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Core idea

« Hierarchical representation.
« Shifting window scheme.

« Add cross-window connection



[ssues to adapt transformer from NLP to
Computer Vision

- Fixed-scaled token.

 Higher resolution of images than words.



Improvements over ViT

Balloon




Comparison ViT vs Swin

b segmentation
classification classification detection ..
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Low Latency

T
* Attention(Q,K,V) = softmax (%) /4

 All query uses same key set.



Overall architecture
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(a) Architecture



Patch Partitioning and Linear Embedding

Input

Dimension = 48
4x4x3=48
(3 Channels)

Hidden
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Linear Embedding Layer

Dimension = C

C is the channel number of the hidden layers in the first stage



Swin Transformer Block

* The block is composed of

2 Pe— | : 2”1694— ‘: « MSA (Multi-head self-attention)
1 1
| MLP ; E MLP : - layer normalization (LN)
: i g | B 1 : - 2-layer MLP (Multi-layer perceptron)
. | LN AR LN :
N : : A : - Serves as the computational
2 e ] 2P backbone.
1

E w-MsA| | 1 | ' [sw-MsA E

1
]|
| IN V] IN :
\ zz‘l% ; \ zlA :

10



Shifted window based self-attention

« For MXM patches, computational complexity of a global MSA module and
a window based one on the hxw patches are:
Q(MSA) = 4hw(C? + 2(hw)?C
QW — MSA) = 4hw(C? + 2M*hw(C

» Fixed M means linear computation time.

* Previous W-MSA method had no connections among windows, which
limits the power.
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Layer I __ Layer 1+l

A

A local window to
perform self-attention

A patch

 First module split into 2x2 I&vir&dows, then in the next module the

windows are displaced by b,; ;

2t =W — MSA(LN(2""1)) + 2=, 2" = MLP (LN(2Y)) + 2,
211 = SW — MSA (LN(zl)) +z!,z1*1 = MLP (LN(z"l“)) + 211,

where 2! and z! are the output features.
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- B
window partition Cl A
cyclic shift
5 __ /masked, A ¢
MSA
B B
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reverse cyclic shift



Self-Attention

: QKT
. Attention(Q,K,V) = softmax (W -+ B) 1%

- Q,K,V e RM “xd gre the query, key and value matrices, d is the query/key
dimension and M? is the number of patches in a window.

* B is relative position bias.

. B e REM-Dx(2M-1)

14



Patch Merging
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(a) Architecture




Some architecture variants

« Swin-T, Swin-S and Swin-L, which are versions of about 0.25, 0.5 and 2 the
model size and computational complexity, respectively. M=7, d =32
expansion layer of each MLP is a=4

* Swin-T: C = 96, layer numbers ={2, 2, 6, 2}

» Swin-S: C = 96, layer numbers ={2, 2, 18, 2}

» Swin-B: C = 128, layer numbers ={2, 2, 18, 2}
» Swin-L: C =192, layer numbers ={2, 2, 18, 2}
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(a) Regular ImageNet-1K trained models

method in:age #param. FLOPs throughp ‘ft [magENef

ImageNet hth; (image / s)|top-1 acc.
RegNetY-4G [18] 224 2IM  4.0G 1156.7 80.0
RegNetY-8G [15] 2242 39M  8.0G  591.6 81.7
RegNetY-16G [18][ 2242 84M  16.0G  334.7 82.9
EffNet-B3 [55] [3007 12M  1.8G  732.1 81.6
EffNet-B4 [55] [380% 19M 4.2G 3494 82.9
EffNet-B5 [58] |456% 30M  9.9G  169.] 83.6
EffNet-B6 [55] |5282 43M  19.0G  96.9 84.0
EffNet-B7 [58] [ 6002 66M 37.0G  55.1 84.3
ViT-B/16 [20] [3847 86M 554G 859 77.9
ViT-L/16 [20] [ 3842 307M 190.7G  27.3 76.5
DeiT-S [63] [2242 22M  4.6G 9404 79.8
DeiT-B [63] [2242 86M 17.5G 2923 $1.8
DeiT-B [63] [384%2 86M 554G  85.9 $3.1
Swin-T 224 29M 4.5G 7552 81.3
Swin-S 2242 50M  8.7G 4369 83.0
Swin-B 224> 88M 154G  278.1 83.5
Swin-B 3842 88M 47.0G  84.7 84.5
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(b) ImageNet-22K pre-trained models

method il #param. FLOPs thrpughp o P

s1ze (1mage / s)|top-1 acc.
R-101x3 [3%] |384% 388M 204.6G - 84.4
R-152x4 [38] [480% 937M 840.5G - 85.4
ViT-B/16 [20] [384% 86M 554G  85.9 84.0
ViT-L/16 [20] [384% 307M 190.7G  27.3 852
Swin-B 224° 88M 154G  278.1 85.2
Swin-B 3842 88M 47.0G  84.7 86.4

Swin-L

3842 197M 103.9G

42.1

87.3
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Object Detection on COCO

(a) Various frameworks

Method  Backbone|AP™* APX® APYS* [#param. FLOPs FPS
Cascade R-50 [46.3 64.3 50.5| 82M 739G 18.0
Mask R-CNN  Swin-T | 50.5 69.3 549 | 86M 745G 135.3
ATSS R-50 [43.5 61.9 47.0| 32M 205G 28.3
Swin-T | 47.2 66.5 51.3| 36M 215G 22.3

RepPointsV? R-50 [146.5 64.6 50.3| 42M 274G 13.6
~ Swin-T | 50.0 68.5 54.2 | 45M 283G 12.0

Sparse R-50 [44.5 634 48.2| 106M 166G 21.0
R-CNN Swin-T | 47.9 67.3 52.3| [10M 172G 18.4
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(b) Various backbones w. Cascade Mask R-CNN
AP™* AP2* APSY"

mask mask mask
e A gk

paramFLOPs FPS

DeiT-S'
R50
Swin-T

48.0
46.3
50.5

67.2
64.3
69.3

=1 I
a5
54.9

414
40.1
43.7

64.2
61.7
66.6

44.3
43.4
47.1

S8OM 889G 10.4
82M 739G 18.0
86M 745G 15.3

X101-32
Swin-S

48.1
51.8

66.5
70.4

524
56.3

41.6
44.7

63.9
67.9

45.2
48.5

[0IM 819G 12.8
[07M 838G 12.0

X101-64
Swin-B

48.3
51.9

66.4
70.9

J2.3
56.5

41.7
45.0

64.0
68.4

45.1
48.7

[40M 972G 104
[45M 982G 11.6

20



(¢) System-level Comparison
mini-val test-dev

Method APbox A pmask| A pbox A pmask #param. FLOPs
RepPointsV2* [ 1 2] - - 52.1 - - -
GCNet* [7] 51.8 4477 [ 523 454 - 1041G
RelationNet++* [ | 3]| - - 327 - - -
SpineNet-190 [21] | 52.6 - >2.8 - [64M [885G
ResNeSt-200* [78] | 52.5 - 53.3 47.1 - -
EfficientDet-D7 [59]| 54.4 - 55.1 - 7TM 410G
DetectoRS* [46] - - 55.7 48.5 - -
YOLOv4 P7* [4] - . 55.8 - - -
Copy-paste [26] [ 35.9 47.2 |56.0 474 | I8M 1440G

X101-64 (HTC++) | 52.3 46.0 I55M 1033G

Swin-B (HTC++) | 56.4 49.1 - - [60M 1043G
Swin-L (HTC++) | 57.1 495 |57.7 50.2 | 284M 1470G
Swin-L (HTC++)* | 58.0 50.4 | 58.7 351.1 | 284M -




Semantic Segmentation on ADE20K

ADE20K
Method Backbone

val

test

mloU score

#param. FLOPs FPS

DANet [23] ResNet-101 [ 452 - | 6OM 1119G 15.2
DLab.v3+[11] ResNet-101 |44.1 - | 63M 1021G 16.0
ACNet [24] ResNet-101 | 45.9 38.5| -

DNL[7!] ResNet-101 | 46.0 56.2| 69M 1249G 14.8
OCRNet [73] ResNet-101 | 453 56.0| 56M 923G 19.3
UperNet [69] ResNet-101 | 449 - | 8M 1029G 20.1
OCRNet [72] HRNet-w48 [ 457 - [ 7IM 664G 12.5
DLab.v3+[11] ResNeSt-101| 46.9 55.1| 66M 1051G 11.9
DLab.v3+[11] ResNeSt-200| 484 - | 8M 1381G 8.1
SETR [%1] T-Large* | 50.3 61.7 | 308M - -

UperNet DeiT-ST [440 - | 52M 1099G 16.2

UperNet Swin-T 46.1 - 60M 945G 18.5

UperNet Swin-S 493 - 8IM 1038G 15.2

UperNet Swin-B¥ | 51.6 - | 12IM 1841G 8.7

UperNet Swin-L¥ | 53.5 62.8 | 234M

3230G 6.2
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Ablation Discussion

ImageNet COCO ADE20k
top-1 top-5 | AP™* AP™* | mloU
w/o shifting 80.2 95.1 | 47.7 41.5 43.3
shifted windows | 81.3 95.6 | 50.5 43.7 46.1
no pos. 80.1 949 | 49.2 42,6 43.8
abs. pos. 80.5 952 | 490 424 43.2
abs.+rel. pos. 81.3 956 | 50.2 434 44.0
rel. pos. w/oapp. | 79.3 94.7 | 48.2 41.9 441
rel. pos. 81.3 95.6 | 50.5 43.7 46.1
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—r MSA 1n a stage (ms) | Arch. (FPS)

SI  S2 S3 S4, T S B

sliding window (naive) [122.5 38.3 12.1 7.6[183 109 77

sliding window (kernel) | 7.6 4.7 2.7 1.8[488 283 187

Performer [ | ] 48 2.8 1.8 1.5|638 370 241

window (w/o shifting) | 2.8 1.7 1.2 0.9|770 444 280

shifted window (padding)| 3.3 2.3 1.9 2.2(670 371 236
3.0

shifted window (cyclic)

1.9

1.3 1.0

755 437 278
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Conclusion

 Hierarchical feature representation.
 Linear computational complexity.

+ Can achieve state-of-the-art performance on object detection and
semantic segmentation.
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