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By Ze Liu*, Yutong Lin* Yue Cao* Han Hu*, Yixuan Wei, Zheng Zhang, Stephen Lin and Baining Guo.

This repo is the official implementation of "Swin Transformer: Hierarchical Vision Transformer using Shifted Windows".
It currently includes code and models for the following tasks:

Image Classification: Included in this repo. See get_started.md for a quick start.

Object Detection and Instance Segmentation: See Swin Transformer for Object Detection.
Semantic Segmentation: See Swin Transformer for Semantic Segmentation.

Video Action Recognition: See Video Swin Transformer.

Semi-Supervised Object Detection: See Soft Teacher.

SSL: Contrasitive Learning: See Transformer-SSL.

& SSL: Masked Image Modeling: See SimMIM.



Swin Transformer

Abstract

» Hierarchical Transformer whose representation is computed with Shifted windows.

» The shifted windowing scheme brings greater efficiency by limiting self-attention computation to non-overlapping local
windows while also allowing for cross-window connection.

» This hierarchical architecture has the flexibility to model at various scales and has linear computational complexity with
respect to image size.

* Image classification (87.3 top-1 accuracy on ImageNet-1K) and dense prediction tasks such as object detection (58.7 box AP
and 51.1 mask AP on COCO testdev) and semantic segmentation (53.5 mloU on ADE20K val).

* |ts performance surpasses the previous SOTA by a large margin of +2.7 box AP and +2.6 mask AP on COCO, and +3.2 mloU
on ADE20K, demonstrating the potential of Transformer-based models as vision backbones.

* The hierarchical design and the shifted window approach also prove beneficial for all-MLP architectures
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SWi n Tra nSfo rmer * %Query | | | |Receptive Field ®®@® Deformed Point

ViT (Vision Transformer) : An Image is Worth 16x16 Words
(ICLR2021)

The Drawback 1 : Fixed Scale

* Unlike the word tokens, visual elements can vary in scale

*  However, tokens in ViT are all of a fixed scale which is not suitable
for vision applications.

(b) Missing labels due to small object size

* Low accuracy DCN

[Ref] Vision Transformer with [Ref] Learning Deconvolution
Deformable Attention (DAT) Network for Semantic Segmentation
classification

T
P _ /
The Drawback 2 : Computational Cost //// ﬁsx
£ zis

* ViT architecture conduct only global self-attention /

. Thfa glopal computatlon leads to quadratic complexity with respect e 6%
to input image size. P = =

L

(b) ViT 6

+ Require high FLOPs machine QMSA) = 4hwC? 4 2(hw)*C




Swin Transformer

Swin Transformer

h,w : # of patch size in x-y axis
M : size of local window

Q(W-MSA) = 4hwC? + 2M?*hwC.  Q(MSA) = 4hwC? + 2(hw)*C,

segmentation . .
classification  detection ... ClaSSlflcatIOH
T A
Hierarchical Feature Map (key : Patch Merging Y4 - Ly /
«  Start from small-size patches - 16 //7 : /@(
T oy A = i
* Gradually merging neighboring patches as forwarded — -
» Various size of receptive fields are adopted indirectly LT A AR /_/;_// 16
eving L .4
« Achieving high accuracy Lo £ e
W= e e 4 Y
i 1 Lt 2,
W) 3 —717’7 -
M Le y
(a) Swin Transformer (ours) (b)yiT
Local Window Self-attention (Key : Shift window based MSA) Figure 1. (a) The proposed Swin Transformer builds hierarchical feature
_ o ] i maps by merging image patches (shown in gray) in deeper layers and
« Compute self-attention locally only within non-overlapping window has linear computation complexity to input image size due to
«  The complexity becomes linear to image size computation of self-attention only within each local window (shown

in red). It can thus serve as a general-purpose backbone for both image
classification and dense recognition tasks. (b) In contrast, previous vision
Transformers [20] produce feature maps of a single low resolution and
have quadratic computation complexity to input image size due to
computation of self attention globally.

» Achieving lower FLOPs to train and infer

v



Swin Transformer

Introduction
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Swin Transformer

Introduction

Key Design Element :

Layer | Layer I+1 Shifted windows [({eJJeR)!

‘ | T el Shift of the window partition between consecutive self-attention
|
|

"N da | _ | | A local window to » The shifted windows bridge the windows of the preceding layer,
} ; - o sl |perform self-attention providing connections among them that significantly enhance
> | modeling power (see Table 4).
A patch » Efficient in regards to real-world latency: all query patches within a
‘ ] : window share the same key set, which facilitates memory access
B | = in hardware.
Figure 2. An illustration of the shifted window approach for com- _— . _
puting self-attention in the proposed Swin Transformer architec- (Convent'onal)
ture. In layer [ (left), a regular window partitioning scheme is » sliding window based self-attention approaches [33, 50] suffer from
adopted, and self-attention is computed within each window. In low latency on general hardware due to different key sets for
the next layer [ + 1 (right), the window partitioning is shifted, re- different query pixels.

sulting in new windows. The self-attention computation in the new
windows crosses the boundaries of the previous windows in layer
[, providing connections among them.

*  WindowZE LI50A AttE =3otH ZH window?| A 2K pixel
E2 o1™sl Y20 self-attention AAH0| $HE|X| L=0|, 0|1
2|5 window 37|2] MUIDIE shiftot0] H|=gt AAS $~ESHTt

(a) Full n? attention (b) Sliding window attention (c) Dilated sliding window (d) Global+sliding window

Figure 2: Comparing the full self-attention pattern and the configuration of attention patterns in our Longformer.
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Related Work

» Primary backbone architectures for computer vison application

* AlexNet, VGG, GoogleNet, ResNet, DensNet, HRNet, EfficientNet

* Improve individual convolution layers : depthwise convolution,
deformable convolution

» We highlight the strong potential of transformer-like
architecture for unified modeling between vision and language.

Self-attention based backbone architectures

+ Some works employ self-attention layers to replace some or all of
the spatial convolution layers in ResNet.

* Hanetal. (ICCV2019) compute self-attention within a local
window of each pixel to expedite optimization [33],

v Slightly better accuracy/FLOPs trade-offs than ResNet
architecture.

v However, their costly memory access causes their actual
latency. Instead of using sliding windows,

» We propose to shift windows between consecutive layers,
which allows for a more efficient implementation in general
hardware.

Self-attention/Transformer to complement CNNs

Some work is to augment a standard CNN architecture with self-
attention layers or Transformers.

The self-attention layers can complement backbones or head
networks by providing the capability to encode distant
dependencies or heterogeneous interactions.

More recently, the encoder-decoder design in Transformer has
been applied for the object detection and instance segmentation
tasks.

Our work explores the adaptation of Transformers for basic
visual feature extraction and is complementary to these works

10
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Swin Transformer TTR

—>a

Deformable Convolution « : d i i . e
(a) (b) (c) (d)

Classification Bounding-Box Regression Classification

(a) Conventional Convolution, (b) Deformable Convolution, (c) Special Case of
Feature
\/——""—_" Mimicking "\*-—T

Deformable Convolution with Scaling, (d) Special Case of Deformable Convolution
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with Rotation

1024-D 1024-D
fully-connected fully-connected
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egions
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I ature m
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” . L F 5 2= pEbin(i,f)
o Crop ~Say B T~
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Figure 3. Network training with R-CNN feature mimicking.

> x(po+p+Api)/ni;

pEbin(i,j)

y(i.j) =

where Ap;; is generated by a sibling fc branch

X. Zhu et al., “Deformable ConvNets v2: More

Deformable, Better Results”, CVPR, 2019 Apij = v - Apij o (w. h)

input feature map output roi feature map

deformable Rol Pooling



Self-Attention based backbone architectures

softmax

values

——— matrix multiplication
----- learned transform

Figure 3: An example of a local attention layer over spatial
extent of k = 3.

Figure 4: An example of relative
distance computation. The rela-
tive distances are computed with

-1,-1| -1,0 | -1,1 | 1,2

0,11 0,0| 0,1 | 0,2 respect to the position of the high-
lighted pixel. The format of dis-
1,110 1,1 ] 1,2 tances is row offset, column offset.

2-1| 2,0 2,1 2,2

P. Ramachandran et al., “Stand-Alone Self-Attention in Vision
Models”, NIPS, 2019

Swin Transformer

| vacresa |

| vacres | [ |7x7LR(8).64a|

| 7x7 LR (8), 64a l
7x7 LR (8), 64 (s=2) | 7x7 LR (8), 64a

1x1 CT, 256

(a) entry layers (b) bottleneck block (c) basic block

Ix1
S — A—
CxHxW CxHxW
Output Feature Aggregation Feature - =%, ,

For each Spatial Position

————————————————————————————— -
' y

) \
| s sy —— (Cregsion )
I C x kx
I ! ) Aggredation Weights :
! e === 1
I C/mx k xk . I
: Appearance gomposablhty 1

1
1 1
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1 . : - 1
\ — 3 2=
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b e T I 1 P RN S T o g
. 2 .
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; C x Hx W C/mx Hx W mx C/m*x Hx W
Ge?metrly P 2 o %ﬂé‘y Map uery Map Feature Map
__—/)&’IOI 2 x Lu?IT 4
2xkxk 11 CxHxW Identity
Position Input Feature

Figure 2. The local relation layer.

H. Hu et al., “Local Relation Networks for Image Recognition”, ICCV]2019
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Self-Attention/Transformers to complement CNNs

3 skl DekeTabie Multi-scale Feature Maps Bounding Box Predictions
Self-Attention in Encoder
Posmon Attention Module
(HxW)x(wa) T -——p» Multi-scale Deformable

Cross-Attention in Decoder

‘ convolution layer

ﬁ Spatial attention matrix iCxHxW

—_—

]

]

]

¥
—
=,
=

CxC

-
|
|
|
I ]
| b= 'I- S
CxHxW — Transformer | ) D |
Self-Attention in Decoder \ 1 |
reshape reshape I v | RN I
| 1
CxHxW : :...:_-_.).qn |
o Image Feature Maps : ' l
ResNet , , ~ Sum fusion—> g P : ! I 'J:l |:| |
‘ | : J . xid |
" 1
reshape reshaEe | - I_ HE. _)I D D |
» : 7 |
' | |
i |
M|
- |
rer|

e o — — — — —

E Channel attention matrix 1
Channel Attention Module

S A A S RPN |

H I Decoder
Encoder| l I:I D

"
Spatial matrix operation Channel matrix operation ) Matrix multiplication €D Element-wise Sum e ; L o e s e s S
Image Object Queries

Figure 2: An overview of the Dual Attention Network. (Best viewed in color)

Figure 1: Illustration of the proposed Deformable DETR object detector.

J. Fu et al., “Dual Attention Network for Scene Segmentation”, CVPR, X. Zhu et al., “Deformable DETR: Deformable Transformers for End-to-End
2019 Object Detection”, ICLR 2021
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Swin Transformer

Related Work

Transformer based vision backbones|

. Vision transformer (ViT) » Find our Swin Transformer architecture to achieve the best speed

, . _ . accuracy trade-off
v Directly applies a Transformer architecture on nonoverlapping

medium-sized image patches for image classification. Build multi-resolution feature maps on Transformers but
] ] o complexity is linear (not quadratic to image size) and operates
v' Achieves a speed-accuracy tradeoff on image classification locally

compared to convolutional networks.
v' Requires large-scale training datasets (i.e., JFT-300M)
+ DeiT [63] introduces several training strategies that allow ViT to
also be effective using the smaller ImageNet-1K dataset.

* Unsuitable to a general-purpose backbone network on dense vision
tasks or high resolution of input image, due to its low-resolution
feature maps and the quadratic increase in complexity with
image size.

14



Swin Transformer

3.1 Overall Architecture

H W H W H W H W H W ’ s LI
TX T x48 Rt X5 %20 16 X 1g X4C 3 Kogg XBU ' 2 P VL e ‘:
— B W W ML WS W R e e . e e o e 1 1
. Stage 1 v’ Stage 2 v Stage 3 % o Stage 4 i V| ML ' : MLP '
! 1 oy L = ' ! ' ) !
1 %0 N I: 4 N i 3 . X ! : |
=l ' |8 o Y 11 || e 1 ' IN I LN !
HxWx3 2], |3 e L N O - | B sl I AN I By el
£l |2 Swin i E Swin | 5 Swin 1 B Swin 1 Vg P | e '
Images [ £ —> rg Transformer -:+)' 2. | Transformer -:-?' = [P Transformer -rvo»| = Transformer 9> ' vl :
CSIERE Block |1t "‘:B Block |4 § Block |1 ﬁ Block |, | WMSA vl lwemsal |
1 L L | = il = 1 ! ol !
SRR E: HE - - o : ! 4 vl 0 :
I 1 1 1
1 1! A’ : 1 = : " ) : : L‘N : ! LN :
P X _2_-’1 Y =k o n x_2_-‘, S >£6___, R o < >i2.-—' v z-1 K " 2 K
Fig 3. (a) The architecture of a Swin Transformer (Swin-T (Tiny version)
Patch Merging Swin Transformer Block
» For implementing hierarchical feature map * For implementing Local window
» Various receptive filed + Shift window based MSA(Multi-head Self-Attention)

15



Swin Transformer

3.1 Overall Architecture

H W H, W H W H, W H W
TXTX48 TXTXC ?XTXZC EXEXZLC ﬁXEXSC
i Stage 2 ' r Stage 4 _ﬁ
() N\ ( 2 r \
A E 2 2 2
HxWx3 =1 I b~ . 5 i 'S o Eb o Fig 3. (a) The architecture of a Swin
4,: 1 SEy SWIIN 5] SWIIN 3) SWIIn s SWIIN Transformer S -n_T T-n erS'On
Images [Hp{ £ P E | Transformer AP = P Transformer =P = P Transformer P = [ Transformer H> (Swin-T (Tiny version)
SIERE Block "‘:3 Block ﬁ, Block @ Block
= Q 3] < <
=V I | = -~ (=W o
1 —_ \_ Y.
l\\ X2
1) Patch Partition : 4x4 non-overlapping patches. 1) Patch Merging : Reduce the token number
(Dimension 4x4x3 = 48) « Concatenate the features of each group of 2x2 neighboring patches
+ Each patch is treated as a “token” and its feature is set « Apply a linear layer on 4C-dim concatenated features.
as a concatenation of the raw pixel RGB values. . o H w
) . _ 2) Swin Transformer : Maintain token number (= x —)
2) Linear Embedding : Apply on this raw-valued feature to & 8
project it to an arbitrary dimension (denoted as C). Stage 3-4 : Repeated twice with output resolution (1% N 1%), (3% X 3%)
3) Swin Transformer on these patch tokens : Maintain the : . . . ,
Jointly produce a hierarchical representation, with the same feature map

tok ber & xZ
oken number (4 4) resolution as those of typical CNN (VGG, ResNet) 16



Swin Transformer

3.1 Overall Architecture

N e A
" Me \ Ve \ Swin Transformer Block
1 Z NA 1 » z NV 1
: ! I : * Replace the standard multi-head self attention (MSA) module in a
i | MLP v |y LMEP l Transformer block by a module based on shifted windows (described
: A X : A : in Section 3.2), with other layers kept the same.
v L IN Cl ! LN : « Consists of a shifted window based MSA modaule, followed by a 2-
! f‘\\ vl rA\ : layer MLP with GELU nonlinearity in between.
Al < | BN SS | &
AN N e : « AlLayerNorm (LN) layer is applied before each MSA module and each
1 1 ' ! MLP, and a residual connection is applied after each module.
: W-MSA 1 ¢ [SW-MSA :
v 1 4 !
Vo S B S :
v 1] P I
\___‘____w P R

Fig 3. (b) Two successive Swin
Transformer Blocks (notation
presented with Eq. (3)). W-MSA and
SW-MSA are multi-head self attention
modules with regular and shifted
windowing configurations, respectively

17



Patch Merging

HxWx3

Images

Swin Transformer

Patch Partition

Transformer
Block

Transformer
Block

Transformer
Block

Transformer
Block

Patch Merging

Patch Merging

- -

Concat

ll 2C
8

4C

OQOW

Linear -
4 Projection

18




P I e

Swin Transformer Block
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Swin Transformer
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Swin Transformer

Swin Transformer Block

-MSA (Window based Multi Self Attention)

» lacks connections across window

PR RN

L

\__ﬁ____l
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Swin Transformer

Swin Transformer Block

SW-MSA (Shifted Window Multi Self Attention)

» The shifted window partitioning approach introduce connections
between neighboring non-overlapping windows

Y S : + Efficient batch computation makes the computation efficient
zH'l\_J‘ N

- am m o E o e E o e e s o m Es wm oam wm owm
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Swin Transformer

Swin Transformer Block

SW-MSA (Shifted Window Multi Self Attention)

» The shifted window partitioning approach introduce connections
between neighboring non-overlapping windows

Y S : + Efficient batch computation makes the computation efficient
zH'l\_J‘ N




Swin Transformer

Swin Transformer Block

SW-MSA (Shifted Window Multi Self Attention)

» The shifted window partitioning approach introduce connections
between neighboring non-overlapping windows

Y S : + Efficient batch computation makes the computation efficient
zH'l\_J‘ N

- am m o E o e E o e e s o m Es wm oam wm owm
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Swin Transformer

Swin Transformer Block

SW-MSA (Shifted Window Multi Self Attention) ({ZeJ3})]

* A window may be composed of several sub-windows that are not adjacent in feature map
* Masking mechanism is employed to limit self-attention computation only within adjacent feature map.

—--P----'.

:’ 1) ‘:

: : Mask
X ' » Attention Window 2

: i

] - =

: : T Y =i -100
' : Attention | Attention [ERNG OKT op #
: ! — | g adjacent

] i :

: : -100

1 ' /

- i Attention Window 4 Vi

Not adjacent

WEN adjacent patches

No mask !!
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Swin Transformer

3.2 Shifted Window based Self-Attention

Shifted window partitioning in successive blocks|

Standard Transformer architecture

* Global self-attention : Relationship between a token and all other | \yindow-based self-attention : Lack connections across windows
tokens are computed . .
— Cross-window connections
_ o _ o — A shifted window partitioning approach which alternates between
* Unsuitable to dense prediction or high-resolution image two partitioning configurations in consecutive Swin Transformer

* Lead to quadratic complexity on the token number

blocks
Self-attention in non-overlapped windows
Layer | Layer 1+1
* Suppose that each window contains M x M patches
* The computational complexity of a global MSA module and a A local window to
window based one (W-MSA) on an image of h X w patches are perform self-attention
—
Quadratic to patch number hw D E tokenl}Q| attention A|At A;Ch
N
Q(MSA) = 4hwC? 4 2(hw)*C, (1)
Q(W—MSA) = 4th’2 + 2]\’12]111,‘0, (2) For W-MSA For SW-MSA
\ Regular window partition : Shifted window partition of the
Linear when M is fixed (Default 7) 8x8 feature map that is preceding layer, by displacing the
_ _ partitioned into 2x2 windows  windows by (|2, |2 pixels from the
Window L{0{|A{ self-attention of size 4x4 (M=4) lzJ lzJ >5

regular window partition.



3.2 Shifted Window based Self-Attention

Computational Complexity Comparison

Image Size: 64 x 64
Token Size: 4 x 4

ViT

Swin-Transformer

[Z17] http://iislab.skku.edu/iish/seminar/51100

Swin Transformer

1 Self-Attention
16 x 16 tokens per SA

4 x 4 Self-Attention
4 x 4 tokens per SA

Computational Complexity of Self-Attention:
0(n*d)
n: Sequence length
d: Embedding dimension

0(n?d) « (16 - 16) 2d
= 2164

On?d) - 4-4x(4-4)%d-4-4
= 2124
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Swin Transformer

3.2 Shifted Window based Self-Attention

Shifted window partitioning in successive blocks Efficient batch computation for shifted configuration

R PR, R SIS » Cyclic-shifting toward the top-left direction
C i
e || ] | '  [masked] | ATEeED
' bl ' W-MSA, SW-MSA : Window - MSA
v |OIN vl IN ' based multi-head self-attention - B : B B
' ) : X ) : using regular and shifted window masked -l
E i (Pe— 1 | | @D« 1 partitioning configurations. window partition ol “| MSA C A
. V! | cyclic shift reverse cyclic shift
1 |W-MSA V|, [SWAMSA| |
VA Ll |
) - X ' . ' Figure 4. lllustration of an efficient batch computation approach for self-
X X ! : attention in shifted window partitioning.
v oghl ) ! L '
\
\___|____o L .

» After this shift, a batched window may be composed of several sub-
windows that are not adjacent in the feature map, so a masking
mechanism is employed to limit self-attention computation to
within each sub-window.

» Compute consecutive Swin Transformer blocks

2! = W-MSA (LN (z!71)) + 2",

l < 2}
z =MLP (LN (2)) + 2, «  With the cyclic-shift, the number of batched windows remains the
7+l — SW-MSA (LN (zl)) gl same as that of regular window partitioning.
z't1 = MLP (LN (2'+1)) + 21, (3)
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Swin Transformer

3.2 Shifted Window based Self-Attention

Relative position bias

In computing self-attention, include a relative position bias B €
RM**M* t5 each head in computing similarity

Attention(Q, K, V) = SoftMax(QK™ /v/d + B)V, (4)

where Q, K,V € RM**d are the query, key and value ma-
trices; d is the query/kky dimension, and M? is the number
of patches in a window. Since the relative position along
each axis lies in the range [—M + 1, M — 1], we parameter-
ize a smaller-sized bias matrix B € R(”’I_I)X(M‘I_l), and
values in B are taken from B.

7|Z&0]| position embeddmgo MIYE t E JY 4ol £ =20A
= SUZEE Holiz= A0l o E2 Y OIE'—tIi I1IAI°FEF

% Ablation Study : Shifted windows, Relative position bias

ImageNet COCO ADE20k

top-1 top-5 | AP*™ AP™k | mloU

w/o shifting 80.2 95.1 | 47.7 415 43.3

— shifted windows | 81.3 95.6 | 50.5 43.7 46.1

no pos. 80.1 949 | 492 426 43.8

abs. pos. 80.5 952 | 49.0 424 43.2

abs.+rel. pos. 81.3 956 | 502 434 44.0

rel. pos. w/oapp. | 79.3 947 | 48.2 419 44.1

— rel. pos. 81.3 95.6 | 50.5 43.7 46.1
Table 4. Ablation study on the shifted windows approach and dif-
ferent position embedding methods on three benchmarks, using
the Swin-T architecture. w/o shifting: all self-attention modules
adopt regular window partitioning, without shifting; abs. pos.: ab-
solute position embedding term of ViT; rel. pos.: the default set-
tings with an additional relative position bias term (see Eq. (4));

app.: the first scaled dot-product term in Eq. (4).

* Adding absolute position embedding to the input as in [20] drops
performance slightly.

» Relative position bias in pre-training can be also used to initialize a
model for fine-tuning with a different window size through bi-cubic

interpolation
28



% Ablation Study : Different self-attention methods

Swin Transformer

3.2 Shifted Window based Self-Attention

method MSA in a stage (ms)| Arch. (FPS) ImageNet COCO . ADE20k
SI S22 S3 S4/ T S B Backbone|top-1 top-3|AP™™ AP™¥| mloU
sliding window (naive) |[122.5 38.3 12.1 7.6[183 109 77 sliding window| Swin-T |81.4 95.6| 50.2 43.5 45.8
sliding window (kernel) | 7.6 4.7 2.7 1.8|488 283 187 Performer [14]| Swin-T |79.0 942 - - -
Performer [ | ] 48 2.8 1.8 1.5/638 370 241 shifted window| Swin-T |81.3 95.6|50.5 43.7 | 46.1
window (w/o shifting) | 2.8 1.7 1.2 0.9|770 444 280 Table 6. Accuracy of Swin Transformer using different methods
shifted window (padding)| 3.3 2.3 1.9 2.2[670 371 236 for self-attention computation on three benchmarks.
shifted window (cyclic) | 3.0 1.9 1.3 1.0|755 437 278

Table 5. Real speed of different self-attention computation meth-

ods and implementations on a V100 GPU.
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Swin Transformer

3.3 Architecture Variants

* Swin-B : Base model, model size and computation complexity
similar to ViT-B/DeiT-B

Swin-T: C' = 96, layer numbers = {2,2,.6,2}  0.25x  ResNet-50 (DeiT-S)

Swin-S: C' = 96, layer numbers ={2,2,18,2}  0.5x ResNet-101

Swin-B: C' = 128, layer numbers ={2,2, 18,2} 1.0x

Swin-L: C' = 192, layer numbers ={2,2, 18,2} 2.0x
v" Window size : M=7 by default

v Query dimension of each head d=32, Expansion layer of each MLP
a=4 for all experiments

v' C : Channel number of the hidden layers in the first stage
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Detailed Architecture

* Assume 224x224 image size

+ ‘“concat 4x4” : concatenation of nxn neighboring features in a patch. This operation results in a downsampling of the feature map by a rate of n.

+  “06-d” : Alinear layer with an output dimension of 96

Swin Transformer

“win. sz. 7x7” : A multi-head self-attention module with window size of 7x7

g Swin-T Swin-S Swin-B Swin-L
(output size)
concat 4x4, 96-d, LN concat 4 x4, 96-d, LN concat 4x4, 128-d, LN concat 4 x4, 192-d, LN
4x y ) 8 8
stage | (5656) win. sz. 7x7, a5 win. sz. 7x7, “n win. sz. 7x7, % 2 win. sz. 7x7, =
T dim 96, head 3 - dim 96, head 3 - dim 128, head 4 dim 192, head 6 -
concat 2x2, 192-d, LN | concat 2x2,192-d, LN concat 2x2, 256-d , LN concat 2x2, 384-d , LN
stage 2 8x win. sz. 7x7 win. sz. 7x7 win. sz. 7x7 win. sz. 7x7
e (28x28) e U ¥l 52 it * %2 g | 2 i e g . 5P
dim 192, head 6 dim 192, head 6 dim 256, head 8 dim 384, head 12
concat 2x2,384-d . LN | concat 2x2,384-d., LN concat 2x2.512-d . LN concat 2x2, 768-d . LN
stage 3 (131(::;4) win. sz. 7x7, < 6 win. sz. 7x7, < 18 win. sz. 7x7, < 18 win. sz. 7x7, < 18
_dim 384, head 12_ _dim 384, head 12_ _dim 512, head 16] _dim 768, head 24_
concat 2x2,768-d , LN | concat 2x2,768-d . LN | concat2x2, 1024-d ., LN | concat 2x2, 1536-d, LN
32x : : - -
stage 4 win. sz. 7x7, win. sz. 7x7, win. sz. 7x7, win. sz. 7x7,
(7x7) ) X 2 . X 2 . X 2 . X 2
| dim 768, head 24_ dim 768, head 24 dim 1024, head 32 | dim 1536, head 48

Table 7. Detailed architecture specifications.




(a) Regular ImageNet-1K trained models
method .~ #param. FLOPs .
size (image / s)|top-1 acc.
RegNetY-4G [15] [ 2247 2IM  4.0G  1156.7 80.0
RegNetY-8G [15] [ 2242 39M  8.0G 3591.6 81.7
RegNetY-16G [18][ 2242 84M  16.0G  334.7 82.9
EffNet-B3 [5%] [300° 12M  1.8G 732.1 81.6
EffNet-B4 [5%] [3802 19M 4.2G 349.4 82.9

4. Experiments : image Classification on ImageNet-1K

> Regular ImageNet-1K training EffNet-B5 [%] [4562 30M  9.9G  169.1 83.6
. L o EffNet-B6 [55] [528% 43M  19.0G  96.9 84.0
1.28M training images, 50K validation images from 1,000 classes EffNet-B7 [55] | 6002 66M 37.0G  55.1 84.3
« AdamW optimizer for 300 epochs using a cosine decay learning ViT-B/16 [20] | 3847 86M 554G  85.9 77.9
rate scheduler and 20 epochs of linear warm-up. VIT-L/16 [20] |384% 307M 190.7G 273 76.5

DeiT-S [67] 224 22M  4.6G  940.4 79.8
DeiT-B [67] 224 86M  17.5G 2923 81.8
DeiT-B [6] 384 86M 554G 859 83.1

« Abatch size of 1024, an initial learning rate of 0.001, and a weight
decay of 0.05

» the augmentation and regularization strategies of [63] in training Swin-1T 7235 9M 45G /552 81.3

Swin-S 2242 50M  8.7G 436.9 83.0

Swin-B 2242 88M 154G 278.1 83.5

> Pre-training on ImageNet-22K and fine-tuning on ImageNet-1K Swin-B 384 88M 47.0G 847 84.5

1) Pre-train on the larger ImageNet-22K dataset (b) ImageNet-22K pre-trained models

+ 14.2 million images and 22K classes, AdamW optimizer for 90 method ”?;ie #param. FLOPs t(l::lzglff; :2;1%625[

gpochs using a linear decay learning rate scheduler with a 5-epoch R-T01x3 5] 3842 388M 204.6G = 314

linear warm-up R-152x4 [38] [480% 937M 840.5G - 85.4

« Abatch size of 4096, an initial learning rate of 0.001, and a weight VIT-B/16[20] |3847 86M 554G 859 84.0

decay of 0.01 ViT-L/16 [20] | 3842 307M 190.7G  27.3 85.2

, _ Swin-B 2247 88M 154G 278.1 85.2

2) ImageNet-1K fine-tuning Swin-B 3847 88M  47.0G 847 86.4

30 epochs with a batch size of 1024 Swin-L _‘n_\'Jr! 197M 103.9G  42.1 87.3
able 1. Comparison of different backbones on ImageNet-1K clas-

° 1 -5 i -8 o . . . i .
a constant learning rate of 10-°, and a weight decay of 10, sification. Throughput is measured using the GitHub repository 3

of [6¥] and a V100 GPU, following [63].



4. Experiments : Object Detection on COCO

+ COCO02017; 118K training, 5K validation and 20K test-dev images
+ Typical object detection frameworks : Cascade Mask R-CNN [29, 6],

ATSS [79], RepPoints v2 [12], and Sparse RCNN [56]

(a) Various frameworks

Method  Backbone|AP™™ AP%* APSS* [#param. FLOPs FPS
Cascade R-50 463 643 505 82M 739G 18.0
Mask R-CNN  Swin-T | 50.5 69.3 549 | 86M 745G 153
ATSS R-50 |43.5 61.9 47.0| 32M 205G 28.3
Swin-T [47.2 66.5 51.3| 36M 215G 223

RepPointsV2 R-'SO 46.5 64.6 503 | 42M 274G 13.6
Swin-T | 50.0 68.5 54.2 | 45M 283G 12.0

Sparse R-50 | 445 634 482| 106M 166G 21.0
R-CNN Swin-T [ 479 67.3 523 | [10M 172G 184

(b) Various backbones w. Cascade Mask R-CNN

APPOX APBO* A Pho

AP™* APS** AP7¥*param FLOPs FPS

DeiT-S7
R50
Swin-T

48.0
46.3
50.5

67.2
64.3
69.3

51.7
50.5
54.9

41.4
40.1
43.7

64.2
61.7
66.6

443
434
47.1

8OM 889G
82M 739G
86M 745G

10.4
18.0
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

101M 819G
107M 838G

12.8
12.0

X101-64
Swin-B

48.3
51.9

66.4
70.9

W

52
56.

h

41.7
45.0

64.0
68.4

45.1
48.7

140M 972G
145M 982G

10.4
11.6

Swin Transformer
vs RestNet-50 on
4 object detection
frameworks

Swin Transformer
vs RestNe(X)t,
DeiT on Cascade
Mask R-CNN

Swin Transformer

+ Same settings: multi-scale training (resizing the input such that the

shorter side is between 480 and 800 while the longer side is at most

1333), AdamW optimizer (initial learning rate of 0.0001, weight
decay of 0.05, and batch size of 16), and 3x schedule (36 epochs).

(c¢) System-level Comparison

Method A;w:]:;lﬂsk AI;E"T:S;:‘“S" #param. FLOPs
RepPointsV2* [12] | - - 52.1 - - -
GCNet* [7] S51.8 447 | 52.3 454 - 1041G
RelationNet++* [13]| - - 52.7 . . -
SpineNet-190 [21] | 52.6 - |52.8 - 164M 1885G
ResNeSt-200% [ 78] | 52.5 - |53.3 47.1 - -
EfficientDet-D7 [59]| 544 - | 55.1 - 7IM 410G
DetectoRS* [16] - | 557 485 - -
YOLOv4 P7# [1] - - | 558 - - -
Copy-paste [26] | 55.9 47.2 | 56.0 47.4 | 185M 1440G
X101-64 (HTC++) | 52.3 46.0 | - - 155M 1033G
Swin-B (HTC++) | 56.4 49.1 - - 160M 1043G
Swin-L (HTC++) |57.1 49.5 | 57.7 50.2 | 284M 1470G
Swin-L (HTC++)* | 58.0 50.4 | 58.7 51.1 | 284M -

Table 2. Results on COCO object detection and instance segmen-
tation. denotes that additional decovolution layers are used to
produce hierarchical feature maps. * indicates multi-scale testing.

Adopt improved HTC
[9] (denoted as
HTC++) with
instaboost [22],
stronger multi-scale
training [7], 6x
schedule (72 epochs),
soft-NMS [5], and
ImageNet-22K pre-
trained model as
initialization.
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Swin Transformer

4. Experiments : Semantic Segmentation on ADE20K

* 150 semantic categories, 25K images in total (20K for training, 2K
for validation, 3K for testing)

» Utilize UperNet in mmseg as our base framework

ADE20K val  test

Method Backbone |mloU score #param. FLOPs FPS
DANet [25]  ResNet-101 | 45.2 - 69M  1119G 15.2
DLab.v3+[11] ResNet-101 | 44.1 - 63M  1021G 16.0
ACNet [24] ResNet-101 | 45.9 38.5 -

DNL [71]  ResNet-101 | 46.0 56.2| 69M 1249G 14.8
OCRNet [73] ResNet-101 | 45.3 56.0| 56M 923G 19.3
UperNet [69] ResNet-101 | 449 - 86M  1029G 20.1
OCRNet [73] HRNet-w48 | 45.7 - TIM 664G 12.5
DLab.v3+[11] ResNeSt-101| 46.9 55.1| 66M 1051G 11.9
DLab.v3+ [! 1] ResNeSt-200| 484 - 88M 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* | 516 - 12IM 1841G 8.7

UperNet Swin-L} | 53.5 62.8| 234M 3230G 6.2

Table 3. Results of semantic segmentation on the ADE20K val
and test set. | indicates additional deconvolution layers are used
to produce hierarchical feature maps. I indicates that the model is

pre-trained on ImageNet-22K.



Swin Transformer - Pytorch

Swin Transformer : Model Implementation Code

+ PatchEmbed module -> BasicLayer modules(nn.ModuleList) ->
norm&avgpool -> nn.Linear

class SwinTransformer(nn.Module):
def __init__(self, img_size=224, patch_size=4, in_chans=3, num_classes=1000,
embed_dim=96, depths=[2, 2, 6, 2], num_heads=[3, 6, 12, 24],
window_size=7, mlp_ratio=4., gkv_bias=True, gk_scale=None,
drop_rate=0., attn_drop_rate=0., drop_path_rate=0.1,
norm_layer=nn.LayerNorm, ape=False, patch_norm=True,
use_checkpoint=False, **kwargs):
super().__init_ ()

# ...

self.patch_embed = PatchEmbed( img_size=img_size,
patch_size=patch_size, in_chans=in_chans,
embed_dim=embed_dim, norm_layer=norm_layer if self.patch_norm
else None)

#...

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

self.layers = nn.ModuleList()
for i_layer in range(self.num_layers):
layer = BasicLayer(dim=int(embed_dim * 2 ** i_layer),
input_resolution=(patches_resolution[0] // (2 ** i_layer),
patches_resolution[1] // (2 ** i_layer)),
depth=depths][i_layer],
num_heads=num_heads[i_layer],
window_size=window_size,
mlp_ratio=self.mlp_ratio,
gkv_bias=qgkv_bias, gk_scale=gk_scale,
drop=drop_rate, attn_drop=attn_drop_rate,
drop_path=dpr[sum(depths[:i_layer]):sum(depths[:i_layer + 1])],
norm_layer=norm_layer,
downsample=PatchMerging if (i_layer < self.num_layers - 1)
else None, use_checkpoint=use_checkpoint)
self.layers.append(layer)

self.norm = norm_layer(self.num_features)

self.avgpool = nn.AdaptiveAvgPool1d(1)

self.head = nn.Linear(self.num_features, num_classes) if num_classes > 0
else nn.ldentity()

#...



Swin Transformer : Model Implementation Code

+ PatchEmbed module -> BasicLayer modules(nn.ModuleList) ->
norm&avgpool -> nn.Linear

Swin Transformer - Pytorch

def forward_features(self, x):
x = self.patch_embed(x)
if self.ape:
X = x + self.absolute_pos_embed
x = self.pos_drop(x)

for layer in self.layers:
x = layer(x)

x = self.norm(x) # BLC

x = self.avgpool(x.transpose(1, 2)) # B C 1
x = torch.flatten(x, 1)

return x

def forward(self, x):
x = self.forward_features(x)
x = self.head(x)
return x

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer
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[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

Swin Transformer - Pytorch

PatchEmbed (Patch Partition + Linear Embedding)

« 0|0X|E IX|Z2 L1 ZF T§X|E Embeddingdt= module self.img_size = img_size
. . self.patch_size = patch_size

+  Convolution layer(Z E0{|A{ self.proj = nn.Conv2d(..) £=)0 kernel self.patches_resolution = patches_resolution

sizel} strideE 25 patch size 22 F7| 20|, patch partition} self.num_patches = patches_resolution[0] * patches_resolution[1]

embedidngS SA|0f ZIE 4 QUCt.

. self.in_chans = in_chans

+ (B, 3, 224, 224) -> self.proj(x).flatten(2).transpose(1, 2) -> (B, 56x56, self.embed dim = embed dim

96)

self.proj = nn.Conv2d(in_chans, embed_dim, kernel_size=patch_size,
stride=patch_size)
if norm_layer is not None:
self.norm = norm_layer(embed_dim)
else:
self.norm = None

class PatchEmbed(nn.Module):
r'"" Image to Patch Embedding
Args:
img_size (int): Image size. Default: 224.
patch_size (int): Patch token size. Default: 4.
in_chans (int): Number of input image channels. Default: 3. def forward(self, x):
embed_dim (int): Number of linear projection output channels. Default: 96. B, C, H, W = x.shape

norm_layer (nn.Module, optional): Normalization layer. Default: None # FIXME look at relaxing size constraints _
assert H == self.img_size[0] and W == self.img_size[1], \

f'Input image size ({H}*{W}) doesn't match model
({self.img_size[0]}*{self.img_size[1]})."
x = self.proj(x).flatten(2).transpose(1, 2) # B Ph*Pw C
if self.norm is not None:
x = self.norm(x)
return x

def __init__(self, img_size=224, patch_size=4, in_chans=3, embed_dim=96,
norm_layer=None):
super().__init__()
img_size = to_2tuple(img_size)
patch_size = to_2tuple(patch_size)
patches_resolution = [img_size[0] // patch_size[0], img_size[1] //
patch_size[1]]



- [EX] https://byeongjo-kim.tistory.com/36
Swin Transformer PytOl’Ch [Official] https://github.com/microsoft/Swin-Transformer

PatchEmbed (Patch Partition + Linear Embedding)

(B, 3,224, 224) -> self.proj(x).flatten(2).transpose(1, 2) -> (B, 56x56, 96)
X2 xe= (B, 3, 224, 224) A X|2t self.proj(x)E Saoll (B, 96, 56, 56), .flatten(2)Z Sal| (B, 96, 56x56), .transpose(1, 2)E Zdff (B, 56x56, 96)0| T|AL}.

9%
M A
patch ot 72| UH|Y
56x56
| patch 70
96
R H Y A
patch 3 7H2] QHIY
-
N
5656 Q:Qg'\
T patch 70 A
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Swin Transformer - Pytorch

Swin Transformer Block — Basic Layer

+ BasicLayer Module?| ZE 22

« depth7§2] SwinTransformerBlockl} downsampleZ 18 E|0{ ULt =
I SwinTransforemrBlock2 shift_sizeE window_size//22 AN E|
[, downsample F|0| MAHSt= Patch Merging 1H740|LCt.

class BasicLayer(nn.Module):

""" A basic Swin Transformer layer for one stage.

Args:
dim (int): Number of input channels.
input_resolution (tuple[int]): Input resolution.
depth (int): Number of blocks.
num_heads (int): Number of attention heads.
#..

def __init__(self, dim, input_resolution, depth, num_heads, window_size,
mip_ratio=4., gkv_bias=True, gk_scale=None, drop=0., attn_drop=0.,
drop_path=0., norm_layer=nn.LayerNorm, downsample=None,
use_checkpoint=False):

super().__init_ ()
#..

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

# build blocks
self.blocks = nn.ModuleList([
SwinTransformerBlock(dim=dim, input_resolution=input_resolution,
num_heads=num_heads, window_size=window_size,
shift_size=0 if (i % 2 == 0) else window_size // 2,
mlp_ratio=mlp_ratio,
gkv_bias=qgkv_bias, gk_scale=gk_scale,
drop=drop, attn_drop=attn_drop,
drop_path=drop_path([i] if isinstance(drop_path, list)
else drop_path, norm_layer=norm_layer)
for i in range(depth)])

# patch merging layer
if downsample is not None:
self.downsample = downsample(input_resolution, dim=dim,

norm_layer=norm_layer)

else:
self.downsample = None

def forward(self, x):
for blk in self.blocks:
if self.use_checkpoint:
x = checkpoint.checkpoint(blk, x)
else:
x = blk(x)
if self.downsample is not None:
x = self.downsample(x)
return x



[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

Swin Transformer - Pytorch

self.norm1 = norm_layer(dim)
self.attn = WindowAttention(
dim, window_size=to_2tuple(self.window_size), num_heads=num_heads,
gkv_bias=qgkv_bias, gk_scale=gk_scale, attn_drop=attn_drop,
proj_drop=drop)

Swin Transformer Block

class SwinTransformerBlock(nn.Module):
r""" Swin Transformer Block.

Args:

self.drop_path = DropPath(drop_path) if drop_path > 0. else nn.ldentity()

dim (int): Number of input channels.
input_resolution (tuple[int]): Input resulotion.
num_heads (int): Number of attention heads.
window_size (int): Window size.

shift_size (int): Shift size for SW-MSA.

#...

def __init__(self, dim, input_resolution, num_heads, window_size=7,

shift_size=0, mlp_ratio=4., gkv_bias=True, gk_scale=None, drop=0.,

attn_drop=0., drop_path=0., act_layer=nn.GELU, norm_layer=nn.LayerNorm):

super().__init_ ()

self.dim = dim

self.input_resolution = input_resolution
self.num_heads = num_heads
self.window_size = window_size
self.shift_size = shift_size
self.mlp_ratio = mlp_ratio

if min(self.input_resolution) <= self.window_size:
# if window size is larger than input resolution, we don't partition windows
self.shift_size = 0
self.window_size = min(self.input_resolution)

assert 0 <= self.shift_size < self.window_size, "shift_size must in 0-

window_size"

self.norm2 = norm_layer(dim)

mlp_hidden_dim = int(dim * mlp_ratio)

self.mlp = Mlp(in_features=dim, hidden_features=mlp_hidden_dim,
act_layer=act_layer, drop=drop)

if self.shift_size > 0:
# calculate attention mask for SW-MSA
H, W = self.input_resolution
img_mask = torch.zeros((1, H, W, 1)) #1H W 1
h_slices = (slice(0, -self.window_size),
slice(-self.window_size, -self.shift_size),
slice(-self.shift_size, None))
w_slices = (slice(0, -self.window_size),
slice(-self.window_size, -self.shift_size),
slice(-self.shift_size, None))
cnt=0
for hin h_slices:
for w in w_slices:
img_mask[:, h, w, :] = cnt
cnt +=1

mask_windows = window_partition(img_mask, self.window_size) # nW,
window_size, window_size, 1

mask_windows = mask_windows.view(-1, self.window_size *
self.window_size)



Swin Transformer Block

attn_mask = mask_windows.unsqueeze(1) - mask_windows.unsqueeze(2)
attn_mask = attn_mask.masked_fill(attn_mask != 0, float(-
100.0)).masked_fill(attn_mask == 0, float(0.0))
else:
attn_mask = None
self.register_buffer("attn_mask", atth_mask)

def forward(self, x):
H, W = self.input_resolution
B, L, C = x.shape
assert L ==H * W, "input feature has wrong size"
shortcut = x
x = self.norm1(x)
x = x.view(B, H, W, C)

# cyclic shift
if self.shift_size > 0:

shifted_x = torch.roll(x, shifts=(-self.shift_size, -self.shift_size), dims=(1, 2))
else:

shifted_x = x

# partition windows
x_windows = window_partition(shifted_x, self.window_size) # nW*B,

window_size, window_size, C
x_windows = x_windows.view(-1, self.window_size * self.window_size, C) #

nW*B, window_size*window_size, C

Swin Transformer - Pytorch

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

forward method?2| input x= 1XH(B, 56x56, 96) izeE 211 UL} 0]
= .viewZ £l (B, 56, 56, 96)2 = HIHLY. 0] xe= 2 A=L20 self-

attentlong X& 57|26 windows_partition &t~5 =al5tA| =L}
(B, 56x56, 96) -> (B, 56, 56, 96) -> windows_ partition

# merge windows
attn_windows = attn_windows.view(-1, self.window_size, self.window_size, C)

shifted_x = window_reverse(attn_windows, self.window_size, H, W) #B H'
w'C

# reverse cyclic shift
if self.shift_size > 0:
x = torch.roll(shifted_x, shifts=(self.shift_size, self.shift_size), dims=(1, 2))
else:
x = shifted_x
x = x.view(B, H* W, C)

#FFN
x = shortcut + self.drop_path(x)
x = x + self.drop_path(self.mlp(self.norm2(x)))

return x



- [EX] https://byeongjo-kim.tistory.com/36
Swin Transformer PytOl’Ch [Official] https://github.com/microsoft/Swin-Transformer

Swin Transformer Block

+ BasicLayer Module?| ZE EZ

# merge windows
attn_windows = attn_windows.view(-1, self.window_size, self.window_size, C)

shifted_x = window_reverse(attn_windows, self.window_size, H, W) # B H'

W' C else:
attn_mask = None
# reverse cyclic shift self.register_buffer("attn_mask", attn_mask)
if self.shift_size > 0:
x = torch.roll(shifted_x, shifts=(self.shift_size, self.shift_size), dims=(1, 2)) def forward(se_:lf, X): .
else: H, W = self.input_resolution
x = shifted_x B, L, C = x.shape
x = x.view(B, H * W, C) assert L == H * W, "input feature has wrong size"
# FEN k=self.attn_mask) # nW*B, window_size*window_size, C

x = shortcut + self.drop_path(x)
X = x + self.drop_path(self.mlp(self.norm2(x)))

return x




Swin Transformer - Pytorch

Window partition

(B, 56x56, 96) -> (B, 56, 56, 96) -> windows_partition

def window_partition(x, window_size):
Args:
x: (B, H, W, C)
window_size (int): window size
Returns:
windows: (num_windows*B, window_size, window_size, C)
B, H, W, C = x.shape
x = x.view(B, H // window_size, window_size, W // window_size, window_size, C)
windows = x.permute(0, 1, 3, 2, 4, 5).contiguous().view(-1, window_size,
window_size, C)
return windows

7
win

window_partition2 M5l window_size(=2/ZEHAM= 72 I1XH)Z
XSS Lz 2, tensors AR 7|EC = MY oiFELt.

2M x = x.view(B, H // window_size, window_size, W //
window_size, window_size, C) 222 Eof x& window_sizeZ L}50f
MZ2=2 XS Yozt Six x| shape=2 (B, 8,7, 8, 7, 96) O|C}. _1

2 permute= Salj (B, 8, 8,7, 7, 96), .view= Sol| (Bx8x8, 7, 7, 96)
shapeO| =C}.

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

(B, 56, 56, 96) -> (B, 8, 7, 8, 7, 96) -> (B, 8, 8, 7, 7, 96) -> (Bx8x8, 7,
7,96)

(patch 7§ // window size) x (patch 7H= // window size)
0] 0| x| 3t 74o| 8 & 744

|

I

7
window(size

7
window(size

7
window'size

S H| S X}

e

R X

How si dow size :windowsize

Bx8x8
:0| 0] X| 87H x O] 0| X| & 21 = 7§ 5~(8x8)

CtA| & SwinTransformerBlock@ = =0}7tA (Bx8x8, 7, 7, 96) tensor
& 2t 2R+ self-attention X{2|E 2ol O|X}2 tensorZf E|O{OFSICE =
(Bx8x8, 7x7, 96)0| |0 window L{0| Q= I{X|7|2| self-attentionO| O]
20{7ICt.

window partition &0l Af CtZ 0]0|X|2] windowX|Zt Bx8x8&2 F2 0|
F ALt M0 UCL window LHE THX|S77|2|2t O|F0{X|= A[4H0]7|
=0 Ct= O|0|X| window?} =& X O|LCt.

i — N |
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Swin Transformer - Pyt orch [%ilﬂ'https://byegngjo-kim.tis’Fory.com/36'

[Official] https://github.com/microsoft/Swin-Transformer

Window partition
+ self-attention2 S5l L2 output2 self-attention E44t input2t Sgt < (Bx8x8, 7, 7, 96) -> (Bx8x8, 7x7, 96) -> self-attention -> (Bx8x8, 7x7,
shape= ZA| EICt. 12| LEA window _reverse &4 Edff 7|& 96) -> (B, 56x56, 96)
shape (B, 56x56, 96)2 = =417} EC}.
"ol 22 L |
patch St 7i{2] H{|Y - B B MSA B B
P e window partiion | _C|_A] || -[lgex A
= : cyclic shift reverse cyclic shift
‘A 'S A %
patch St 7i2| ZH|Y 0'\\\ Figure 4. lllustration of an efficient batch computation approach for self-
o\c,/‘ attention in shifted window partitioning.
A
7)('7 H = \R'Q--/
P = 2 % patch 2 A
e‘}x’"\

« shift=l windowS AI2& IO = 1721 SHOFSICE 2| figure 45 EMH & 4
US0|, =20 M= windowZ TILHZ shift 3t 5, ZHX|X| 22 HE(A, B
C)E Bl St '20{F= WHO| 11Ot ALY,

T - od
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Swin Transformer - Pytorch

Window partition

« =20 A= windowE 12 shift oF &, AX|X| 42 E2(A, B, C)E tI
S0 20{= LHEO[ I HE[UCY.

e 0] torch.roll &5 Eof 70| o &
2|oiZ&CY.

EIC} torch.roll2 = X 7|52 A

#torch.roll examples
>>> x = torch.tensor(
[
[1,2, 3, 4],
[5, 6,7, 8]
]
)

>>> x = torch.roll(x, 1)
>>> x
tensor(
[8, 1,2, 3],
[4,5,6,7]
)

+ torch.roll2 E4l patch sfhit &, window_partion -> self-attention ->
window_reverse XIGiStCt.

« 12|10 CtA| HiCH BISFO 2 torch.rollS
TN F7H2] torch.roll 22).

Eofl patchE &= 6HH EICHS

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer
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Patch merging

+ Hierarchical ot £4& ¢lolf gt Q10| ZXKot= Patch?| 7i+E EH =0|
0 &5 SiCt O|Z Salf 0|0|X|Q &2 SHFE 2 SHIA| ZE HETt &t

&0 ALEotAH EC.

class PatchMerging(nn.Module):
r""" Patch Merging Layer.
Args:
input_resolution (tuple[int]): Resolution of input feature.
dim (int): Number of input channels.
norm_layer (nn.Module, optional): Normalization layer. Default:
nn.LayerNorm

def __init__(self, input_resolution, dim, norm_layer=nn.LayerNorm):
super().__init_ ()
#...

def forward(self, x):

x: B, H*'W, C

H, W = self.input_resolution

B, L, C = x.shape

assert L == H * W, "input feature has wrong size"

assertH % 2==0and W % 2 == 0, f"x size ({H}*{W}) are not even."

x = x.view(B, H, W, C)

Swin Transformer - Pytorch

[EX] https://byeongjo-kim.tistory.com/36
[Official] https://github.com/microsoft/Swin-Transformer

x0 = X[;, 0::2, 0::2, ;] #BH/2W/2C
x1=x[;, 1:2,0:2, ;] #BH2W/2C

x2 = x[;, 0:2, 1:2, ;] #BH/2W/2C

x3=x[;, 1:2, 1::2, ;] #BH2 W/2 C

x = torch.cat([x0, x1, x2, x3], -1) # B H/2 W/2 4*C

X
x =x.view(B, -1, 4 * C) # B H/2*W/2 4*C

x = self.norm(x)
x = self.reduction(x)

return x
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- [EX] https://byeongjo-kim.tistory.com/36
Swin Transformer PytOl’Ch [Official] https://github.com/microsoft/Swin-Transformer

Patch merging

o QIZX x0f CHaH width, heightE 2t2t o7t M E|{M A2 0]0|X|(x0, x1, + O|ZA patch merging(downsample)0| 2= =l tensor2 LS

x2, x3)E M1, YUH|Y XIS 7|Z2 2 concatgtCt 12|11 BasicLayer9| input@ £ At2ZICt. B & BasicLayers 7%l tensor2
self.reductions Eoff UH|Y XS ZHHFLL. norm/avgpool/flatten/nn.Linear2 Sal| class 70| %= tensor/t &
loss7} AlAHEICE
O[O0
H/2
(0]
w/2
C
o] A2l X | X »
olxlolx Hf2 X | x ?;CI%M%J ) W
o|le|o|e [> w/2 E> [> 0|0
H 0 0 H/2
o[x|o|x olo e 0|0
Hf2 W/2
ole|o|le == o
w W/2
E|E
Hf2
E|E

- (B, 56x56, 96) -> (B, 56, 56, 96) -> (B, 56/2, 56/2, 96x4) -> (B, 56/2,
56/2, 96x2)
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