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Outline

 Background
- Attention is all you need
« Cross attention module

- Transformer backbone

- CrossViIT : Cross-Attention Multi-Scale Vision Transformer for Image Classification (ICCV
2021)

- Multimodal
- LAVT : Language-Aware Vision Transformer for Referring Image Segmentation (CVPR 2022)

e Conclusion
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[1] Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Background

« Attention is all you need[1]
. XA O] X 2] =2 OFOf| A transformer £ =& | Ot

- Encoder THO| A self attention= O|-2 Sl global feature representation= <

2
o

- Decoder THO| A1 encoder-decoder attention(cross attention) = Al
=9 featureS decoderOf| Al key, valueZ2 AtE

— Decoder time stepOl| LLk2} iteration
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[1] Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR , 2020.

Background

* Vision transformer[1]
- XpAHO X 2|0 M AFE E[= transformerE vision taskOf| M -&oF A+
- Image= patch T £ L0 embedding®?t = self-attention= O|-&Sff feature
A BH

representation= 2
- Embedding ! patch?t2| 27| £ self-attention layer®|A] globalStA| D2{siE
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Background

« Self attention

- Input patch= flatten®t = linear projection= O| £l patch embedding =&

- Patch= CHHSI= featureE 1d tokenl| HE{ZE H S

- Linear projection &4t2 MLP layer EE= 1x1 convolution2 2 =24 7}

=
o
Patch(P, P, 3)
Img Img . FP E
Split Flattening Patch Position z
’ patch patch ————— gmbedding ————— embedding ——
—_— —_— >
(HJ WJ 3) (H) W! 3) (Lr CD) (LJ C) (Ll C)
FP E
. X E tch . + Epos
Lzﬂ*m : patch Sl 7+ : - i
CO = PxPx(C . : patc ch J"'/Aﬂ? (L, Co) (L,C) (L,C)
C : hidden channel size (Co, )

Embedding overview
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Background

« Self attention
- Learnable parameter £ linear projection=
- Query, keyZt2| A4t (Key - Query.transpose)

SO query, key, value 24
= &ofl g2 7t K| & valuel]| B

[q: k: 15'r] = Z[qur [qur = ]RDXEDI" ,

A = softmax (qkT/. HDh) A e RNX_N-;
SA{Z’} = Av.
Z)
x| Wo — Query —
(L.C) (L,d) oK™\
(C,d) L softmax( N ) =A —

Z

Zl+1

(L.C) L.d) AV — AV 4V MLP — t——
’ . d (L. y y
‘ | (L, d)

x Wy — Value

@O Tog @)

Self-attention overview
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Background

« Self attention

- Global feature representation
- £78 patch7t 2= FHO| patchZt2| 2HA & H=
- Query, key, value 7| 22| attention 7=
- Query2} keyZto| ZA E x| 2 HEE valued| HESHAM =3I
- Query2t keyZt2| similarityE 7|2t2 £ attentionS 7o F= &4
- CHE attention 7| & channel poollngOHM spatial relation= 11245l 37 L} spatial
poolingdi A1 channel relationS 11 2{3H A attention= ol &= HRIO| A=

Z

X WQ —_— Query —

LC Ld
(L0) (C,d) (5.6) — softmax (Q\/I%T) =A —

Z;

Zl+1

x| Wg —  Key ——

(L,C) (L,d) AV — AV 4V MLP — +_.—E_
’ €, d ’ y
z ‘ | (L,d)
1

x Wy — Value

(L,C) €.d) (L,d)
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- S}X|2F Query key value 7|2tO| attention = E 283510 CHAGH taskOf| X 22
(@]

Background

 Vision transformer

- Transformer 7| Bt B 252 ™ H attention is all you needOf| K| 2t = self attention 7| Bt

encoder Bt AFESH= A

- J1L| 7} self attentionO| global feature representationO| 7} sStCt= HE0| ==

- Global2 12T = 742 TS &= Q) © M self-attentionS Z R QICH= A7}

= HA

L—
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Background

e Cross attention

- Cross attention2 self attention2t mechanlsm% S LStLE inputl| &X 7} CHE
xRS

- query, key, value 7| 22| attention = 2| &S &= cross attentionO| U=
- key valuezf= &3l O E | attention oH§x|E M
- Key, valueE O{E A 7St LE0 [2tA] 7 inductive biasE 7tSHE =+ U S
- Multi scale EE= multi modal S fusion = A0 Al
4 4
Multi-Head Multi-Head
Attention Attention
Q K V Q K V
| | |_I_|
A A B
Self attention Cross attention
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Background

. i A
Cross attention Of| A| N Correlation0| 2.2
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[1] Chen, Chun-Fu Richard, Quanfu Fan, and Rameswar Panda. "Crossvit: Cross-attention multi-scale vision transformer for image
classification." Proceedings of the IEEE/CVF international conference on computer vision. 2021.

CrossViT|[1]

« Vision transformer Oi| A patch size= ‘350 &

- Patch size 16x161 32x325 H| W sf 242 [Iff 16x160{ M 50| o EX| Tt self-
attentionOf| | computational cost”| quadratic St A S 7+&

F

0Ot
[0

O| %

- Self attention computational cost : 2cp? (c: token dimension, p : patch 7<)
o LS multi scale feature representation CNNZ| 2t vision taskOf| M £2 M &2
AU S

- Multi scale feature7} CNNOf| =3 0| &E|= A2 =2 LIEFSEX| B vision
transformerOf| A|= O| 2|3t X% O|™O| AS | O{0F &

Epochs ImageNet ImageNet Real CIFAR-10 CIFAR-100 Pets Flowers exaFLOPs
name

ViT-B/32 7 80.73 86.27 98.61 90.49 93.40  99.27 55
ViT-B/16 7 84.15 88.85 99.00 01.87 95.80  99.56 224
ViT-L/32 7 84.37 88.28 99.19 92.52 95.83  99.45 196
VIiT-L/16 7 86.30 89.43 99.38 93.46 96.81  99.66 783

Patch size0l| 2 ViT d& Hl W

SOGANG UNIVERSITY 1
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CrossViT

« CrossViT architecture
- CrossViTO| M= ViT - Z 0| Al multi scale feature representation= 57| 2|3l patch
embedding THAO| M patch sizeS CHE A ol &

- 2|10 ZkZE2 transformer layerS O| 23l embedding?t 2 Cross-attention= O] & Sf
feature fusion

Cat

(MLP header) (MLP header)

Multi-Scale Transformer Encoder Xi

00000000 O] - [
- )

(Transformer Encoder xN) CTransformer Encoder xM)

A
efimo oo -0
ectio Linear prolectlon D)

Linear projectiol )
. ﬁ WA

TITTET

S-BranchT T L-Branch
Small patch size P, L= Large patch size P,

O : CLS token [:H:I : Image patch token

0
A
CT

CrossVIT architecture
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Top-1 FLOPs | Params || Single Branch Acc. (%)
Fusion Acc. (%) (G) (M) [.-Branch | S-Branch
[ None 20.2 53 237 80.2 0.1
‘ rO S S ‘/ l I All-Attention 80.0 76 | 277 79.9 0.5
Class Token 20.3 54 24.2 BiL6 7.6
Pairwise 20.3 55 242 80.3 7.3
Cross-Attention 210 5.6 26.7 68.1 47.2

e Multi-scale fusion

Table 6: Ablation study with different fusions on Im-
) ) ageNetlK. All models are based on CrossViT-5. Single
. Exchange information branch Acc. is computed using CL= from one branch only.

~ (A) all attention fusion : simply concatenate 2 self-attention

- (B) class token fusion : & branch2| class token= sum

- (C) pairwise fusion : 5 branch?| class token 77| 2] sumSt2 patch token?| 2| sum

- (D) cross-attention : 2t branch2| class tokent CHE branch?| patch tokenZt2| cross attention

= ) —
On1-0 O-0OO0) 10- uvé -0 on-1 O-00 uu u”b

(a) All-attention (b) Class token (c) Pairwise d) Cross-attention
() : CLS token ,|:| : Image patch token

Multi-scale fusion method

R S TH S |Vgs|
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CrossViT

« Multi-scale fusion (large branch 7|&)

- Large branch2| class token= query= St small branch2| patch token= key= S04
cross attention =&
- QueryE class tokenZt AHE 5L 2 Efficient2
- Small branchZ} query 2 = 9|2 IPI 2 I 2 =3

- E7 branch@| class tokent CHE branch2| patch tokenO| Exchanae information

-—— - —————

q= :Ea-“'r k= x-’i Wi, v= xfhﬂ.;rm gl(‘)
A = softmax(qk’ /v/C/h), CA(x")= Av,

DDO 000

Xpateh Large Branch p atch Small Branch

R SAE N Cross-attention for large branch VDBS
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CrossViT

e Results

- CHE fusion WHEZ2 AFEM S I 22} B L O A sota”f O

Model | Top-1 Acc. (%) | FLOPs (G) | Params (M)
- Top 1| FLOPs | Params | S branh Ace (31 okl | Topl Ace FLOR Tougpu P | besi ey | b | e | o
Fusion Acc. (%) | (G} (M) || L-Branch | S-Branch (%) Gy (images's) (M) CentroidViT-S [42] (arXiv, 2021-02) 80.9 47 23
5 2 - PVT-S [ 28] (arXiv, 2021-02) 79.8 38 245
| None : 80,2 33 ;3.? £0.2 0.1 | Dc|T.T|_ . T2.2 N 13 2557 N PVT-M [35] (arXiv, 2021-02) 312 67 442
All_Atlention £0.0 16 | 277 2.9 03 CrossViT-Ti | 73.4(+1.2) L6 1668 6.9 TITVIT-14[43] (arXiv, 2021-01) 807 6.1° 215
Class Token 80.3 5.4 24.2 80.6 1.6 CrossViT-9 73.9 (+0.5) 1.8 1530 8.6 TNT-S [ 14] (arXiv, 2021-02) 813 5.2 238
Pairwise 80.3 53 242 80.3 73 CrossViT-91 | 7.1 (+3.2) 20 1463 8.8 CrossViT-15 (Ours) 8.5 58 274
Cross-Attenti 2.0 5.6 267 68.1 472 CrossViT-15 (Ours) 823 6.1 282

S Atention > DeiT-S 79.8 16 966 22.1 - .
. VIT-B@384 [11] (ICLR, 2021) 71.9 17.6 86.6
CrossViT-S | BLOG+1.2) 5.6 690 267 DeiT-B [3] (arXiv, 2020-12) 818 17.6 86.6
Table 6: Ablation study with different fusions on Im- | CrossViT-15 | 81.5(+05) 58 640 27.4 PVTL [35] (arXiv, 2021-02) 817 08 614
I C iT- ; CrossViT-15% | 82.3(+08) 6.1 626 28.2 T2T-VIT-19 [45] (arXiv, 2021-01) 81.4 0.8 300
ageNet1K. J‘%.ll models arelbased on CrossViT-5. Single : TZEVIT-24 [45] (ackis, 2021.01) 0 50 o
branch Acc. is computed using CLS from one branch only. ~ DeiT-B BL8 17.6 3fi4 86.6 TNT-B [ 14] (arXiv, 2021-02) 82.8 141 656
CrossViT-B 82.2(+04) 21.2 230 104.7 CrossViT-18 (Ours) 82.5 9.0 433
CrossViT-18 82.5(+0.3) 9.0 430 433 CrossViT-181 (Ours) 82.8 9.3 443
CrossViT-187 | 82.8(+0.3) 9.5 418 44.3 “: We recompute the flops by using our tools,

Table 2: Comparisons with DeiT baseline on Ima- Table 3: Comparisons with recent transformer-based

geNet1K. The numbers in the bracket show the improve- models on ImageNet1K. All models are trained using only

ment from each change. See Table 1 for model details. ImageNetl1 K dataset. Numbers are referenced from their

recent version as of the submission date.
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[1] Yang, Zhao, et al. "LAVT: Language-Aware Vision Transformer for Referring Image Segmentation." Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

LAVT[1]

 Referring image segmentation

- Multi modal ; vision 220t OFL| 2} text, audio@f &= CtFSF modal2| dataS ArE25H0
&ot= =0

- Visual ground : textZ} input £/ %= I O|OX| LHOI|M S E|= BES
detectingSt= task

: Referring segmentation : visual grounding2| ot 2OFE text7} input =| = [If 51 F
A A S pixel HY 2 segmentation SH= task

Expressions: “blue phone” “phone on very bottom™ “white cell phone in middle” “flip phone on right”

“guy in black sitting “guy by the red wall
to left leaned over” gm in strip slmr on laptop” with arms crossed”

Ours Ground truth Ours Ground truth Ours Ground truth Ours Ground truth

’l S TH S |Vgs|
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LAVT

 Referring image segmentation

- Referring segmentation= S}7| £/ M= vision encoder2}f language encoderS &H7H|
St& A|710F ¢

- Vision network”| language S awaredH A feature representation St= 20| =&

- Vision encoder® language encoderOf| Al =& X 2 = == E featureE alignmentdt7|
2|38l fusion

- 0§ 7| A alignment= CFE modal2| featureS & & spaceZ mappingdi Al CHE7| 2|5l
featureS S AISH SHEfZ OISO = bH

7| Z0{| = transformer decoderS O| 23 A fusion
- &, aligning the vision and language feature= St-="0| decoderTHEH EE&

- Transformer decoder= cross attentionS 7|EtS 2 O|F0{ &

(a) A paradigm of previous state-of-the-art methods (b) LAVT (ours)
l""-"—'—“ ‘ .
] " T
U ST Encode: ‘U *{ Vision Transformer }—»

(s \_,4 _ \.__,4
‘ Tlansfonnel Decoder }—>
“pink doulghnut

p e a —'{ Language Encoder ‘
—»{ Lauguage Encoder with frosting

“pink doughnut
with frosting”

R B THdha |VES |
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LAVT

 LAVT architecture

- & modalZt2] alignmentZ vision encoder Q! transformer layerO| A{ T34
- Vision encoder swin transformer backbone= A3t language encoder= BERTE AHE
- BERTE O|&7d} input expression = high dimensional word vector2 embedding
- EmbeddingE! language feature £ vision encoderS StSA|Z [ AHE

- Vision encoderOi| A{ stage'® 2 Pixel-Word Attention Module(PWAM)E &

- Vision encoder®| A vision and language featureE jointly embedding

= Linguistic feature = visual feature®| densely integrate

| / Vi V2 % y Y4 (=F4) 2 Y1
E1 2
4 ” ixel-Word Attention
lodule

2
PWAM
black green truck™ F é L
1 PWAM Language pathway Duplication

i
BERT L Element-wise addition @ Concatenation

LAVT architecture
R S T 8D |VDS |
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LAVT

« Cross modal alignment

- Input visual feature(V;)= query, input linguistic feature (L) &

cross attention =

- Visual feature 7} pixel TH2| £ linguistic featureE & =3t linguistic informationg =&

52 Vig = flatten(wyq(V;))
2t Lige = wig (L), Ly = wy (L)

Lq Lik

N
't Gy = wyy, (unflatten(G'M))

't G'; = softmax( LT,

I/’_ e RC;&XH@ XW@
1

L € R&xT

n AW CHE-D

SOGANG UNIVERSITY
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Vim (Ci Hi Wi)

key, valueZ2 AF23}04

utput Features Fi (Ci Hi Wi)
CO:
,I\ Gi (Ci Hi Wi)

wim: 1x1

Input Visual Features
Vi (Ci Hi. Wi)

® Matrix multiplication

N |
— @i 1x1
[®] — -~ —
- = T o= (Ci. Hi, Wi)
FE = z
— B > x > 3 )\X
@‘iq \ﬁ_‘ (T.Ci)
Liv| (Ci. T)

Oy 1x1

Input Linguistic Features
L .

O Element-wise multiplication

PWAM
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LAVT

« Cross modal alignment

- G;= V; 2 spatial size?} £ = set of linguistic feature maps

- O| & V;,,, I element wise multiplication= &Sl visual feature map Ol projection

-Vim = Wim(Vi)
- F; = wio (Vim ©OG;)

Vim (Ci Hi Wi)

Output Features Fi (Ci Hi. Wi)
O

Gi (Ci. Hi Wi)

wim: 1x1

@i 1x1

Input Visual Features

Vi (Ci Hi. Wi)

® Matrix multiplication

AW CHE-D
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<. | T N - J= N
= X | (%)

Liv

—

(Ci. Hi, Wi)

(HIW:, Ci)

(T.Ci)

€L T

wy: 1x1

Input Linguistic Features
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PWAM
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LAVT

« Cross modal alignment

- PWAMEZ =8t = language pathway S S 1tSH=0| O|= 7| & transformer
encoderOf| Al AL E| = feed-forward layer2} & &

Transformer Encoder

] ]
Jz A7z 3 =
L E e
% = 2

__________________________________________________________________________________

Language pathway

5 AW CHE-D

| VDS |
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LAVT

* Results

Method Language RefCOCO RefCOCO+ G-Ref

Model val test A | testB val test A | testB | val(U) | test(U) | val (G)
DMN [+7] SRU 4978 | 54.83 | 45.13 | 38.88 | 44.22 | 32.29 - - 36.76
RRN [20] LSTM 5533 | 57.26 | 53.93 | 3975 | 42,15 | 36.11 - - 36.45
MAtNet [03] | Bi-LSTM | 56.51 | 62.37 | 51.70 | 46.67 | 52.39 | 40.08 47.64 48.61 -
CMSA [07] MNone 58.32 | 6061 | 55.00 | 4376 | 47.60 | 37.89 - - 39,98
CAC [7] Bi-LSTM | 5890 | 61.77 | 53.81 - - - 46.37 46.95 4432
STEP [ 5] Bi-LSTM | 60.04 | 6346 | 57.97 | 48.19 | 52.33 | 40.41 - - 46.40
BRINet [ 7] LSTM 6098 | 6299 [ 59.21 | 48.17 | 52.32 | 42.11 - - 48.04
CMPC [ 4] LSTM 61.36 | 6453 | 59.604 | 4956 | 53.44 | 43.23 - - 49.05
LSCM [25] LSTM 61.47 | 6499 [ 59.55 | 4934 | 53.12 | 43.50 - - 48.05
CMPC+ [ 4] LSTM 6247 | 65.08 | 60.82 | 50.25 | 54.04 | 43.47 - - 40 89
MCN [41] Bi-GRU 6244 | 6420 | 59.71 | 50.62 | 54.99 | 44,69 4922 49.40 -
EFN [15] Bi-GRU 6276 | 65.69 [ 59.67 | 51.50 | 55.24 | 43.01 - - 51.93
BUSNet [57] Self-Att 63.27 | 6641 | 61.39 | 51.76 | 56.87 | 44.13 - - 50.56
CGAN [40] Bi-GRU 64.86 | 68.04 [ 62.07 | 51.03 | 55.51 | 44.06 51.01 51.69 46.54
LTS [27] Bi-GRU 6543 | 67.76 | 63.08 | 54.21 58.32 | 48.02 34.40 34.25 -
VLT [17] Bi-GRU 65.65 | 6829 [ 62.73 | 5550 | 59.20 | 4936 52.99 56.65 4976
LAVT (Ours) | BERT 7273 | 75.82 | 6879 | 62.14 | 68.38 | 5510 61.24 62.09 60.50

Table 1. Comparison with state-of-the-art methods in terms of overall IoU on three benchmark datasets. U: The UMD partition. G: The
Google partition. We refer to the language model of each reference method as the main learnable function that transforms word embeddings

before multi-modal feature fusion. Interested readers can refer to the respective papers for embedding initialization and other details.

R AW THED
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LAVT

e Results

LP | PWAM | P@0.5 | P@(.7 | P@0.9 | oloU | mloU
v v 84.46 | 75.28 | 34.30 | 72.73 | 74.46
v 81.46 | 70.80 | 30.95 | 70.78 | 71.96

v 81.76 | 72776 | 3246 | 71.03 | 72.31
77.87 | 6693 | 2795 | 68.82 | 68.87

Table 2. Main ablation results on the RefCOCO validation set.

Expression:

“closest bus on right”

Ground truth

AW CHE-D

SOGANG UNIVERSITY

w/o PWAM
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Conclusion

« Multi scaleOf| A CFYSt scaleS M2 ExE [ AFE

-

« Multimodal2 vision feature?} language featureS & XS = & [ At

J-0&

Xpateh Large Branch

ﬂﬂ.?.ﬂ

xprr tch Small Branch

Cross-attention for large branch

AW THED
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Output Features Fi (Ci Hi. Wi)
Vim (Ci Hi, Wi) ,I\
o/

Gi (Ci. Hi Wi)
|
e 1X1

(Ci. Hi, Wi)

wim: 1x1

(1D TAIH)
(L TMIH)

’8_‘ Gi | @mwi o
(50 RES o

(T, Ci)

= D)

Lik | (Ci. T) Liv| (Ci. T)
my: 1x1

Input Linguistic Features
L .

Input Visual Features
Vi (Ci Hi. Wi)

® Matrix multiplication o Element-wise multiplication

PWAM
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