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» Background
- Vision transformer
- Self attention
- Local attention

- Shifted window attention

» Neighborhood Attention Transformer
- CVPR 2023 (60 citations)

« Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention
- CVPR 2023

e Conclusion
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1) DOSOVITSKIY, Alexey, et al. An image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint arXiv:2010.11929, 2020.

Background

« Vision transformer?
- Applies attention mechanism instead of CNNs to vision tasks
- Divides input images into patches, linearize them, and uses attention to capture similarities

- Utilizes global receptive field

Vision Transformer (ViT) Transformer Encoder
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1) VASWANI, Ashish, et al. Attention is all you need. Advances in neural information processing systems, 2017, 30

Background

« Self attention(SA)Y
- Embeds query, key, and value via linear projection

- Query: element for which we want to calculate attention

- Key: other elements
- Value: information associated with the elements

- Calculates attention score using scaled similarity between query and key

. KT
- Attention(Q,K,V) = softmax (Q—) v
Ja f
- Recent studies focused on variances in receptive field size L
- High computation complexity problem l Concat
Scaled Dot-Product h
Attention v
4 p P
Linear Linear Linear
- 7 7
Vv K Q

Multi-head SA
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WANG, Wenhai, et al. Pyramid vision transformer: A versatile backbone for dense prediction without convolutions. In: Proceedings of the IEEE/CVF international conference on computer vision. 2021. p. 568-578.

1)

Background

« Sparse global attention(SGA)Y
- Select sparse key and value positions from the feature map

- Information from the selected input portions is than aggregated
- Efficiency achieved by not considering the respective remaining parts
- Tends to find optimal trade-off between the size of receptive field and computational cost
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Pyramid vision transformer architecture
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1) RAMACHANDRAN, Praijit, et al. Stand-alone self-attention in vision models. Advances in neural information processing systems, 2019, 32.

Background

« Local attention(LA)Y
- Replace all spatial convolution operations to self attention layers
- Constrains receptive field of each query to its neighboring pixels or windows
- Inherits advantages from CNNs while reducing computational cost

- Local inductive bias

- Translation equivariance

output

values _D

———— matrix multiplication '
————— learned transform

Local attention layer, spatial extent of k =3

PR 42 oskn I VDS \
@ SOGANG UNIVERSITY 6 LB




1) LIU, Ze, et al. Swin transformer: Hierarchical vision transformer using shifted windows. In: Proceedings of the IEEE/CVF international conference on computer vision. 2021. p. 10012-10022.

Background

« Shifted window attention(WSA)Y

- Shifts window to utilize sparse global receptive field

- Avoids situations where features from different windows become isolated

- Facilitate connections across windows to model extra information Layer | Layer [+1 D
- Achieves efficient yet effective feature extraction Borssihconiel
- Hierarchical feature extraction D D Ak

- Captures both global and local context
Shifted window illustration

- Linear computational complexity
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

» SA involves computational cost overload

« WSA lacks uniform attention span for each span

» Neighborhood attention(NA) localizes SA to each pixel’s nearest neighbors
- Utilizes local inductive biases
- Maintains translational equivariance

- Allows uniform receptive field growth without extra operations

Self Attention (ViT) Window Self Attention (Swin)

Shifted Window Self Attention (Swin)

Neighborhood Attention (NAT)

Ilustration of attention spans in SA, SWA and NA
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?
« Neighborhood attention

A

- Dot product between the query of the input at the it position and key of k-nearest neighbors

- Value defined as i" input’s k-nearest neighboring projections

- Operation repeated for every pixel in the feature map

- NA approaches SA as window size grows

Self
Attention

Neighborhood
Attention

Illustration of query-key-value structure of SA and NA for a single pixel
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?
 NATTEN: Proposed Python package for efficient pixel-wise operation

- Pixel-wise SA has not been well-explored due to computational cost

- Matrix multiplication parallelizable in commonly used computational platforms(cuBLAS, cnDNN, etc)
- Pixel-wise operation conducted with stacking number of highly inefficient operations

- NATTEN allows NA-based models to run up to 40% faster than similar Swin counterparts

[ WA + WA [NAT] (PyTarch]
T Wi, + SWss [Swin] (PpTarch]
I HA + HA [NAT] (ATATTEN # Py Tonch)

Relatiee spoed wort. WSAHSWS A (%)

18. 08 T 56w 58 111 113 M M 245 = 448 AMi=gs  1T82s1TH2
Feature map resclution

NAT’s layer-wise relative speed with respect to Swin transformer
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

» Neighborhood attention transformer

- Embeds inputs using 2 consecutive overlapping 3 x 3 convolutions with 2 x 2 strides
- Establishes useful inductive biases
- Resulting in a spatial size 1/4 the size of the input
- Better trade-off between performance and computational cost

- Consists of 4 levels followed by respective down-samplers that cut spatial size in half
- Each level consists of multiple NAT blocks with multi-headed NA
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Neighborhood Attention Transformer Architecture NAT Block

Overview of NAT
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

« Complexity analysis

- QKV linear projections = each hwd? FLOPs in common - total 3hwd? FLOPs
- SA has quadratic complexity for both attention weights and output = 2h?w?d FLOPs

- WSA divides each QKV into % X % windows of shape k x k = 2hwdk? FLOPs

- NA case = 2hwdk? FLOPs

- A¥ of size h x w x k? and V¥ of size h x w x k? x d > 2hwdk? FLOPs

- Convolutions > hwd?k? FLOPs

- WSA and NA have identical computational cost

Module FLOPs Memory

Self Attn (SA) 3hwd® + 2h%w?d 3d? + h2u?

Window Self Attn (WSA) 3hwd® + 2hwdk® 3d® + hwk?
o Neighborhood Attn (NA) 3hwd? + 2hwdk? 3d? + hwk*®
« Convolution hwd?k* d% i

FLOPs and memory usage in different attention patterns and convolutions

g AW THEE D .

SOGANG UNIVERSITY

Variant Layers Dimx MLP #of FLOPs
Heads ratio Params
oNAT-Mini 3,4, 6,5 32x2 3 20M 297G
oNAT-Tiny 3,4,18,5 32x2 3 28 M 43G
oNAT-Small 3,4,18,5 32x3 2 51 M 7.8G
oNAT-Base 3,4,18,5 32x4 2 90 M 13.7G

Comparison of NAT variants




1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.
2) LIU, Ze, et al. Swin transformer: Hierarchical vision transformer using shifted windows. In: Proceedings of the IEEE/CVF international conference on computer vision. 2021. p. 10012-10022.
3) LIU, Zhuang, et al. A convnet for the 2020s. In: Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022. p. 11976-11986.

Neighborhood Attention Transformer?

» Baselines

- Swin transformer?
- Shifted window attention
- ConvNeXt?
- Pure convolutional network
- Utilizes patch embedding in convolutional stem
- Divides inputs into multiple paths
- Adopts DW convolutions
- Separate down-sampling layers

SOGANG UNIVERSITY 13
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

» Experiments: classification

Model # of FLOPs Thru. Memory Top-1
Params (imgs/sec) (GB) (%)
o NAT-M 20 M 27G 2135 24 81.8
Swin-T 28 M 45G 1730 4.8 81.3
e ConvNeXt-T 28 M 45G 2491 34 82.1
o NAT-T 28 M 43 G 1541 2.5 83.2
Swin-$ 50 M 8.7G 1059 5.0 83.0
e ConvNeXt-S 50 M 8.7G 1549 3.5 83.1
o NAT-S SIM 7.8 G 1051 3.7 83.7
Swin-B 88 M 154G 776 6.7 83.5
e ConvNeXt-B 89M 154G 1107 4.8 83.8
o NAT-B 90 M 13.7G 783 5.0 84.3

ImageNet-1K classification performance
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

« Experiments: Object detection and instance segmentation

Backbone #of FLOPs Thru.|AP" APY;, APP5s | AP™ AP™;, AP™ys
Params (FPS)
Mask R-CNN - 3x schedule
o NAT-M 40M 225G 54.1 ‘ 46.5 68.1 513 | 41.7 65.2 447
Swin-T 48M 267G 451 (460 68.1 503 [41.6 65.1 449
e ConvNeXt-T 48M 262G 520 [46.2 670 508 [41.7 65.0 449
o NAT-T 48M 258G 445 (477 690 526 (426 66.1 459
Swin-S 6OM 359G 317 [485 702 535 |433 673 466
o NAT-S TJOM 330G 348 (484 698 532 (432 669 46.5
Cascade Mask R-CNN - 3x schedule
o NAT-M T77TM 704G 278 ‘ 503 689 549 | 436 664 472
Swin-T 86M 745G 25.1 |504 692 547 [43.7 666 473
e ConvNeXt-T 86M 741G 273 [504 69.1 548 [43.7 665 473
o NAT-T 85M 737G 249 (514 700 559 (445 676 479
Swin-S 107M 838G 203 [519 707 563 |450 682 488
e ConvNeXt-S 108M 827G 230 |51.9 708 565 [45.0 684 491
o NAT-S 108 M 809G 21.7 [52.0 704 563 [449 68.1 48.6
Swin-B 145M 982G 173 |519 705 564 |45.0 68.1 489
e ConvNeXt-B 146 M 964G 195 [52.7 713 572 (456 689 495
o NAT-B 147TM 931G 186 [525 71.1 571 [452 686 490

SOGANG UNIVERSITY 15

COCO object detection and instance segmentation performance
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

« Experiments: Semantic segmentation

Backbone # of FLOPs Thru. mloU
Params (FPS) single scale mult1 scale
o NAT-M S50 M 900 G 24.5 45.1 46.4
Swin-T 60 M 946 G 21.3 44.5 45.8
e ConvNeXt-T 60 M 939G 233 46.0 46.7
o NAT-T 58 M 934 G 214 47.1 48.4
Swin-S 81 M 1040 G 17.0 47.6 49.5
e ConvNeXt-S 82 M 1027 G 19.1 48.7 49.6
o NAT-S 82 M 1010 G 179 48.0 49.5
Swin-B 121 M 1188 G 14.6 48.1 49.7
¢ ConvNeXt-B 122 M 1170 G 16.4 491 49.9
o NAT-B 123 M 1137 G 15.6 48.5 497

ADE20K semantic segmentation performance
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1) HASSANI, Ali, et al. Neighborhood attention transformer. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 6185-6194.

Neighborhood Attention Transformer?

« Experiments: ablation study

Attention ImageNet MSCOCO|ADE20K| #of FLOPs Thru. Memory

Top-1 |AP® AP™| mloU |Params (imgs/sec) (GB)

SWSA ‘ 81.3% [46.0 41.6 | 458 [2828M 451G 1730 4.8
o SASA 81.6% [46.0 414 | 464 [2827TM 451G 2021 4.0
oNA 81.8% [46.2 415 | 464 [2828M 451G 2021 4.0

Performance comparison of different attention mechanisms

Attention Down- # of #of MLP Top-1{ #of FLOPs Thru. Memory
-sampler Layers Heads Ratio (%) |Params (G) (imgs/sec) (GB)

SWSA  Pacch 2,2,6,2 3 4 81.29|28.3M 4.5 1730 4.8

SWSA Conv 2,2, 6,2 3 4 B81.78|303M 49 1692 4.8
ocSWSA  Conv 3,4,18,5 2 3 8272|1279M 43 1320 3.0

o SASA Conv 3,4,18.5 2 3 82.54| 279M 43 1541 2.5
o NA Conv 3,4,18,.5 2 3 83.20| 279M 43 1541 2.5
Ablation study on NAT with Swin-T as the baseline

Kernel ImageNet MSCOCO ADE20K

size Top-1(%) Thru. |AP® AP™ Thru. | mloU Thru.

3)(3 81 .4 2015 imgsfsec 46.1 41.4 468 fps 460 23.6 fps

5)(5 8 l .6 l 8 ].0 imgs/sec 46.8 42.0 45.5 fps 46.3 22.9 fps

Tx7 83.2 1537 imgwsec | 47.7 42.6 44.5 4| 484 21.4 4

9)(9 83 . ]. l 25 3 imgsfsec 48.5 43.3 394 fps 48 . 1 20.2 fps
prETn &;—1 NAT-Tiny performance with different kernel sizes | VD S \
SOGANG UNIVERSITY 17 LB



1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

« Existing attention mechanisms to restrict receptive field size show distinct limitations

- Sparse global attention
- Inferior in capturing local features
- Susceptible to key and value positions

:'= informative features in other regions may be discarded

- Window attention
- Hinders cross-window communication
- Involves extra designs such as window shifts
:= Sets restrictions on the model architecture

Sparse global attention

A g d Rk
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

» Local attention mechanism was proposed
- Constrain receptive field of each query in its own neighboring pixels

- Takes advantages from both convolution and attention
- Local inductive bias from query-centric attention pattern
- Translation equivariance like traditional convolution

- Sets least restrictions on the model architecture design
« Limitations remaining
- Huge increase in inference stage due to inefficient Im2Col function
- Relies on CUDA kernels which restricts applicability on edge devices
 Importance on possessing both high eff|C|ency and high generalizability

Local attention
R B THSED VDS

SOGANG UNIVERSITY 19



1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

e Im2Col function

- Transforms multidimensional data into matrix type
- Facilitate matrix operations
- Enables efficient weighted multidimensional calculations
« Im2Col function is inefficient in terms of local attention
- Generates the key and value matrix from column-based view

- Each column represents local region

imZcol

Im2Col function

g AR THED N | VPES \
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

« Difficulties in implementing local attention
- Different receptive region for each query in the feature map

- Im2Col function is adopted to sample keys and values for all respective queries
- Local windows flattening into columns conducted independently by slicing the feature map
- Disrupts data locality
- Leads to huge time consumption

HV
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L] ] L T 4 T HeW=C
> 1 triri I Matmul & Reshape I
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[:@ o @ 1t I Maimul & Sofimax I
1 1 1 —
| — |\Lr‘\ b ] = | T L (HW) O T R o (W)
l'—l i O ¥ N | Reshape | I Im2col I
a. Input b. Sliding windows ¢. Key / Value Matrix wawec Q K v

Local attention implementation with Im2Col function
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

* New perspective on Im2Col

- Original column-based view
- Each column corresponds to local window centered at particular query
- Receptive windows of all queries are sampled and placed in order
- New row-based view
- Each row corresponds to shifting input towards certain direction
- Flatten shifted features into rows and concatenate

- Can recover the same dimensional output

HW

. : - i
rr I'_ [
B !
a. Input b. Feature Shifts c. Key / Value Matrix

Local attention implementation with feature shifts

SOGANG UNIVERSITY 22
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

« Shift as depth-wise convolution
- Simply shifting still involves inefficient slicing operations
- Apply depth-wise convolution with designed kernels as a replacement for feature shift
- Depth-wise convolutions can be boiled down to single-group convolution

- Outputs equivalent to previous feature shifts

- Avoids inefficient slicing operation
- Optimized implementation of convolution operations on many edge devices

Hw

I o & *IT i » E L T HeWxo
¥ | Matmul & Reshape
@ E | : @ T K (HWY
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b. Depthwise Convs c. Key / Value Matrix

a. Input

Local attention implementation with shift as depth-wise convolution
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

» Deformed shifting module
- Designed kernel weights still constrain keys and values to the fixed neighboring positions
- Makes it hard to capture diverse features
- Deformed shifting module to handle the limitation

- Further enhance flexibility of local attention
- Parallel convolution path of learnable kernel parameters with random initialization
- Use re-parameterization (merging) to transform two parallel paths into single convolution

(1) Training Stage

FPS
Swin-Transformer Tiny )l' 853
+ 3 + Im2Col
Pravious (Rama at al., 2019) *GDG i
@ °
Local Attention
CUDA S 821
= (Hassani et al., 2022)
® 4 u Feature Shift [/AAA/iiiiisiss 815 *:'.'_'_:5_‘?2
] Local Attention , e
(2) Inference Stage (ours) Depthwise Conv 81.9 790
) ’ + Deformed Shifting * =
Slide-Transformer Tiny (ours) | : i i i ,
ImageMet 80.5 81 81.5 82 825 83
AT D Top1 Ace (%)
Deformed shifting module with re-parameterizatio Performance and inference speed comparison
on local attention implementations | VD S \
LAB
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

» Experiments: classification

o 84 = . Method | Params Flops | Top-1
i el ! T PVT-T [30] 132M  1.9G |75.1
380 s 83 | A Slide-PVT-T 122M  2.0G | 78.0 (+2.9)
S8 s = P PVT-S 245M 3.8G |79.8
e R L i S| v atom Slide-PVT-S 227M  4.0G | 817 (+1.9)
g7 | T ReaNel 4G/EG || § e mmezsas (| 5| VT -me ConT B PVTv2-BI [31] | 13.IM 2.1G | 787
~m DeiTTis S50 w ConvNeXt T/S/B ; ~e. T2T 14/19/24 . , : ' :
74 e T2T 12/14 4 .m- DATTIS/B 81 ®.. Conformer Ti/S/B ls)l‘;gre-ggvz-m ég’gﬁ igg ;g'g (+0.7)
- —8— Slide-PVT (ours) g2 u; —8— Slide-PVTv2 (ours) .-" —e— Silde-Swin {ours) S]ideVP_VTVZ B2 22.8M 4.2G 82.7 0.7
- = o n o4 (U,
2 a 6 8 10 50 75 100 135 150 o0 5 10 15 20 40
FLOPs (G) FLOPs (G) FLOPs (G) Swin-T [20] 29M  4.5G |81.3
(a) PVT (b) PVT v2 (c) Swin-Transformer Slide-Swin-T 29M  4.6G |82.3(+1.0)
Swin-S S50M 8.7G | 83.0
‘ e | . .
Slide-Swin-S 5IM 889G |83.7(+0.7)
84
84 et | T Swin-B 88M 154G | 835
s | S i - 9 Slide-Swin-B 8OM  15.5G | 84.2(+0.7)
Taal @ T T a3 CSwin-S [£] 35M  6.9G |83.6
S & o ow cowin TS g _ Slide-CSwin-S | 35M  6.9G |84.0(+0.4)
§ | T 2 i el i CSwin-B 78M  15.0G | 84.2
82 t T e o2l .®- HorNet T/S/B Slide-CSwin-B 78M  15.0G | 84.7 (+0.5)
..-" —8— Silde-C5win (ours) —@— Silde-NAT {ours) NAT-T [5] 28M 4.3G |83.2
50 7.5 10.0 12.5 15.0 25 50 7.5 10.0 125 15.0 Slide-NAT-T 28M  4.3G | 83.6 (+0.4)
FLOPs (G) FLOPs (G} NAT-S 5IM  7.8G |83.7
(d) CSwin-Transformer (e) NAT Slide-NAT-S 5IM  7.8G | 84.3 (+0.6)

Comparisons of FLOPs and paramters against accuracy on ImageNet-1K
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1) PAN, Xuran, et al. Slide-Transformer: Hierarchical Vision Transformer with Local Self-Attention. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023. p. 2082-2091.

Slide-Transformer?

« Experiments: object detection and instance segmentation

(a) Mask R-CNN Object Detection & Instance Segmentation on COCO

Method FLOPs | #Param | Schedule | AP® APY  APL. | AP AP:  AP? | AP™ APZ AP | APT" AP APP
PVT-T 240G | 33M 1x 36.7 592 393 | 21.6 392 490 | 351 567 373 | 195 374 485
Slide-PVT-T 219G | 32M 1x 404 634 438 | 253 428 53.0 | 381 604 410 | 200 40.1 552
PVT-S 305G | 44M 1x 404 629 438 | 229 430 554 | 378 60.1 403 | 204 403 53.6
Slide-PVT-S 269G | 42M 1x 428 659 467 | 266 455 573 | 401 63.1 431 | 203 424 590
PVT-M 302G | 64M 1x 420 644 456 | 244 449 579 | 390 616 421 | 213 420 552
Slide-PVT-M 357G | 62M 1x 444 669 486 | 289 470 594 | 408 639 438 | 250 435 559
PVTv2-Bl 244G | 34M 1x 418 643 459 | 264 449 543 | 388 612 416 | 202 413  56.1
Slide-PVTv2-B1 | 222G | 33M 1x 426 653 468 | 274 456 557 | 397 626 426 | 241 429 537
PVTv2-B2 309G | 45M 1x 453  67.1 49.6 | 28.8 484 59.5 | 412 642 444 | 220 437 594
Slide-PVTv2-B2 | 274G | 43M 1x 460 682 503 | 288 494 61.0 | 41.9 651 454 | 246 452 572
Swin-T 267G | 48M 3x 46.0 68.1 503 | 312 492 60.1 | 416 651 449 | 259 451 569
Slide-Swin-T 268G | 48M 3x 468 690 516 | 31.7 504 60.1 | 423 660 458 | 235 458 608
(b) Cascade Mask R-CNN Object Detection & Instance Segmentation on COCO
Method FLOPs | #Param | Schedule | AP® AP%,  APL | AP? AP:Z  APY | AP™ APZ AP | AP AP APM
Swin-T 745G | 86M 3x 504 692 547 | 338 541 652 | 437 66.6 473 | 273 475 59.0
Slide-Swin-T 747G | 86M 3x 51.1 698 554 | 352 544 658 | 443 674 480 | 280 480 59.2
Swin-S 838G | 107M 3x 5.9 707 563 | 352 557 677 | 450 682 488 | 288 487  60.6
Slide-Swin-S 838G | 107M 3x 525 713 572 | 356 56.1 68.0 | 454 689 496 | 29.1 492 60.6
Swin-B 981G | 145M 3x 519 705 564 | 354 552 674 | 450 68.1 489 | 289 483 604
Slide-Swin-B 983G | 145M 3x 527 712 572 | 37.0 561 68.0 | 455 688 496 | 30.1 488  60.9

COCO object detection performance
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Slide-Transformer?

» Experiments: semantic segmentation

Semantic Segmentation on ADE20K

Backbone Method FLOPs  #Params | mloU mAcc
PVT-T S-FPN 158G 17TM 36.57  46.72
Slide-PVT-T S-FPN 136G 16M 3843 50.05
PVT-S S-FPN 225G 28M 41.95 53.02
Slide-PVT-S S-FPN 188G 26M 4247  54.00
Swin-T UperNet 945G 60M 44.51 55.61
Slide-Swin-T | UperNet 946G 60M 45.67 57.13
Swin-S UperNet 1038G 81M 47.64  58.78
Slide-Swin-S UperNet 1038G 81IM 4846  60.18

ADE20K semantic segmentation performance

» Experiments: Runtime comparison

Accuracy-Runtime curve on ImageNet Accuracy-Runtime curve on ImageNet Accuracy-Runtime curve on ImageNet
» 1.7x ] | 3.9x 1
R 83 R 83 ~ 83
.E‘fo. ?_,9 -?\.\l i 3.7x N
‘3‘82 | 1":82 1.7x a
e g " Cgo :
g Swin Transformer | 3 Swin Transformer | 3 nEColESiin
<8l —e— Silde-Swin (ours) <81 —8— Silde-Swin (ours) b —8— Silde-Swin (ours)
PVT PVT 81 Im2Col-PVT
80 Slide-PVT (ours) 80 Slide-PVT (ours) Slide-PVT (ours)
40 60 80 100 200 300 400 500 200 400 600 800 1000 1200
Runtime (ms) Runtime (ms) Runtime (ms)
(a) Metal Performance Shader (v.s. Baselines) (b) iPhone 12 (v.s. Baselines) (c) iPhone 12 (v.s. Im2Col)

Runtime comparison results
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Slide-Transformer?

« Experiments: ablation study

A

ABTHE-D
SOGANG UNIVERSITY

(a) Comparison on Swin-T Setting

Local Attention FLOPs #Param Acc. FPS
SASA [25] 4.5G 20M 81.6 644
SAN [37] 4.5G 20M 81.4 670
NAT [11] 4.5G 20M 81.8 821
Ours 4.6G 30M 82.3 790

(b) Comparison on NAT-Mini Setting
Local Attention FLOPs #Param Acc. FPS
SASA [25] 2.7G 20M 81.2 791
SAN [37] 2.7G 20M 81.1 815
NAT [11] 2.7G 20M 81.8 1045
Ours 2.7G 20M 824 998

Comparison of different local attention modules on different model structures

Stages w/ Slide Attention FLOPs #Param | Acc. Diff.
Stagel Stage2 Stage3 Staged
v 4.5G 20M | 81.8 -05
v v 4.6G 29M | 82.3 Ouwurs
v v v 4.6G 30M | 822 -0.1
v v v v 4.7G 30M | 813 -1.0
Swin-T [20] 4.5G 20M | 81.3 -1.0

Ablation study on applying slide attention on different stages




Conclusion

» Novel attention mechanisms to maximize efficiency by constraining receptive field size
- Sparse global attention
- Window attention

- Local attention
- Neighborhood Attention Transformer
:': Localizes SA to each pixel’s nearest neighbors
:'= New Python package NATTEN
- Slide Transformer
:'= New row-based perspective on Im2Col
:'= Deformed shifting module
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