee BaXHO:
MPOCTPAHCTBEHHbIE BECA HA OCHOBE MpeACcKa3aHHbIX CMeLLeHUN
OTHOCUTENbHO OMOPHbIX TOUEK

Decoder

Embeddings

Self-Attention

1
2

Spatially
Modulated
Co-Attention

Spatial Prior

Modulated
Co-Attention

Netw:

Scale Selection
ork

Encoder

ResNet
Backbone

Attention
Encoder

Multi-Scale
Self-Attention

Values

(CXORQ)

Forwarding
Linear projection

Generate the Gaussian
map through MLP

Calculate co-attention
weights

Generate scale attention
throught linear layer

Concatenate
Element-wise multiplication 17

Element-wise addition



DETR n AHANOIK

- [pyras npo6nema npoucxoanT OT ONTUMANbHOTO
napocoyeTaHus: He6OoMbLIOe U3MEHEHVe BECOB MOXET

NPUBECTU K COBEPLIEHHO APYroMy pe3ynbTaTy, NpeackasaHuns
HecTabunbHbl, 0CO6EHHO B Hauane obyuyeHus

DN-DETR (Li et al., 2022): nasante Jo6asum gpyryio Lesb
06YYEHUA — PEKOHCTPYKLMIO 3aLUYMAEHHbIX NCTUHHbIX
NPAMOYIOMbHUKOB, KOTOPbIe MOAAITCA C AOMNOMHNUTENbHbIMY

3anpocamm
Denoising part Matching part
Transformer Decoder——: §; g : ; N
reconstruction loss reconstruction loss ‘ Hungarian loss Attention mask
EEE  2mEEmE |, | S
L e e M
i if Attention mask I Attention mask )
Transformer Encoder ‘
\ S sl
BEEEED || Ll ormass | . | e sl o
| & labels oo Eoebl matchiokpat
image features+positional encading Jearned anchors
denoising group 0 denoising group 1 + unknown label




DETR n AHANOIK

- 370 ynyyllaeT npeacka3aHmne CMeLEHN: Kbl 3anpoc
[OMKEH NPeACKa3biBaTb OYEHb Pa3Hble CMeLLeHNs 13-3a
HecTabnnbHOCTY CONOCTaBNEHUS, @ 3aNPOChl LIYMOMNOAABAEHNS
CAYXaT “XopoWnMn AKopAMK” ANa NpeackasaHus CMeLLeHN

- B pesynbrarte AKopsi pacnonaratTca 6/vmke K CBOUM Lensm
(DAB-DETR cnesa, DN-DETR cnpasa):




DETR n AHANOIK

- DINO (DETR with Improved DeNoising Anchor Boxes; Zhang et al.,
2022): mogndukaLusa DETR, ocHoBaHHas Ha ugee DN-DETR

ba3oBas CTpykTypa 60nee nnu meHee Ta xe:

PR
3 Query Selection Matching | CDN
Multi-Scale 7z ﬁﬁllﬁ ' f f ﬁﬁﬁﬁﬁﬁﬁ &Iﬁ
Features DDDDDDDDDD PP o [ o [ e A
ttttrrtttt Valie tttrrtt ittt
Encoder Layers x N — Decoder Layers x M
‘ il | ik G
Positional s N Doogooag
Embeddings GT+Nmsc

Init Anchors



DETR n AHANOIK

- DN-DETR Hy)XHbl xopoLwue sKkopst ANa yny4lweHunsa obyyeHus
CMELLEeHWI; HO YTO HACYET NNOXUX AKOPEW, Y KOTOPbIX HET
O6NN3KUX UCTUHHbBIX 06 bEKTOB?

- DINO go6aBnsieT oTpuuaTenbHble MPUMepPbl 419 CMATYEH NS
3TOr0; YaCTb BXOOB — 3TO AKOPS C HOAbLIWM LLIYMOM, KOTOPblEe

OOMKHbI 6bITb OTKIOHEHbI

reconstruction no reconstruction no
loss object loss object
positive
Decoder Layers x M -
Y J L J J
positive negative positive negative

CDN group0 CDN groupl



DETR n AHANOIK

+ CMeLaHHbI BbI6OP 3aNpOoCoB: MNO3ULMOHHbIE 3aMpochl
VHULMANU3UPYIOTCA U3 NMPeanoXeHin KOAMPOBLLMKA, a
cofiepaTefibHble 3anpoChl OCTAKTCA HE3ABUCHUMbIMY

Rl an
oogd 0ol
trtt tt
Encoder Decoder

hhdd ik
0

0ooo

Static Anchors
and Content Queries

(a) Static Queries

HE—

Y

Query Selection

mgﬁ o
ood m]m]
trrt tt
Encoder >

Decoder

T T -
ooao —00

Dynamic Anchors and
Content Queries

(b) Pure Query Selection

(]|
tt
Query Selection
tt41
1] L]
oo [m]m]
tttt tt
Encoder Decoder

T ﬁﬁ S Contes
O0oad

Dynamic Anchors

(c) Mixed Query Selection



- [1BonHou lookahead: KauecTBO orpaHMUYMBatOLLErO
NPAMOYroNbHMKA 3aBUCUT OT TeKyLLero skopsa (Mo3MLUOHHOro
3anpoca) 1 TeKyLlero NpeackasaHms CMeLleHns

Deformable DETR 6noknpoBan o6paTHoe pacnpoCcTpaHeHue

rpagvieHTa Ana ctabunuaaumnm obyyeHuns: napameTpbl Cos 4
0H6HOBNAKOTCS Ha OCHOBE BCMOMOraTenbHOW UYHKLMUM NOTEPb OT

NPAMOYroNbHNKOB b;

DINO 610KMPYET rpaaneHTbl elle Ha OAUH War Aanblie, NO3TOMY

napameTpbl CNos 2 06HOBASOTCA HAa OCHOBE BCMOMOraTeNbHOWM
(DYHKLWW NOTePb OT NPAMOYTONbHUKOB b; U b; ¢

——» gradient detach

prediction prediction prediction
red red red
Tb‘(fje ) Tbl“’ ed) Tbl(slr )
bioy biy bi by i Disy
.’__‘\4 Layer .’__‘\4 Layer
: YT —of o
Abiy ! Ab; HL,

b;
bis1

0

(a) Look Forward Once

prediction prediction prediction
red red red
Tb}ff ) Tbiw ed) Tbiu:‘e )

bi-y V/'biey b; by by | bia
>

Layer Layer

’ =

Abiy E Ab; il

Dby

(b) Look Forward Twice

DETR n AHANOIK



DETR n AHANOIK

- QueHb XopoLIMe pesynbraThl, 6bICTpoe 0byyeHmne (cnesa ¢

ResNet-50 backbone)

st ~h- Ours
—— DN-DETR
50 =< Dynamic-DETR
4 urc
49 -~ Deformable-DETR
@ DAB-DETR(DCS)
" Ml FusierRONN
= @ Vanilla DETR(DCS)
3
b5
E
§ 46 :
=
<
44
2 ]
12 24 36 50 108 500
Epoch
(a)

63.0

AP on test-dev
=
°

S Ours

@ Florence-CoSwin-H

P> Soft Teacher+ Swinl.

Swinv2-G g

|- DyHead
J_ Ours: M [1m
"W svinv2o CTEIE
@ Florence-CoSwin-H: |900M |9
@ G 1M [
B> Soft Teacher+SwinL:[14m_|17m
+_ DyHead [

284 637 3000

Model size (M)
(b)



DETR n AHANOIK

- H-Deformable-DETR (Jia et al., 2023) - oueHb npocTas u
MHTepecHas naes

- Y Hac 04YeHb Mano MOMOXUTENbHbIX MTPUMEPOB, TaK YTO AaBanNTe
NX Konnposarb!

- Mpwn 06byYeHUn Mbl JO6ABNAEM [OMONHUTENbHbIE 3aMpoChl,
KOTOpbIE [OMKHbI MPEACKa3biBaTh TE e UCTUHHbIE
NPAMOYTOMbHUKM, C MACKAMN BHUMAHUSA, KOTOPbIe Pa3fensior
rpyMmbl 3aMpocoB

Training/Testing-Branch

L x Decoder Layers

(One-to-One Matching) (One-to-Many Matching)

E L x Decoder Layers

itite

Hvbrid-Branch



DETR n AHANOIK

- Kak ele mbl MOXeM MCNPaBUTb oNroe Bpems obyyeHunsa DETR?

- UP-DETR (Dai et al, 2021) - gaBainTe fobasum npefobyyeHue 6e3
o0byueHus, self-supervised; mbl 6epem cryyanHbln KyCcoK 1
npocum DETR npenckasaTtb ero nonoxeHune 1 BOCCTaHOBUTb ero
NpU3HaKy (3T0 HYyXXHO, MOTOMY YTO Y HaC HET METOK
KNaccumuKaLmm, Ho HYXKHO COXPAHUTb CEMAHTUKY):

positional encoding positional encoding

Lyox = %,y,w,h Lpox = X,y,w,h

Loy = 1or0 - Loy = 10r0
& | £, = feature < Lyee = feature

£7

H

E@

Transformer
Encoder

Encoder

£g

gt

2o
Transformer

IGAP
input image random query patch input image random query patch

Teconstruct

(a) single-query patch (N=3, M=1) (b) multi-query patch (N=6, M=2)



DETR n AHANOIK

- DETReg (Bar et al., 2022) - BMeCTO c/ly4aiHbix Kponos AasaunTe
MCNoNb3yem 06bEKTbI UK 061aCTW, HAUAEHHbIE APYrUMU
anropuTMamu, BO3MOXHO, faxe selective search

+ Mbl TAK)XE MOXEM npeAcKasblBaTb BIOXEHNA N4 3TUX
nceBgo-o6beKTOB

Unsupervised Region
Proposal Generator

Bif) bzc b2
10D | —

Bipartite Matching

Input Image: x

\,
N

(s Encoder 4




DETR n AHANOIN

- Co-DETR (Zong et al., 2023) [o6aBnser HeCKOMbKO
BCMNOMOTaTeNbHbIX FONOB U3 Apyrux object detection mogenen;
HOBbIE MONOXMTENbHbIE MPUMEPbI Yepe3 NapoCcoYeTaHuns

One-to-One Set Matching A

+

ED: 5‘ ! —————> Transformer Decoder g Transformer Decoder é
' | |
O 3 ' '_I% '&"ﬁ:
2 = 2 [ 1Q1
a = §
!
> & 0> &
e PEREEE P
N ® = 3
% 0 8 Auxiliary Head K
e 0 &
Input Image i
p g :_I,:!:
Assi A
Head i Loss £; =
o > {pos}. {neg} G P, Generat B G
cls: CE loss, {pos}: ToU(proposal, gt)>0.5 {pos}: gt labels, offset(proposal, gt) positive proposals

Faster-RCNN [27]

reg: GloU loss

{neg}: IoU(proposal, gt)<0.5

{neg}: gtlabels

(1,1, T2, 1)

ATSS [40]

cls: Focal loss
reg: GloU, BCE loss

{pos}:ToU(anchor, gt)>(mean-+std)
{neg}: ToU(anchor, gt)<(mean+std)

{pos}: gt labels, offset(anchor, gt), centerness
{neg}: gt labels

positive anchors
(21,1, T2, 32)

RetinaNet [21]

cls: Focal loss
reg: GloU Loss

{pos}: ToU(anchor, g)>0.5
{neg}: ToU(anchor, gt)<0.4

{pos}: gt labels, offset(anchor, gt)
{neg}: gt labels

positive anchors
(21,91, 22,92)

FCOS [31]

cls: Focal Loss
reg: GloU, BCE loss

{pos}: points inside gt center area
{neg}: points outside gt center area

{pos}: gt labels, Itrb distance, centerness
{neg}: gt labels

FCOS point (cz, cy)
w=h=8x2*
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- 'pachuk gna ResNet-50 backbone:

-~ Co-DETR

54 %~ DINO-Deformable-DETR
~@- H-Deformable-DETR
-@- Deformable-DETR

DAB-DETR

52 —A— DN-DETR
- Faster-RCNN
- HTC

50 .//////l

%
48
[ J

46

44

i x/“ -

0 20 40 60 80 100 120

Epoch



PERCEIVER

- Perceiver oT DeepMind (Jaegle et al,, 2021a) — 370 apxuTeKTypa
06LLIero HazHayeHuns, KOTopas MOXET 06pabaTbiBaTb MHOXECTBO
PA3NUYHbIX MOAANBHOCTEN

Weights optionally shared between repeats

CT]
Logits

Cross
Attention

Cross
Attention

Latent array
(Nx D)
Latent ~

Transformer
Latent i
Transformer

Byte array
(MxC)

OCHOBHaA naesa — n3bexaTb KBaAPaTUYHOW CNOXHOCTH,
MCNONb3ys NaTeHTHble eANHULbI MEHbLLIEN PAa3MEePHOCTH

370 KBaAPaTMYHO MO YMUCY 3aMPOCOB, MO3ITOMY Mbl MCMOMb3YeEM
Heb6OoNbLIOW BEKTOP NATEHTHbIX MepeMeHHbIX 19 3aMpoCoB ¥
nobasnsem 6onbwmne maccuebl gna K n'vV



PERCEIVER

- ObydyeH Ha n3obpaxeHusx, obrakax Touek, ayamo n Buaeo, 6es

cneynanbHbIX KOOWPOBLWKOB U 6e3 N3MeHeHUs APXUTEKTYPDbI

W

ResNet-50 (He et al., 2016) 77.6 ResNet-50 (FF) 735 ] 394 49
ViT-B-16 (Dosovitskiy et al., 2021) | 77.9 ViT-B-16 (FF) 76.7 | 61.7 256
ResNet-50 (FF) 73.5 Transformer (64x64) (FF) | 57.0 | 57.0 4,096
ViT-B-16 (FF) 76.7 Perceiver:

Transformer (64x64, FF) 57.0 (FF) 78.0 | 78.0 50,176
Perceiver (FF) 78.0 (Learned pos.) 70.9 | 70.9 50,176




PERCEIVER

+ KapTbl BHUMAHNA OMYyCKAtOTCHA A0 OTAENbHbIX nuKceneu:




PERCEIVER

- Perceiver 10 (Jaegle et al, 2021b), cneaytowas Bepcus, KOTopas
TakKe No3BONAET CTPOUTL 6ONbLUIVE 8bIXOObI

- MoxeT o6pabaTbiBaTh elle 6onee pazHoobpasHble
CTPYKTYPUPOBAHHbIE AaHHbIE: MHOr0334a4YHoe NOHNMaHe
A3blKa, MNMOTHbIE BU3YyanbHble 3aaaun (Hanpumep, optical flow),
TMOPUOHbBIE NNOTHbIE/ pa3pexeHHble MyIbTUMOAANbHbIE 334aUN
(Hanpumep, aBTOKOANPOBLMK 418 BUACO+AYANO), 3a4aUK C
CUMBOMbHbBIMU Bbixogamu (Hanpumep, StarCraft 11) u Tak ganee




PERCEIVER

- ApxuTekTypa Perceiver 10:

C
111
Input
Process
aray MOECEEE - |- -. 2L .ZC
K
[T TT1TT1]
L s
Latent T =
aray " EEE 2
. 5
Output  EIIE  Frcode £
query o DI =
aray [N N

- MaKTnyeckne BbIXOAHbIE 3aNPOChl KOHCTPYMPYHOTCS
aBTOMATUYECKM MyTeEM KOMOBUHUPOBAHMA Habopa BEKTOPOB,
KOTOPbIe OMUCHIBAIOT CBOMCTBA TEKYLLIErO BbIX0OAA



CASE STUDY:
CETMEHTALUSA MEAVLIUHCKNX
N30BPAXXEHWI




CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- CermeHTaLVa 3BYYUT Kak 6onee cnoxHas 3agaya ans
TpaHcthopmepoB

+ Ho BOT TAKCOHOMMUA TONbKO AN4 ViT, TONbKO B CerMeHTaLum
MEAULIMHCKIX CHUMKOB, NpuYém Tpu roga Hasag (Shamshad et
al., 2022):

Vi’l‘s in Medical Image |

| 2D Segmcntamn | 3D Segmentauon ﬁ

i i | " | | - |
1 . =
1| Skin Lesion ToothRoot | | | | Brain Tumor | ! Single-Scale Multi-Scale
1 I
1
1 n ! e i A
) Cardi ™ r r
1 | Kidney Tumor i ardiac ! | | Histopathology | 1 | - N [ 2D !
\ n [ H 1| Trans. in Enc. || Trans.inDec. | 4| o 20 Ll
| Segmentation |
! Cells 'y 1 | | ==
1 . Histopathology l | Breast Tumor | | | [ Trans. in Enc. || Trans. Between | | | 3D 1
| L Segmentation : | H & Dec Enc.&Dec. |1 , ion |1
O g g Pl Sppepn—— 1

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

B MeAVLUMHCKMX 3aa4ax MaseHbkue damacemel, MO3TOMY

TPYAHO 0XnAath ViT, 06yUeHHbIN C HYNs Ha MEANLMHCKOM
Jaracete

C )
‘Tumeor
MLP Head 4
a

Transformer Encoder

m@yﬁi#@#+@@++@

Lmear Projection of Flattened Patches

-

p I N
Embedded
Patches J

[ Multi-Head |
| Attention

iHOrAa 3TO BO3MOXXHO, HO YaCcTO MPUXOAUTCA MOAMMULMPOBATD
APXUTEKTYPY, UTOObI 40HABUTHL aNPMOPHYO MHMOPMALMIO O
MeANLMHCKNX 0COBEHHOCTAX

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- B cermeHTauum U-Net fonroe Bpems 6bifa camon BaXKHOM
apxutekTypon ana medical imaging:

64 64

128 64 64 2

input
image

¥
¥

output
segmentation
map

¥

388 x 388 '
388 x 388 '

]

392 x 392

572 x 572
570 x 570
568 x 568

' 128 128

284

2822
2802

2002
—
1982 !

196 !

' 256 256 S0 se '
S 4t et | [ = conv 3x3, ReLU
Lk oL Wl
e A copy and crop
512 512 1024 512
il — ¢ - # max pool 2x2
R | 1024 wow 4 up-conv 2x2
o E >
L & = conv 1x1
3 &

20



- TransUNet (Chen et al., 2021): gaBanTe Ucnonb3yem
TpaHcdopmepbl B koanposLinke U-Net

Embedded Sequence
142 N
xp, xp. ey XP

(Ve )
eyl
H
CNN
. n -
‘ /4
1 .

1

|
Lllneal} Projl'ecllon N

, Transformer Layer I
(128, W4, Wra)

L f(n=12)

Transformer Layer

~—F— T
I [-Hidden Feature | =" (]
(D, /16, W/16) (512, H/16, W/16)

1 (n_patch, D)
(b)

f
/

|2

(16,H,W)

(64, H/2, Wr2)

= Conv3x3, ReLU
1 Upsample

= Segmentation head
> Downsample

Feature Concatenation

CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- ViT nonyyaet BNOXeHMA natyen 1u3 pasHbix cnoes CNN, a

NMoBblleHne paspeweHnd aHanornyHo U-Net:

Embedded Sequence
142 N
xp, xp. ey XP

(Ve )
eyl
H
CNN
. n -
‘ /4
1 .

1

|
Lllneal} Projl'ecllon N

18 " =
, Transformer Layer
o g S 1) ) ) S (128, Hia, Wia)
/ _— -
Transformer Layer @_ﬂ ‘:ﬂ
R i e e L
e -
1 (n_patch, D) (D, H/16, W/16) (512, H/16, W/16)

(b)

@ d
I

(16,H,W)

(64, H/2, Wr2)

= Conv3x3, ReLU
1 Upsample

= Segmentation head
> Downsample

Feature Concatenation

20



CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- TransUNet coxpaHsieT 60nblle getaneu:

.aorta gallbladder .lefl kidney right kidney .liver pancreas spleen stomach

(a) GroundTruth (b) TransUNet (¢) R50-ViT-CUP (d) AttnUNet (e) UNet

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- Boundary-aware Transformers (BAT; Wang et al., 2021) ans
CEerMeHTaLMn MOPAXKEHUN KOXM, TUMNYHAS 3aaa4a
BU3Yanu3aLuuu, roe HyxHo 406aBUTb KaKMe-To JOMOMHUTENbHbIE
anpuopHble pacnpegenexuns

-HMe
s o]
) (b) (c)

(a

N B
NE
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- BAT noxox Ha ViT, Ho f06aBngeT redT rpaHUYHOro BHUMaHUS
(BAG), KOTOPbIN MPUHUMAET NPU3HAKM Ha BXOA W BblAaeT
H6UHAPHYI0 KapTy BHUMaHUA Ha YpOBHe naTyew, rae 1 o3Havaer,
YTO MaTy NEXUT Ha HeO,ElHO3HaLIHOI7I rpanunie:

Transformer Transformer Predicted

Encoder Decoder Segmentation
16716

O @m Wﬂww

LSEq

' |

Posmonal H Learn-able Boundary
Embedding 3 3 Point Prototype

Predicted Ground-Truth
Key-Patch Map Key-Patch Map

Embedded E Add& @L Add & _’ MLP _’ N .
Sequence .M Norm @ Mnn
Mm/Max
area-0.5,

Binary Key-| Palch Map
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CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- BAT paet pesynbraTbl nyyule, uem, Hanpumep, TransUNet:
1-' .-:1 I

(a) Image (b) UNet++  (c) CE-Net  (d) TransUNet (e) Ours (f) GT

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- Group Transformer Network (GT U-Net; Li et al., 2021):
CermMeHTauusa PeHTreHOBCKUX CHUMKOB 3y60B ANs
3HAOLOHTMYECKOrO NleyeHmns

- PEHTreHoBCKMe CHUMKM Y4acTo MOoXoro kayecTsa
(HemoaepXaHHbIe UK NepefepaHHble), FPaHNLbl PA3MbITbI,
€CTb HANOXeHN...

n. " — " : II
(@) ‘; | (©

b)
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- GT U-Net coxpaHseT cTpykTypy U-Net, Ho gobasnaeTt Group
Transformer:

o

/

C
hXwxe hXwXg nxwxzc

Matrix
Multiplication
Element

Wise Sum

Max-pooling
k| e Upsample
[ Poimovise
N Convolution
= Skip
qr’ =@ Comection

---= Copy and Crop
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- MIHTepecHas yacTb — shape-sensitive Fourier descriptor: ecnu
(Zpys Ypy) — KOOPAMHATA HA TPaHULE KOPHA 3y6a ¢ N nukcenamu,
Mbl MOXeM ChopMUpPOBaTb (DOPMY FPAHMLIbI KAK KOMMTEKCHOoe
uncno z(m) = z,, + jy,, ¥ onpeaenuTb geckpuntop Oypbe Kak

1 N—-1
Z(k) = DFT(z 2(m

m:O

27rmk

- 37O KONUYECTBEHHOE NPEACTaBAEHME 3aMKHYTbIX KOHTYPOB,
He3aBMCKMMOE OT UX HAYANbHOW TOUKM, MacLUTaba,
MECTOMOMOXEHUS U BPALLEHUS

- [lo3TOMY B AOMNONHEHNE K OUHAPHOW KPOCC-IHTPOMMUMN Mbl
MOXEM BblYNCNUTb PA3HOCTb Mexay Aeckpuntopamu Oypbe
AZ(k) = |Z(k) — Z(k)‘ M onpeaennTb PyHKUMIO noTepb FD Kak

1
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CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- B pesynbrate GT U-Net ynyyliaeT pesynbTaTbl CerMeHTaLnm,
0COBEHHO C hyHKLMen noTepb FD:

GT U-Net

Image Label U-Net Att U-Net TransUNet (without FD loss) GT U-Net
%

\
'
§
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- CermeHTaums onyxonein noyek ¢ COTR-Net (Shen et al,, 2021):
no6aBum TpaHcthopmepbl BHYTpb U-Net

I
i

]

TransConv
CNN
TransConv
CNN
TransConv
CNN
TransConv
CNN
TransConv
CNN

Encoder

JOULIOJSUR],
NNO
JouLIOJSuBI],
NNO
JoULIOJSUR],
NNO
JIOULIOJSUBI],

L

Decoder

I Skip connection
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

+ COTR-Net yny4yulaeT cermeHTaymo:

Ground Truth U-Net U-Net+R+P+D U-Net+R+T U-Net+R+T+P COTRNet




CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- CermeHTauma knetok ¢ Cell-DETR (Prangemeier et al,, 2020) Ha
ocHoBe Detection Transformer (DETR):

image features|

input image segmentation
Lcéll) prediction

(cell cell

class & BB

ftrap | "af? predictions
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- Cam DETR (Carion et al., 2020) mbl yxe 0bcyxaanu:

no object (o) no object (o)

transformer
encoder-
decoder

set of image features

1 backbone I encoder i
|
| setof image featu resis "
! ! ™
| "
| i
H transformer N transformer
. i decoder
"
"
"
h i sbda
' H object queries
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- KapTbl BHMMaHWA DETR XopoLo pasfensatoT 3K3eMnaapbl:

self-attention(430, 600) self-attention(450, 830)

self-attention(520, 450)
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- Swin-UNet (Cao et al., 2021):

Linear Embedding Patch Expanding W x H x C(4%)
Skip Connection
woH Swin Transformer 14 Swin woH
4 Block x2 Block x2 4 4
Patch Merging Patch Expanding
Skip Connection
WoH . Swin T 18 Swin WOH .
Flaria Block x2 Block x2 e
Patch Merging Patch Expanding
Skip Connection
. 1/16
W Swin Tr W
16716 Block x2 16716
Patch Expanding
Encoder

Decoder

20
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CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

: ﬂ,OI_IOﬂ HUTENTbHO yny4ylwaeT CerMeHTaunto KOMMNbTEPHbIX
TOMOTIpaMm:
[l 20rta gallbladder [l left kidney right kidney [l liver pancreas spleen stomach

(a) GroundTruth (b) SwinUNet (c) TransUNet (d) AttUNet (e) UNet



CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- B 3D: cermeHTauuMa neyeHoUHbIX COCYA0B Ha KOMMbIOTEPHbIX
Tomorpammax (Wu et al., 2021)

...... 20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- ApxuTekTypa ocHoBaHa Ha 3D Swin Transformer:

HxWxDx2

Feature extract
block

(B3 comvansrelyx2 |

' ( Conv 1x1x1, BN, RelU ]
T

HxWxDx1 Feature extract block -1xWxDx64g,

HxWxDxC

Patch embedding
]
5x5x5 Conv 2«22 stride
313x3 Conv 1x1x1 stride

3x3x3 Conv 1x1x1 stride

skip
Down-sampling
w
3

lGELU +INlayer

2:2x2 Conv 1x1x1 stride

3D Swin transformer
Blockx 2

D H W
;XEXEXAC

B WD
TXIeXpexAC
3D Swin transformer
Blockx2

' LN layer
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- UNETR (Hatamizadeh et al., 2021): ewie oaHa cTpykTypa ViT+UNet
nna 3D cermeHTauum

Segmentation
Output

Transformer Encoder

00)0)8,0)80)0)0)0,

Linear Projection of Flattened Patches

I O 4 I

3D Patches

HXWXDXxC

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- MpeacraBneHus, Npon3seaeHHble TpaHChOopPMepoM,
o6beAnHATCA B Aekofgepe Ans obecnedyeHns Menknx aetanen,
B cTune U-Net:

Input
Hx W xD x4 r ‘ HxW xDx64 r
} Q-

Lp:v HxWxDx64
Projection
[Embedded
Patches. ’
Norm Z3 Output
CRIEr - oM
H W D
2D 768 Y xlxzs H oW
e 1671616 757737 ! FXgxyx128
Attention ’
z4 (
- ?7 -

%x%x%xﬂiﬁ FXFXFHL6 Hw D

Norm T g x 256 ’ Deconv 2 x 2 x 2
Z9

—-_.e_ ( - Deconv 2 x 2 X 2, Conv 3 x 3 x 3, BN, ReLU

H

Tx pex X 768

x12 A Dsiz ’ Conv 3 x 3 x 3, BN, ReLU
Z12 q
H WD s 4 -CnnleIXI
16 1616
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CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- Pe3ynbTaTbl ynyyllatTca:

Ground Truth TransBTS

% | v

2 ®




CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- Transbridge (Deng et al., 2021): cermeHTauus B
3NeKTpoKapAnorpadun

- TpaHcopmep paboTaeT Kak MOCT MeXay CBEPTOUHbBIM
KOAMPOBLIVKOM 1 CBEPTOUHBIM AEKOLEPOM

In Conv Up

Up

Up

m
3
=4
g
a
=5
5

a

Up

| Jouwojsuel]
W Jsuuojsuel |
W Jsuuojsues ]
 JouLiojsuel|

CNN Encoder Transformer Encoder CNN Decoder
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CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

+ YNyyllaeT rpaHuLbl CermeHTaLum:

a) Original image

( (b) CoTr (c) rénsér?(fge—B (d) Tl'énséﬁ?lée—L

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- bonee TOro, MOXHO He OrpaHNYNBaTbHCA BUONMbBIMY
N306pAXKEHNAMN

- TunepcnekTpanbHas cbémka (hyperspectral imaging, HSI)
M3yyaeT, Kak WUPOKNI CNeKTp CBETa B3aMMOAEeNCTBYET C
HabntogaeMbiMy MaTepuanamu; cnekTpanbHas nHdopmaumsa
npeacTaBneHa COTHAMM Y3KUX CMEXHbIX CMeKTPanbHbIX MOMOC,
ropasao 60/blie KaHanoB, Yem NPoCTO TPY OCHOBHbIX LiBETA

- Bxof Tenepb — runepky6 CO MHOXECTBOM CMeKTPanbHbIX MOMOC:

MULTISPECTRAL IMAGING HYPERSPECTRAL IMAGING

= Continuous spectrum

HYPERCUBE

= N separated bands

" piel b )

ol

Wavelength

Pixel (x, y)

11N

Wavelength

[

Intensity

ENABLES SPECTRAL ANALYSIS 20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- SpecTr (Yun et al,, 2021): U-Net + Transformer ans
rMnepcneKkTpanbHblX CHUMKOB

|| IIEEIIII

3x3

conv

4

Ty

— Transformer Encoder”

Max-pool ) Up-sample:
Convax3, SN, ReLU |

Convolution+Average |

- — v — i B convax3x3, BN, ReLU'
.1 Transformer Encoder

Attn UNet  UNet++

Image Label HIS Hyper UNet

P i = Concatepate |
i B i e
A @«

20



CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- [lpyroe HanpasneHne — 3D cermeHTaund

- BiTr-Unet (Jia, Shu, 2021): CNN + Transformer gns cermeHTauuu
onyxonen mo3ra Ha MPT

(c)Tlc (d)T2-FLAIR

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- CHoBa U-Net-nogo6Hasa apxutekTypa ¢ bnokamm ViT:

........ =3 Feature Mapping

mm—)  Upsample Convolutonsl Block

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

+ Swin UNETR: Swin Transformers ona cemaHTuyeckom
cermeHTaumu onyxonen mo3ra Ha MPT-M306paxeHunsx

et wxwsoxs D77 | segmentation Output
& P
B S ad

He:
4
nwo rZm
Ll
pachFrtion [j . J : - @ N
¥ e T L i ~
P Tt | Hidden Feature y N
HW.D e LD —— LI e i X
L e =z B e /{ Cw ) we I
stage 1 =) \/ [
wweo T b | ey wop /1 [(uinear Norm
B D0 W wo . 4 T Ji b
L - ! 5 :
TS i 1 Bottleneck Featur .g, ; i
W stege2 .l —— Hwo —_ SW-MSA |
Vo — 1—1-*1L\_ Lt T i i
______ 192 2 , T i
Elar) H oW D |
R0 [ + 4 / Linear Norm Linear Norm ] | |
TIW  suges Tl eawos Decony /
s _.‘_,.‘.(.u [ [ [P
B WD e S e e
6166
Stagea + I .
e ] = ,__m How b PR g Swin Transformer Block
e = B w D
e R

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- Swin UNETR aganTupyet MeToA CABUHYTbIX OKOH K 3D 06BEMHbIM
OKHaM:

MY

AW

¢
g
5
g

p S\ S\ L%\ Y

1’
28
f’

| L ¢

3D Tokens: 8x 8 X 8 ) X .
Window size: 4% 4 x 4 Number of windows: 8 Self-attention Unit
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CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

- VT-UNET: Transformer ana o6bémHon cermentaunn (Peiris et al.,
2021)

DxHXWxC

p +
bH
THIEXTEX4C |5 | VT Encoder Block

20



CETMEHTALUSA MEAULMHCKNX U30BPAXKEHUIA

VT-UNET: Transformer gng o6beémHon cermertauuu (Peiris et al,
2021)

anuNet TranseTs UNETR nnFormer VTUNet
0 l l—l
I [ ;

0 comosen [ i sses rnsformer slockts) VMt g
Dounsamping W oecomnvolution slock paten erging leck MU’
[ [ Spwin Daconsolution siocks Fetchexpanding ok S—
~ o SupComecton [ v ranstormer ssed sock B Sein onstormes s st
@ concatenaton peraton (773 o M

(d) (e)

Fig. 2: (a) Illustrates VT-UNet Architecture. Here, k denotes the number of classes. (b) shows vi-
sualization of Volumetric Shifted Windows. Consider an MRI volume of size D x H x W with
D = H = W = 8 for the sake of illustration. Further, let the window size for partitioning the volume
be P x M x M with P = M = 4. Here, layer | adopts the regular window partition in the first step
of Volumetric Transformer(VT) block which results in 2 X 2 X 2 = 8 windows. Inside layer | + 1,
volumetric windows are shifted by (£, &, &) =(2, 2, 2) tokens. This results in 3 x 3 x 3 = 27
windows. (c) shows VT Encoder-Decoder Structure (d)Encoder Decoder structural comparison with
other SOTA methods. The proposed VT-UNet architecture has no convolution modules and is purely
based on Transformer blocks. (e) Illustrates the structure of the Fusion Module.
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CErMEHTALLUS MEANLIMHCKNX N30BPAYXXEHUN

- EcTb obuiMe faTaceTbl Ana CpaBHeHWs; Hanpumep, 3D gaTacet
onyxonei mo3ra BraTS 2021 (Baid et al., 2021)

Method #params Flops Dice Score (Avg.)
TransBTS [138] 33M 333G 84.99
BiTr-UNet [139] - - 86.20
UNETR [35] 102.5 M 1935 G 84.51
nnFormer [144] 39.7M 110.7 G 86.56
Swin UNETR [145] 61.98M 39484 G 88.97
VT-UNET-T [143] 54 M 52 G 86.82
VT-UNET-S [143] 11.8M 100.8 G 87.00
VT-UNET-B [143] 20.8 M 165 G 88.07

Ground Truth TransBTS

20



M DINO

- Mask DINO (Li et al,, 2023): ngeun Mask R-CNN MOKHO MpUMeHUTb
1 K AeTeKTOpam Ha 0CHOBE TpaHChopMepoB

Pixel
cmbsiing
@®— ®) Masks
2 unnplc 55

—_—
Hybrid Matching | Unified DN

RSN,
AEENEEE GEd

Pl R

Multi-Seale
LLLLLT]

Features

Unflatien

SRR
TEPfff1777

Encoder Layers x N Decoder Layers x M
Init Contents iﬁiiii ; iﬁi
Positional Ttaneen 0000000 GDTEGE

Embeddings
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MAsK DINO

- Ynydywatorcs pesynbratbl Ha COCO n ADE20K

Method Params| Backbone kbone Pre-training | Detection Pre-training val
Dataset Dataset wloTTA  w/TTA
Instance segmentation on COCO AP
Mask2Former [3] 216M SwinL IN-22K-14M - 50.1 -
Soft Teacher [36] 284M SwinL IN-22K-14M 0365 51.9 52.5
SwinV2-G-HTC++ [23] 3.0B | SwinV2-G |IN-22K-ext-70M [23] 0365 53.4 53.7
MasK DINO(Ours) 223M SwinL IN-22K-14M - 526 -
MasK DINO(Ours) 223M SwinL IN-22K-14M 0365 54.5(+1.1) -
Panoptic segmentation on COCO PQ
Panoptic SegFormer [19] -M SwinL. IN-22K-14M - 55.8 -
Mask2Former [3] 216M SwinL IN-22K-14M — 57.8 —
MasK DINO (ours) 223M SwinL IN-22K-14M 58.4(+0.6) -
MasK DINO (ours) 223M SwinL IN-22K-14M 0365 59.4(+1.6) -
Semantic segmentation on ADE20K mloU
Mask2Former [3] 215M SwinL IN-22K-14M - 56.1 57.3
SeMask-L MSFaPN-Mask2Former [14]| —M |SwinL-FaPN IN-22K-14M - - 58.2
SwinV2-G-UperNet [23] 3.0B | SwinV2-G | IN-22K-ext-70M [23] — 59.3 59.9
MasK DINO (ours) 223M SwinL IN-22K-14M - 56.6 -
MasK DINO (ours) 223M SwinL IN-22K-14M 0365 59.5  60.8(+0.9)
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- ViT-Adapter (Chen et al,, 2023): aganTep 6e3 npeaodbyyeHus,
yTo6bI NPUGN3UTL VIT K SWin AN NNOTHOrO NpefAcKa3aHus

Stepl: Image Modality Pre-training Step1: Multi-Modal Pre-training
e

Image psion, Speciic sL/ssL Image, viT sL/ssL
Modality 7 Video, Text, ... 7
Step2: Fine-tuning Step2: Fine-tuning with Adapter

Vision-Specific
o

(a) Previous Paradigm (b) Our Paradigm

CoCO  f—i__ !

Det/Seg
ADE20K Adapter y

<
5




VIT-ADAPTER

- AnanTtep no3sondeT ViT paboTaTb C cermeHTaumnen

(a) Vision Transformer (ViT)

Patch
Embedding

e

Spatial
Prior Module

Position
@ Embedding

Element-wise

Additic
tion (c) Spatial Prior Module (d) Spatial Feature Injector i

—— ViT-Adapter
— VIiT

=)
w o u o
ViT-Adapter

-2.0

A Log amplitude

o
o

ViT

0.0n 0.2n 0.5m 0.8n 1.0m
Frequency

Spectrum

(b) Detection Results (c) Stride-8 Feature

(a) Relative Log Amplitudes

22



INTERNIMAGE

- CNN He ymepnu! Internimage (Wang et al., 2023) - HoBas
6a3oBas mogenb Ha ocHoe CNN, ncnonbsytouias
nedopmupyemblie CBEPTKHY

% query pixels response pixels with fixed weights
| response pixels with adaptive weights

(a) global attention (b) local attention
v long-range dependence X long-range dependence
v adaptive spatial aggregation v adaptive spatial aggregation

X computation/memory efficient v/ computation/memory efficient

* in

(c) large kernel (d) dynamic sparse kernel (ours)
v long-range dependence v long-range dependence
X adaptive spatial aggregation Vv adaptive spatial aggregation

v computation/memory efficient v/ computation/memory efficient
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INTERNIMAGE

- HoBas uges — UMeTb MHOTOrPYMNMNOBYIO CTPYKTYPY, KakK pasHble
rONOBbl BHUMAHUSA: Pa3Hble TPYnmnbl UMEOT pa3Hble CMelleHns B
CBEpTKAaX U AeNCTBUTENIbHO MOMYYatoT Pa3Hyo CeMaHTUKY

stage 1 stage 2
i * x
L
. 22
< .
stage 3 stage 4
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INTERNIMAGE

+ XOpowo 1 Ans pacnosHaBaHus 0ODbEKTOB:

67
65.4
65 A 642
63 4631
.61
X
=59 B InternImage-H (test-dev)
% 57 A SwinV2 (test-dev)
255 / A FD-SwinV2-G (test-dev)
o iT- -
353 ® BEIiT-3 (test-dev)
8 51 Florence-CoSwin-H (test-dev)
] -8- Internmage (val2017)
49 -4~ Swin (val2017)
47 - ConvNeXt (val2017)
45

0 0.5 1 1.5 2 2.5 3 3.5
#parameter (B)
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- Ele ofHa 60nblias 0651acTb — MyNbTYMOLANbHbIE MOJENY; OHU
MOTYT 6bITb OUeHb 3hHEeKTUBHbI ANA CErMeHTaL M

- BEIT-3 (Wang et al,, 2022): cxogatca BMecTe npenobyyeHune
A3blKa, BU3YyabHble AaHHbIbl U My1bTUMOAANbHOCTb

Masked Data Modeling | mm-=----=-T-ooooo

: :
1 1
T ' V-FFN  LFFN  VLFFN !
! Vision  Language Lo
. 1 Expert Expert Expert 1
BE'T‘3 Lx

(Multiway Transformer) —

t T T Shared Multi-Head

Images Texts Image-Text Self-Attention
Pairs

Multimodal Input

2%



- BEIT BbIMOMHAET MAaCKMPOBAHHOE BU3yaNlbHO-A3bIKOBOE
MOLennpoBaHne BO MHOMMX MOAATbHOCTAX:

player a
4 4
VLFFN
V-FFN Fx t +
Lx t L-FFN Multi-Head Self-Attention
Multi-Head Self-Attention | 1x 4
" ] V-FFN LFFN
$Patch Embeddings Mult-Head Self-Attention WFx > +
EE!' = ...i TWam Embeddings Multi-Head Self-Attention
- A baseball player throwing a ball . {Patch Embeddings 1 Word Embeddings
(a) Vision E"°°‘_’°’ NP P SIEEE R A vaseval MASK] throwing [MASK] ball
Masked Image Modeling (b) Language Encoder = .
Image Classification (IN1K) Masked Language Modeling (c) Fusion Encoder
Semantic Segmentation (ADE20K) Masked Vision-Language Modeling
Object Detection (COCO) Vision-Language Tasks (VQA, NLVR2)
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+ A TaKkxe NMOnUCK 1 NOpoOXaeHune:

Image-Text
/v Contrastive Learning v\
V-FFN L-FFN
Lx t Lx t

Multi-Head Self-Attention Multi-Head Self-Attention

TPslsh Embeddings
ENAFNEEEE

(d) Dual Encoder
Image-Text Retrieval (Flickr30k, COCO)

1 Word Embeddings

A baseball player throwing a ball .

throwing
VLFFN

Fx t +

Multi-Head Self-Attention
V-FFN LFFN

(L-F)x + t

Multi-Head Self-Attention
{Patch Embeddings 1 Word Embeddings

ENgENEEEE

(e) Image-to-Text Generation
Image Captioning (COCO)

A baseball player is [MASK]

2%



- YAYYWWUA MHOTMe pesynbrathl (B 2022 roay):

Semantic
Segmentation

. (ADE20k) ImageNet
Visual Classification
Reasoning (w/ Publi
(NLVR2) w/ Public
Resource)
62:5
Image 90.0 2.5 Object
Captioning Detection
(coco) 61:0 (coco)
86.0 89.0
146.25 635
1425 82.0 59.5 63.0

Visual Question
Answering
(VQAv2)

Zero-shot T2I
(Flickr30k)

83.25

Zero-shot 12T

(Flickr30k)

82.0 84.0

64.0

Finetuned 12T
(Flickr30k)

Finetuned 12T
(Coco)

Finetuned T2I

(COCo)
Previous SOTA

CoCa
Flamingo
—— Florence v1

BEIT-3 (This Work)

Finetuned T2I
(Flickr30k)
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ONE-PEACE

- ONE-PEACE (Wang et al., 2023)

VAL- VA- VL- AL- V- A- L-
Branch Branch Branch Branch Branch Branch Branch

A
.
Ad

LN

|
|
i
|
|
i
|
|
i
i
i
|
| A -
} | Linear | | Linear | \\\I |
| | Vision FFN Audio FFN Language FFN ||
|
} : = - : = : :XN
|
| © N } | [ Self-Attention |
I ® A !
i
A e E - B PN I jy iy S
i - 1--F r1-5 q--FF
! [ Vision Adaptor ] [ Audio Adaptor ] [LanguageAdaptor]
|
1 MHA
I (+RPB) . -
| 0 boys playing frisbec
! "||""' e
i
|
|

J
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ONE-PEACE

- 3a/1a4a 34ecb 06bIYHO B TOM, YTOObBI M306PECTN MHOXKECTBO
3afau ¢ self-supervision BO BCEX MOLANbHOCTAX; 1 3TO XOPOLIUN
MOMEHT, UTOObI NEePenTn K 06CYKAEHWIO MyNbTUMOAANbH bIX
npeacTaBneHunn

~ /1 R ()

AN RS EE R R EE
EEnaw

I
1
1
1
1
1
1
1
1
( Modality-Fusion Encoder J |
[
1
1
1
1
1
1
1
1

1
[ONE-PEACE (W/O Masking)J Y

Denoising Contrastive /

Learning /

[ ONE-PEACE (W/ Masking) J

i
N |t
/B !
Contrastive Contrastive
ONE-PEACE pe— ONE-PEACE P— ONE-PEACE
g carning

- alfwae 25



CLIP n BLIP




MyNnbTUMOAANDBbHbIE NATEHTHbBIE MPOCTPAHCTBA

- Y Hac eCTb MHOMO KAPTUHOK W TEKCTOB, CBOGOAHO LOCTYMHbIX B
NHTepHeTe

.

Kak Mcnonb3oBaTth TEKCT B Nape C N306paXEHNAMN TaK, UTOObI
NOMNyyYnTb XopoLwee MybTUMOAANbHOE NATEHTHOE
NMPOCTPAHCTBO?

AgTopbl CLIP nuwyT, 4To nx Nnepeon naeen 6b110 06y4nTh
CBEPTOYHYIO CETb ANS M306paXKeHu 1 TpaHcdopmep Ans
TeKCTa, YTobbl NpeAcka3biBaTbh NOAMUCH K U306PAKEH IO

- Ho 370 He cpaboTano: NpeackasbiBaTb TOUHYIO MOAMKUCH OUYEHb
CNOXHO (NpaKTuyeckn 6e3HanéxHo), n 3T0 He COBCEM TO, YTO
HaM HY)KHO B 3TOV MOAENN, HaM NMPOCTO HYXXHbl XOpOoLlve
MyNbTUMOLANbHbIE NPeACTaBNeHNs
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- KoHTpacTusHoe npenobyyerue (contrastive pretraining):
MOJeNnpyemM CUMbl MPUTSHKEHUA 1 OTTaNKMBAHWUA B COBMECTHOM
NaTeHTHOM NPOCTPAHCTBE

My black and white A dog running
cat smiling politely _— S - like the wind

Latent
space
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- CLIP (Radford et al., 2021; OpenAl), Contrastive Language-Image
Pretraining; nCnonb3oBany napbl N306paxeHne-TekCT, KoTopble
6bIIN NPOCTO COOPaHbI U3 MHTEPHETA:

1. Contrastive pre-training

peppAev the Text
aussie pup Encoder 1 1 1 1
T T, Tz n
— 1 T | g | I; Ty
- 1 Sr | T [ g | = | iy
“ - 17
e
¥ Il Image
t Encoder — I I3y IgT [ IgTs -~ Igly
3
. g, sl | g | i [ = | Ty
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- B utore pabotana gaxe zero-shot knaccuukaymsa -
npeobpasyem MeTKW KNaccoB B MPOCTble 3anpocChl:

2. Create dataset classifier from label text

a photo of Text
a {object}. Encoder

3. Use for zero-shot prediction
TI T2 TS TN

Image
. = Encoder - 5 L LT LT LRM
aphoto of
adog.
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- KoaupoBLmk nsobpakeHnin 6oin VIT (Vision Transformer,
Dosovitsky et al.,, 2020)

Vision Transformer (ViT) Transformer Encoder

MLP
Head

Transformer Encoder

Pt - @ 0 @5 @5

Multi-Head
Attention
* Extra learnable
[class] embedding [ Linear Projection of Flattened Patches ]
4= [ L I R A R R

neEm—R R

Embedded
Patches
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CLIP

+ CLIP cTan nonynapHbIM UCTOYHUKOM COBMECTHbIX
npeacTtaBneHunin; Hanpumep, DALL-E 2 pucoBan KapTUHKK B

NaTeHTHOM npocTpaHcTee CLIP:

“a corgi
playing a
flame
throwing
trumpet”

CLIP objective

decoder
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- OcHoBHOe npumeHeHune CLIP — 310 obecneyeHune
MHMOPMALMOHHOIO MONCKA U MOPOXAAIOLWNX MOAENEN

A white dog is running
towards the camera

Query:
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- BLIP (Li et al., 2022) - Bootstrapping Language-Image Pretraining;
NOPOXAaeM CUHTETUYECKIME NOANUCK 1 DUIBTPYEM X

Real data That's my Fluffy! r'._, @

‘ Look at him go!

A black and white cat V
jumping for a ball

T, “the current castle was
built in 1180, replacing a 9th
century wooden castle”

Jauonded
onjewolNy /
_

Ty “in front of a house
door in Reichenfels,
Austria”

T, “from bridge
near my house”

T,: “a flock of birds
flying overa lake at
sunset”

T,: “a potted plant sitting & T,: “a large building with a lot
J on top of a pile of rocks” of windows on it”

& oo
“chocolate cake
with cream frosting

o acrcome @ i )
sprinkles on top”

29



+ CTpyKTypa o6ydeHus:

Model Pretrainin; Dataset Bootstrapping

= To model
) Todata
1,,: web images

Iy:h
images

Filtering

5 >

Filter

It et

ge-g!
Text Encoder)

iTcaImm finetuneﬁ

D = {(, T} + (U, T}
HUn T}

Multimodal Mixture of
Encoder-Decoder

T,,: web texts
T, : filtered web texts

Ts: synthetic texts
T, filtered synthetic

LM finetune @

g

i ] Captioner

: ] (Image-grounded .texts

1 Downstream Tasks i Text Decoder) ) Captioning Ty: T:zsan-annutated
i ]
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- Tpu pasHbIx KoanposLmKa 1 gekoaep: ITC — KOHTpacTUBHasN
(yHKLMA noTepb ANA M306paXeHuns 1 TekcTa (conoctaBneHve
NpeacTaBNeHun n3o6paxeHns n Texkcta), ITM — dyHKLWS noTepb
Ha COOTBETCTBME N306paXeHNs 1 TekcTa (pasnuueHuve
NOMOXUTENbHbIX W OTPULATENbHbIX Nap), LM — a3bikoBoe
MOAennMpoBaHue (aBToperpeccMBHoe NOPOXaeHe Noanucen)

Feed Forward

Nx NXx

Y
Image

Bi Self-Att
Encoder - “

Feed Forward

Cross Attention

Bi Self-Att

)
Y

Feed Forward

Cross Attention

Causal Self-Att

-
QR o !

J s+

Image-grounded

Image-grounded ‘
Text encoder “[Encode]+[;]" Text decoder “[Decode] +( "

“a little girl holding a kitten next to a blue fence”
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YTO MUSMEHUNOCb NPN NEPEXOAE K 3PEHUNIO?

+ MexaHn3M BHUMAHNA OCTaNCs TeM XKe; U3MEHUINCb TOKEHbI,
NO3NUVNOHHAA I/IH(DOpMaLJ,I/Iﬂ N BbIXOOHAA 3a[aya.

- ViT npeBpaLlaeT KapTUHKY B MOCAe[0BaTeNbHOCTb NaTyen; Swin
[06aBNsAET NOKANbHOCTb U epapXmio.

- DETR npeackasbiBaeT MHOXECTBO 06BbEKTOB Yepe3 3anpochl 1
COMNOCTaBMEeHME C PA3METKON.

- [NaBHbIN BONPOC MNPV MPOEKTUPOBAHWM: Kakie B3aMOAENCTBUS
HY>XHbl 1 CKO/TbKO 6YeT CTOUTb BHUMAHMNE?

30



CnAcupo!

Cnacn60 3a BHMMaHue!
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