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How to use Attention / Transformers for Vision?



|[dea #1: Add attention to existing CNNs

Start from standard CNN architecture (e.g. ResNet)
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Zhang et al, ”Self-Attention Generative Adversarial Networks”, ICML 2018
Wang et al, "Non-local Neural Networks”, CVPR 2018




|[dea #1: Add attention to existing CNNs

Start from standard CNN architecture (e.g. ResNet)

Add Self-Attention blocks between existing ResNet blocks
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Zhang et al, ”Self-Attention Generative Adversarial Networks”, ICML 2018
Wang et al, “Non-local Neural Networks”, CVPR 2018
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|[dea #1: Add attention to existing CNNs

Model is still a CNN!
Can we replace

Start from standard CNN architecture (e.g. ResNet)

convolution entirely? Add Self-Attention blocks between existing ResNet blocks
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Zhang et al, ”Self-Attention Generative Adversarial Networks”, ICML 2018
Wang et al, “Non-local Neural Networks”, CVPR 2018
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|[dea #2: Replace Convolution with “Local Attention”

Convolution: Output at each position is inner
product of conv kernel with receptive field in input

Input: CxHXx W Output: C xHx W

Hu et al, “Local Relation Networks for Image Recognition”, ICCV 2019, Ramachandran et al, “Stand-Alone Self-Attention in Vision Models”, NeurIPS 2019



|[dea #2: Replace Convolution with “Local Attention”

Map center of receptive field to query

Query: DQ

Input: CXxHXW Output: C xHx W

Hu et al, “Local Relation Networks for Image Recognition”, ICCV 2019, Ramachandran et al, “Stand-Alone Self-Attention in Vision Models”, NeurIPS 2019




|[dea #2: Replace Convolution with “Local Attention”

Map center of receptive field to query
Map each element in receptive field to key and value

Query: DQ

Keys: RXx Rx Dq
Values:Rx R x C’

Input: CxHXW Output: C' x Hx W

Hu et al, “Local Relation Networks for Image Recognition”, ICCV 2019, Ramachandran et al, “Stand-Alone Self-Attention in Vision Models”, NeurIPS 2019



|[dea #2: Replace Convolution with “Local Attention”

Map center of receptive field to query
Map each element in receptive field to key and value
Compute using attention

Query: DQ

Keys: RXx Rx Dq
Values:Rx R x C’

v

Attention ,
Input: CxHXx W Output: C x Hx W

Hu et al, “Local Relation Networks for Image Recognition”, ICCV 2019; Ramachandran et al, “Stand-Alone Self-Attention in Vision Models”, NeurlPS 2019



|[dea #2: Replace Convolution with “Local Attention”

Map center of receptive field to query
Map each element in receptive field to
Compute using attention

and value

Replace all conv in ResNet with local attention

LR = “Local Relation”

Hu et al, “Local Relation Networks for Image Recognition”, ICCV 2019;
Ramachandran et al, “Stand-Alone Self-Attention in Vision Models”, NeurlIPS 2019

stage| output ResNet-50 LR-Net-50 (7 x7, m=8)
, 1x1, 64
resl | 112x112| 7x7 conv, 64, stride 2 7x7 LR, 64, stride 2
3% 3 max pool, stride 2 | 3 X3 max pool, stride 2
o) | 5656 1x1, 64 1x1, 100
3x3 conv, 64 | %3 Tx7LR,100 | X3
- 1x1,256 ) - 1x1,256 )
- 1x1,128 ' - 1x1,200
res3 | 28x28 3x3 conv, 128 | x4 7x7 LR, 200 | x4
- 1x1,512 ) - 1x1,512 )
- 1x1,256 '  1x1,400
resd | 14x14 3x3 conv, 256 | x6 T7x7TLR,400 | x6
- 1x1,1024 ) - 1x1,1024
- 1x1,512 ) - 1x1,800
resS| 7Tx7 3x3 conv, 512 | X3 7x7LR,800 [ x3
- 1x1,2048 ] - 1x1,2048 |
1 global average pool global average pool
o
1000-d fc, softmax 1000-d fc, softmax
# params 25.5x10° 23.3x10°
FLOPs 4.3x10° 4.3x10°




|[dea #2: Replace Convolution with “Local Attention”

Map center of receptive field to query Lots of tricky details,
Map each element in receptive field to key and value hard to implement,
Compute using attention only marginally better
Replace all convin ResNet with local attention than ResNets

Query: DQ
Keys: RXx RXx Dq
Values:Rx R x C’

v

Attention ,
Input: Cx HX W Output: C X Hx W

Hu et al, “Local Relation Networks for Image Recognition”, ICCV 2019; Ramachandran et al, “Stand-Alone Self-Attention in Vision Models”, NeurlPS 2019




|dea #3: Standard Transformer on Pixels

Treat an image as a

set of pixel values 1 1 1 1
Layer Normalization

—

MLP MLP MLP MLP

1 T_I_T I

Layer Normalization

¢

‘ Self-Attention ‘
v ' 1 1 1 t

HE B ottt

Feed as input to
standard Transformer

Chen et al, “Generative Pretraining from Pixels”, ICML 2020




|dea #3: Standard Transformer on Pixels

Treat an image as a
set of pixel values

v

Feed as input to
standard Transformer

Chen et al, “Generative Pretraining from Pixels”, ICML 2020

T I

Layer Normalization

Layer Normalization

¢

Self-Attention
1 1 1
| | |

Problem: Memory use!

R x R image needs R4
elements per attention
matrix



|dea #3: Standard Transformer on Pixels

Treat an image as a
set of pixel values

v

Feed as input to
standard Transformer

Chen et al, "Generative Pretraining from Pixels”, ICML 2020

I

T I

Layer Normalization

Layer Normalization

¢

Self-Attention

1

I

1 1

T I

Problem: Memory use!

R x Rimage needs R4
elements per attention
matrix

R=128, 48 layers, 16
heads per layer takes
768GB of memory for
attention matrices for a
single example...



|dea #4: Standard Transtormer on Patches

Cat image is free for commercial

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license




|dea #4: Standard Transtormer on Patches
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Cat image is free for commercial

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license




|dea #4: Standard Transformer on Patches

N input patches, each
of shape 3x16x16

u

Cat image is free for commercial

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license




|dea #4: Standard Transformer on Patches

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Cat image is free for commercial

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license




|dea #4: Standard Transformer on Patches

Add positional

embedding: learned D-
dim vector per position T T T + + + + + +

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Cat image is free for commercial

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license




|dea #4: Standard Transformer on Patches

Output vectors

4 )
Exact same as
NLP Transformer! Transformer
N J
Add positional
embedding: learned D-
dim vector per position T T T + + + + + +

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Cat image is free for commercial

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021 use under a Pixabay license




|dea #4: Standard Transformer on Patches

Output vectors

4 N
Exact same as
NLP Transformer! Transformer
- J
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




|dea #4: Standard Transformer on Patches

Linear projection
to C-dim vector
of predicted

Output vectors class scores
4 N
Exact same as
NLP Transformer! Transformer
- J
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT)

Computer vision model
with no convolutions!

Linear projection
to C-dim vector
of predicted

Output vectors class scores
4 N
Exact same as
NLP Transformer! Transformer
- /
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT)

Computer vision model Not quite: With patch size p, first

Linear projection

with no convolutions! layer is Conv2D(pxp, 3->D, stride=p) to C-dim vector
of predicted
Output vectors class scores
4 N
Exact same as
NLP Transformer! Transformer
- /
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT)

Computer vision model  Not quite: MLPs in Transformer Linear projection
with no convolutions! are stacks of 1x1 convolution to C-dim vector
of predicted
Output vectors class scores
4 N
Exact same as
NLP Transformer! Transformer
N J
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT)

In practice: take 224x224 input image,
divide into 14x14 grid of 16x16 pixel
patches (or 16x16 grid of 14x14 patches)

Output vectors

Each attention matrix has 144= 38,416
entries, takes 150 KB
(or 65,536 entries, takes 256 KB)

Linear projection
to C-dim vector
of predicted
class scores

4 N
Exact same as
NLP Transformer! Transformer
- /
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT)

In practice: take 224x224 input image, With 48 layers, 16 heads per
divide into 14x14 grid of 16x16 pixel layer, all attention matrices
patches (or 16x16 grid of 14x14 patches) take 112 MB (or 192MB)

Output vectors

Linear projection
to C-dim vector
of predicted
class scores

4 N
Exact same as
NLP Transformer! Transformer
- /
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT)

In practice: take 224x224 input image, With 48 layers, 16 heads per
divide into 14x14 grid of 16x16 pixel layer, all attention matrices
patches (or 16x16 grid of 14x14 patches) take 112 MB (or 192MB)

Output vectors

Linear projection
to C-dim vector
of predicted
class scores

4 N
Exact same as
NLP Transformer! Transformer
- /
Add positional Special extra input:
embedding: learned D- classification token
dim vector per position + + + + + + + + + (D dims, learned)

Linear projection to
D-dimensional vector

N input patches, each
of shape 3x16x16

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

Cat image is free for commercial
use under a Pixabay license




Vision Transformer (ViT) vs ResNets
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Pre-training dataset

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

B = Base
L = Large
H = Huge

/32, /16, /14 is patch
size; smaller patch
size is a bigger model
(more patches)



Vision Transformer (ViT) vs ResNets

Recall: ImageNet
dataset has 1k
categories, 1.2M
Images

When trained on
ImageNet, ViT
models perform
worse than ResNets
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Pre-training dataset

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

B = Base
L = Large
H = Huge

/32, /16, /14 is patch
size; smaller patch
size is a bigger model
(more patches)



Vision Transformer (ViT) vs ResNets

\O
O

ImageNet-21k has
14M images with 21k

categories

o0
N
L ] 1 1 1

Q0
=
—

If you pretrain on
ImageNet-21k and
fine-tune on

ImageNet Topl Accuracy [%]

, 75 - ResNets Vi1T-L/32
ImageNet, VIT does ViT-B/32 © ViT-L/16
better: big ViTs match _ VIT-B/16 ViT-H/14
big ResNets 70 -
ImagleN et Imagel\llet—Zlk J FT-éOOM

Pre-training dataset

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021

B = Base
L = Large
H = Huge

/32, /16, /14 is patch
size; smaller patch
size is a bigger model
(more patches)



Vision Transformer (ViT) vs ResNets

\O
O

JFT-300M is an
internal Google
dataset with 300M
labeled images

o0
N
L ] 1 1 1

: B = Base
If you pretrain on - L = large
JFT and finetune on = Huge
ImageNet, large 75 4 ResNets ViT-1./32 | /32,/16, /14 is patch
ViTs Outperform ViT-B/32 ViT-1 /16 size; smaller patch

size is a bigger model
(more patches)

ImageNet Topl Accuracy [%]

large ResNets ViT-B/16 ViT-H/14

70 -
ImageNet ImageNet-21k JET-300M
Pre-training dataset

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT) vs ResNets

\O
O

JFT-300M is an
internal Google
dataset with 300M
labeled images

o0
N
L ] 1 1 1

Q0
=
—

ViTs make more
efficient use of GPU
/ TPU hardware

ResNets ViT-L/32 (matrix multiply is
ViT-B/32 ViT-1/16 ?.oredllnarﬁlware-
ViT-B/16 ViT-H/14 | Tnendlythan conv)

If you pretrain on
JFT and finetune on
ImageNet, large
ViTs outperform
large ResNets

ImageNet Topl Accuracy [%]
~J
N

70 -
ImageNet ImageNet-21k JET-300M
Pre-training dataset

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Vision Transformer (ViT) vs ResNets
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Pre-training dataset

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ICLR 2021



Improving ViT: Augmentation and Regularization

Regularization for ViT models:
- Weight Decay

- Stochastic Depth

- Dropout (in FFN layers of

Transformer)

Data Augmentation for ViT
models:

- MixUp

- RandAugment

Steiner et al, “How to train your ViT? Data, Augmentation,
and Regularization in Vision Transformers”, arXiv 2021



Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

.. , No regularization Regularization 0.1
Regularization for ViT models: —
- Weight Decay ,
. T1/16 -
- Stochastic Depth ep
- Dropout (in FFN layers of
S/16 -
Transformer)
B/32 -
Data Augmentation for ViT ek
B/16 -
models: e
- MixUp RS0]
- RandAugment I I | | | I T T T I ] I | |
Lz 23 Y R SEEe Y S
SRR R,

Steiner et al, “How to train your ViT? Data, Augmentation, .
and Regularization in Vision Transformers”, arXiv 2021 More augmentation



Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

No regularization | Regularization 0.1

Regularization for ViT models:

Weicht D RT1 -
] cls .ecay VIiT models: | Ti/16!-
- Stochastic Depth Ti = Tiny epal
- Dropout (in FFN layers of S =Small /16
Transformer) 5 = Base
L = Large B/32 |-
Data Augmentation for ViT il
B/16|-
models: e
- MixUp v
- RandAugment
29392z Y R
= E 2 25 |2 ®® g g3 o3
T = S — RSRRC

Steiner et al, “How to train your ViT? Data, Augmentation, .
and Regularization in Vision Transformers”, arXiv 2021 More augmentation



Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

No regularization | Regularization 0.1

Regularization for ViT models:

Weicht D RTi1l-
] cls .ecay VIiT models: [ T1/16!-
- Stochastic Depth Ti = Tiny el
- Dropout (in FFN layers of S =Small /16
Transformer) 5 = Base
L = Large B/32 |-
Data Augmentation for ViT Ly
B/16|-
models: e
- MixUp <o
- RandAugment
29392z Y R
= E 2 25 |2 ®® g g3 o3
T = S — RSRRC

Steiner et al, “How to train your ViT? Data, Augmentation, .
and Regularization in Vision Transformers”, arXiv 2021 More augmentation



Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

No regularization | Regularization 0.1

Regularization for ViT models: el
- Weight Pecay ViT models: | Ti/16/-
- Stochastic Depth Ti=Tiny | oo,
- Dropout (in FFN layers of 5 =Small /16
Transformer) 5 = Base
L=large | B/32}-
Data Augmentation for ViT Original Paper: R20SF
models: 77.9| BI1OF
e 76.53 | 1./16|-
- MixUp R50L
- RandAugment | | | | | | | | | | | i | |
c 288 T RRIEEES T F R
com2sz DB T 3 3
_— — O P p— O L
M en i e = L

Steiner et al, “How to train your ViT? Data, Augmentation, .
and Regularization in Vision Transformers”, arXiv 2021 More augmentation



Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

Regularization for ViT models: No regularization | Regularization 0.1
. | RTi{ 69 71
] Welght D.ecay ViT models: T1/1614 72 71
- Stochastic Depth Ti = Tiny
: S/32|1 64 70
- Dropout (in FFN layers of S = Small
Transformer) B=Base | S/16[171 76
L=large | B/32[{63 69
. . o R?2 4 72 75
Data Augmentation for ViT Original Paper: 05
models: 77.9 | B/16[7170 76
) Mixljp 76.53 | 1./16/4 69 74
RS50Lq 70 75
- RandAugment —
c 288 T RRIEEES T F R
=B g g Z 5|EBEEEE F

Steiner et al, “How to train your ViT? Data, Augmentation, .
and Regularization in Vision Transformers”, arXiv 2021 More augmentation



Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

Regularization for ViT models:

- Weight Decay

- Stochastic Depth

- Dropout (in FFN layers of
Transformer)

Data Augmentation for ViT
models:

- MixUp

- RandAugment

Steiner et al, “How to train your ViT? Data, Augmentation,
and Regularization in Vision Transformers”, arXiv 2021

ViT models:
Ti=Tiny
S =Small
B = Base
L = Large

Original Paper:
77.9
76.53

RTi

T1/16
S/32
S/16
B/32

R26S

B/16
L/16

R50L

No regularization

Regularization 0.1

69 71

T2 71

64 70

71 76

63 69

72 75

70 76 79 79 81 80 80|76 79 81 82 |83]| &

69 76 77 T8 T8 T6 T6 |74 T8 T8 T8

70 75

O = J = O = |00 == 3 = O —

S 2B 2T W o> AR[E 2 2T T oA A

= &N &N O 9 =~ =< 50 BN O O > 2>

=== E 8 § §|-== & 8 § 8§
8 o P o =

More augmentation




Improving ViT: Augmentation and Regularization
ImageNet-1k, 300ep

R arization for ViT dels: No regularization Regularization 0.1
esu ?r:a ION TOT VIT MOdaels. RTiH69 73 73 72 70 69 68|71 70 67 65 63 62 61
- Weig tD.ecay VIT models: | Ti/161H72 76 75 75 74 72 71|71 72 68 65
- Stochastic Depth Ti = Tiny
. S/321H64 71 76 76 76 74 74|70 72 72 71
- Dropout (in FFN layers of S =Small
3 = Bace S/16/H71 77 79 81 82 80 80|76 79 80 79 79 77 77
Transformer)
L = Large B/321H63 70 73 75 76 75 T6 |69 74 71T Tl 18 T1 TI
. . o R26S 472 76 78 79 80 80 80|75 78 81 82 82 81 8l
Data Augmentation for ViT Original Paper: . .
279 | B/16/{70 76 79 79 81 80 80|76 79 81 82 83 82 82
models: '
_ 76.53 [.LJ161469 76 77 78 78 76 76|74 78 18 T8 19 TT T
- MixUp
R50LL470 75 76 77 77 76 76|75 78 T8 18 19 T1 TI
- RandAugment
tz 239N Ezese R
i n R < L
= e 2 2 3 |2 B g8 2 oz
—_— p— P P p— p— O D)
o o QU = = &

Steiner et al, “How to train your ViT? Data, Augmentation, .
and Regularization in Vision Transformers”, arXiv 2021 More augmentation



VIT vs CNN

In most CNNs (including
ResNets), decrease resolution
and increase channels as you
go deeper in the network
(Hierarchical architecture)

Stage 3:
256 x 14 x 14 | | S
. Useful since objects in images
= can occur at various scales
Stage 2: :
128 x 28 x 28 T
Stage 1: e
64 x 56 X 56 -
=
Input:

3x224 x 224




VIT vs CNN

Stage 3: 3x300v, 512
:2!5;65 X :1!41 X :]_Z1. 1h3ci§,52
=
Stage 2: s
128 x 28 x 28 T
Stage 1: e
64 x 56 x 56 —7
| 89 |
Input:
3x224x224 |

I ! I I

Layer Normalization

In most CNNs (including b
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VIT vs CNN
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Hierarchical ViT: Swin Transformer

SXHXW

Transformer
Block

Patch Partition

Divide image into 4x4
patches and project
to C dimensions

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021
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Hierarchical ViT: Swin Transformer
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Hierarchical ViT: Swin Transformer
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Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021



Hierarchical ViT: Swin Transformer
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Hierarchical ViT: Swin Transformer
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Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021
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Hierarchical ViT: Swin Transformer
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., EN =N =N =N = =
---#

Transformer
Block

Transformer
Block

Patch Merging

- - - - . .
-y .- o - - .

——————————

Merge 2x2 Merge 2x2
neighborhoods; neighborhoods;
now patches are now patches are

(effectively) 16x16 (effectively) 32x32



Hierarchical ViT: Swin Transformer

Problem: 224x224 image
with 56x56 grid of 4x4 H % 4 21C X H X 4 AC X
patches: attention matrix

has 564 = 9.8M entries
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to C dimensions now patches are now patches are now patches are
(effectively) 8x8 (effectively) 16x16 (effectively) 32x32

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021
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Swin Transtormer: Window Attention

With H x W grid of tokens, each attention
matrix is H2W? — quadratic in image size

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021



Swin Transtormer: Window Attention

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021

With H x W grid of tokens, each attention
matrix is H2W?2 — quadratic in image size

Rather than allowing each token to attend
to all other tokens, instead divide into
windows of M x M tokens (here M=4); only
compute attention within each window



Swin Transtormer: Window Attention

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021

With H x W grid of tokens, each attention
matrix is H2W? — quadratic in image size

Rather than allowing each token to attend
to all other tokens, instead divide into
windows of M x M tokens (here M=4); only
compute attention within each window

Total size of all attention matrices is now:
M4(H/M)(W/M) = M2HW

Linear in image size for fixed M!
Swin uses M=7 throughout the network



Swin Transformer: Window Attention

Problem: tokens only interact with other tokens within the same
window; no communication across windows

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021



Swin Transformer: Shifted Window Attention

ol

Ugly detail:
Non-square
RN windows at
edges and
corners

b5 i

Block L: Normal windows Block L+1: Shifted Windows

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021



Swin Transformer: Shifted Window Attention

Detail: Relative Positional Bias

ViT adds positional embedding to

input tokens, encodes absolute
position of each token in the image

A

Block L: Normal windows Block L+1: Shifted Windows

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021



Swin Transformer: Shifted Window Attention

111

A

Block L: Normal windows Block L+1: Shifted Windows

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021

Detail: Relative Positional Bias

ViT adds positional embedding to
input tokens, encodes absolute
position of each token in the image

Swin does not use positional
embeddings, instead encodes
relative position between patches
when computing attention:

Standard Attention:

A = Soft (QKT) %
= Softmax
VD
0,K,V: M? x D (Query, Key, Value)




Swin Transformer: Shifted Window Attention

111

A

Block L: Normal windows Block L+1: Shifted Windows

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021

Detail: Relative Positional Bias

ViT adds positional embedding to
input tokens, encodes absolute
position of each token in the image

Swin does not use positional
embeddings, instead encodes
relative position between patches
when computing attention:

Attention with relative bias:

A=3S ft (QKT B)V
= Softmax I

D
0,K,V: M? x D (Query, Key, Value)

B: M4 x M? (learned biases)




Swin Transtormer: Speed vs Accuracy

o-RegNetY -o-EffNet ViT+Distillation (DeiT)
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Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021
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Swin Transtormer: Speed vs Accuracy

o-RegNetY -o-EffNet -oViT+Distillation (DeiT) Swin

o0
o1

‘

o0
08

Bonus: Swin Transformer can also

be used as a backbone for object

detection, instance segmentation,
and semantic segmentation!
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Speed (ms/image on V100)

Liu et al, “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”, CVPR 2021

20



Other Hierarchical Vision Transformers

MVIT Swin-V2

X1
r ' B A,
.- D
Softmax M{‘P
; /:-\1 q kT Layer“NDrm
A\ | b U ® D\
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gl > Parameterized 1 l 1 Layer*Norm
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1 log we wk wv Layer Norm
Ax , Ay L k 1 = Atterltion
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Fan et al, “Multiscale Vision Liu et al, “Swin Transformer V2: Scaling

Transformers”, ICCV 2021 up Capacity and Resolution”, CVPR 2022

Improved MVIiT

‘Dog’ (‘Dog’, | I”2] ) ‘Running’
: T ;
MVIT MVIT FPN| mviT| [
UL
e 4 B
(a) Image classification (b) Object detection (c) Video recognition

Li et al, “Improved Multiscale Vision Transformers
for Classification and Detection”, arXiv 2021



Object Detection with Transtormers: DETR

Simple object detection pipeline: directly output a set of boxes from a Transformer
No anchors, no regression of box transforms

Match predicted boxes to GT boxes with bipartite matching; train to regress box coordinates

e — [ — transformer
CNN —» encoder-
| _— decoder

set of image features

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020



Object Detection with Transtormers: DETR

|

|

|

|

|
:\
E CNN —»
|

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020

transformer
encoder-
decoder




Object Detection with Transtormers: DETR

h- A — T — — — -

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020

transformer
encoder-
decoder




Object Detection with Transtormers: DETR

transformer
encoder-
decoder

backbone || encoder

T egEEeEg-

transformer
encoder

s O S R S —— —

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020



Object Detection with Transtormers: DETR

transformer
encoder-
decoder

ToOEn-

transformer
encoder

EEED | seba

s o das o o - s o o s Ea s s il G G G G R G B BN S S S S R S S S S R S L ——————————————————

transformer
decoder

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020



Object Detection with Transtormers: DETR

transformer
encoder-
decoder

I
r .

ToOEn-

FFN (| "°
, transformer ! transformer ' _ object |
" encoder r decoder | class
| | ’
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. nooog--0) d LN ] object
| oy object queries '
v s A o B it S s o S e i, i o i e I i e, i e b it o, o b vt ey s i g i Yt

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020



OWL-VIT:

|:| Object image embeddings
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OWL-VIT:
Given: image + free-text queries

Unlike traditional object detection models,
* not trained on labeled object datasets

* leverages multi-modal representations

» performs open-vocabulary detection.

/’

Query

Object image embeddings

Object box embeddings

embeddings

E

4 N\
Text
Transformer
encoder
\_ J

N\
Vision
Transformer L.
encoder
\ 4

A\

P

] |
J__,_,.-"'
g

| Linear projection |

IR

/3

J

MLP head

/7

Predicted

- N @

S -

0 —>'giraffe'
0 —>'"tree'

.1 —><no object>

classes/queries

TN

Set prediction
loss over objects
In an image.

J —>'giraffe'

Predicted boxes

>(x. , Y., ¥., h)

‘{x;' Yor Wy hﬂ}/
»(x,,

T3 31

Yyr Wi h'a,"'l

F{x-:’ Ygr Mg h;}

CLIP with a ViT-like Transformer as its backbone to get visual and text features.
- To use CLIP for object detection, OWL-ViT removes the final token pooling layer of
the vision model and attaches a lightweight classification and box head to each

transformer output token.

- Open-vocabulary classification is enabled by replacing the fixed classification layer
weights with the class-name embeddings obtained from the text model.



Examples:

¥ (4 output B

text_queries

car

score_threshold 0.05

Clear Submit



Examples:

4 output L <

text_queries

red car

score_threshold 0.1

Clear Submit



Examples:

o 4 output * e

text_queries

A car crash

score_threshold 0.1

Clear Submit



Examples:

text_queries

sand on the highway

score_threshold 0.04

Clear Submit



text_queries

empty bottle, green napkin, red plate
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