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»» Attention Models. Vision Transformers (ViTs)

Theory is when you know

everything but nothing
works.

Practice is when

everything works but no
one knows why.

In AutoML, theory and
practice are combined:
nothing works and no one
knows why.
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“* Attention Models. Vision Transformers (ViTs)
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[1] Cordonnier, Jean-Baptiste, Andreas Loukas, and Martin Jaggi. "On the relationship between self-attention
and convolutional layers." ICLR 2020.

[2] Dong, Yihe, Jean-Baptiste Cordonnier, and Andreas Loukas. "Attention is not all you need: Pure attention
loses rank doubly exponentially with depth.

[3] Xie, Cihang, et al. "Feature denoising for improving adversarial robustness.”" CVPR 2019.

[4] Paul, Sayak, and Pin-Yu Chen. "Vision transformers are robust learners."



| Rethinking ViTs
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Zhu, Xizhou, et al. "An empirical study of spatial attention mechanisms in deep networks." ICCV 2019.



| Rethinking ViTs (cont’ d)

Local attention: perform attention in local small windows
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*® V|TS E[’(] &ﬁ‘%%\% Swin-T [37] 224> 28M 4.5G 713.5 81.3 36.6
Swin-B [37] 2242 88M 154G 263.0 83.3 87.9

R - Depth-wise convolution + point-wise 1 X 1 convolution
» Sparse connectivity DW-Conv.-T 2242 24M 3.8G 028.7 81.3 86.8
. . . DW-Conv.-B J2a* 74M 129G 327.6 83.2 87.9

4

« Weight sharing D-DW-Conv.-T 2247 SIM 3.8G 397.0 81.9 87.3
D-DW-Conv.-B 2242 162M  13.0G 322.4 83.2 87.9

“* Dynamic weight

Table 3: Comparison results on COCO object detection and ADE semantic segmentation.

COCO Object Detection ADE20K Semantic Segmentation

#param. FLOPs | AP APz AP72" AP™**" | #param. FLOPs mloU
Swin-T 86M 747G | 50.5 693 549 43.7 60M 947G 44.5
DW Conv.-T 82M 730G | 499 68.6 543 43.4 56M 928G 45.5
D-DW Conv.-T 108M 730G | 505 695 54.6 43.7 83M 928G 45.7
Swin-B [45M 986G | 519 709  56.5 45.0 12IM  1192G 48.1
DW Conv.-B 132M 924G | 51.1 69.6 554 44.2 [08M  1129G 48.3
D-DW Conv.-B 219M 924G | 51.2 70.0 554 44 .4 195SM  1129G 48.0

[1] Han, QI, et al. "Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic
Weight.”

[2] Zhao, Yucheng, et al. "A Battle of Network Structures: An Empirical Study of CNN, Transformer, and MLP."
Rao, Yongming, et al. "Global filter networks for image classification.”
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+*\\What can we learn from vision transformers?

* Large kernel design

** High-order relation modeling



| Inspiration from Vision Transformers

‘*Large kernel models

**»High-order relation modeling



| Spatial Modeling MEGVII L

* Vision Transformers  CNNs
» Global MHSA [1] » Large kernels (e.g. >= 5x95) [4]
* Local MHSA (e.g. >=7x7) [2, 3] » Stack of 3x3 (DW, Group) Convs [J]
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[1] Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR 2021.
[2] Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." I[CCV 2021.

[3] Dong, Xiaoyi, et al. "Cswin transformer: A general vision transformer backbone with cross-shaped windows."

[4] Szegedy, Christian, et al. "Inception-v4, inception-resnet and the impact of residual connections on learning." AAAI
2017.

[5] He et al. "Deep residual learning for image recognition." CVPR 2016.



| Spatial Modeling MEGVII L

* Vision Transformers * CNNs
* Global MHSA [1] » Large kernels (e.g. >= 5x5) [3]
» Local MHSA (e.qg. >=7x7) [2] » Stack of 3x3 (DW, Group) Convs [4]

’ Relu activation
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[1] Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR 2021.
[2] Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." I[CCV 2021.

[3] Szegedy, Christian, et al. "Inception-v4, inception-resnet and the impact of residual connections on learning." AAAI
2017.

[4] He et al. "Deep residual learning for image recognition." CVPR 2016.



| Advantages of Large Kernels
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Luo, Wenjie, et al. "Understanding the effective receptive field in deep convolutional neural networks." NIPS 2016.



| Advantages of Large Kernels (cont’ d)
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[1] Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image
recognition." ICLR 2015.
[2] Veit, Andreas, Michael J. Wilber, and Serge Belongie. "Residual networks behave like ensembles of relatively
shallow networks." NIPS 2016.
[3] De, Soham, and Samuel L. Smith. "Batch normalization biases residual blocks towards the identity function in

deep networks." NeurlPS 2020.



| Advantages of Large Kernels (cont’ d)
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< KB FTFCN-based ] AT 5542 71 B
**Detection (e.g. deformable conv [1], DetNAS [2])

<

*Segmentation (e.g. global conv [3], dilated conv [4])

k 3 5 7 9 11
Score (GCN) | 70.1 | 71.1 | 72.8 | 73.4 | 73.7
Score (Stack) | 69.8 | 71.8 | 71.3 | 69.5 | 67.5

[1] Dai, Jifeng, et al. "Deformable convolutional networks." ICCV 2017.
[2] Chen, Yukang, et al. "Detnas: Backbone search for object detection.” NeurlPS 2019.
[3] Peng, Chao, et al. "Large kernel matters--improve semantic segmentation by global convolutional network."

CVPR 2017.
[4] Chen, Liang-Chieh, et al. "Deeplab: Semantic image segmentation with deep convolutional nets, atrous

convolution, and fully connected crfs." TPAMI 2017.
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[1] Tan, Mingxing, and Quoc Le. "Efficientnet: Rethinking model scaling for convolutional neural networks." ICML 2019.
[2] Radosavovic, llija, et al. "Designing network design spaces." CVPR 2020.



| Large Kernel CNN Design MEGVII L

0:0 IEJ ﬂ%ﬁ |mageNet E[(J )? I} Kll‘éé Pretrained Model ResNet50 | ResNet50-GCN
ImageNet cls err (%) 1.0 7.9
o | N t/\%ﬂab —~1i, I_Ejés I ,;I::k:/—: 1 Seg. Score (Baseline) 065.7 1.2
¢ mage el R M Re y /K £ AIL [ ] Seg. Score (GCN + BR) 12.3 T2.5
NS AN AT A )ﬁjzm_f b <1 \‘H
¢ ImageNet)j ﬁ/f——‘ Xﬂ"m‘ X”Tﬁjzrlﬁ‘l [2’ 3] Backbone | epochs APPP APk
R50 12 39.0 35.0
BoT50 12 1394 (+0.4)[135.3 (+0.3)
%* XULW 5'51 /(JT}”//?%D &555 =/ EEEH% BoT50 24 |42.8 (+1.6)|38.0 (+ 1.1)
R50 36 42.1 37.7
BoT50 36 |43.6(+1.5)(38.9(+1.2)
R50 72 42.8 37.9
BoT50 72 143.7 (+0.9)(38.7 (+0.8)

[1] Geirhos, Robert, et al. "ImageNet-trained CNNs are biased towards texture; increasing shape bias improves

accuracy and robustness." ICLR 2019.
[2] Peng, Chao, et al. "Large kernel matters--improve semantic segmentation by global convolutional network.” CVPR

2017.
[3] Srinivas, Aravind, et al. "Bottleneck transformers for visual recognition." CVPR 2021.



| Large Kernel CNN Design (Cont’ d) MEGVI /RN
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(56x56) . 3 X 2 (a) Various frameworks
| dim 96, head 3 Method  Backbone|AP™* APES* APRY* [#param. FLOPs FPS
Q concat 2x2, 192-d , LN Cascade R-50 [463 643 505| 82M 739G 18.0
X : Mask R-CNN Swin-T | 50.5 69.3 54.9| 86M 745G 15.3

stage 2 win. sz. 7x7,
(28x28) dim 192, head 6| % 2 = R-50 | 435 619 47.0| 32M 205G 28.3
; it ! Swin-T |47.2 66.5 51.3| 36M 215G 223
S Jaran concat 2x2, 384-d , LN . R-50 |46.5 646 503 | 42M 274G 13.6
'SCR'E 16x . RepPointsV2 ;

¢ stage 3 wWin. 8z. Tx7, Swin-T | 50.0 68.5 54.2| 45M 283G 12.0
(14x14) dim 384. head 12| % © Sparse  R-50 | 445 634 482 106M 166G 21.0
- ‘ R-CNN  Swin-T 479 67.3 52.3| 110M 172G 18.4

. = oD 5 - concat 2x2, 768-d , LN
! g DY 2 .
%° /ﬂz EI/(J/ *@ [1 ] staged | 757y { R 4] X 2

H dim 768, head 2
.:. %% *Z éj\ﬁﬂ [2] Table 3: Comparison results on COCO object detection and ADE semantic segmentation.
& ) COCO Object Detection ADE20K Semantic Segmentation
#param. FLOPs | AP"°" AP AP72" AP™**" | #param. FLOPs mloU
7 :
*FFT Conv [3] Swin-T 86M 747G | 505 693 549 437 60M 947G 44.5
DW Conv.-T 82M 730G | 499 68.6 54.3 43.4 S6M 928G 45.5
o TR 73 Sty D-DW Conv.-T 108M 730G 50.5 69.5 54.6 43.7 83M 928G 45.7
oML E T [4] Swin-B [45M 986G | 519 709 565 450 | 12IM 1192G| 481
DW Conv.-B 132M 924G | 351.1 69.6 55.4 44.2 108M  1129G 48.3
D-DW Conv.-B 219M 924G | 51.2 70.0 55.4 44 .4 195SM  1129G 48.0

[1] Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." ICCV 2021.

[2] Han, QI, et al. "Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic Weight.”
[3] Rao, Yongming, et al. "Global filter networks for image classification.”

[4] Zhu, Xizhou, et al. "Deformable detr: Deformable transformers for end-to-end object detection.” ICLR 2021.



| Large Kernel CNN Design (Cont’
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[1] Ding, Xiaohan, et al. "Repvgg: Making vgg-style convnets great again." CVPR 2021.
[2] Ding, Xiaohan, et al. "RepMLP: Re-parameterizing Convolutions into Fully-connected Layers for Image
Recognition.”




| Large Kernel CNN Design (Cont’ d)
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| Inspiration from Vision Transformers

**Large kernel models

“*High-order relation modeling



| High-order Relation Modeling
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| High-order Relation in MHSA
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[1] Huang, Zilong, et al. "Ccnet: Criss-cross attention for semantic segmentation." ICCV 2019.




| Learnable Tree Filters (LTFs)

“*Non-local attention [1]
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[1] Wang, Xiaolong, et al. "Non-local neural networks." CVPR 2018.
[2] Song, Lin, et al. "Learnable tree filter for structure-preserving feature transform.” NeurlPS 2019.
[3] Song, Lin, et al. "Rethinking learnable tree filter for generic feature transform."” NeurlPS 2020.



| Advantages of LTFs
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| Advantages of LTFs (cont’ d)
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| Advantages of LTFs (cont’ d)
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Model Stage APy, AP, AP;, AP,, AP}, AP’ #FLOPs #Params
ResNet-50 (1x) - 38.8 587 424 352 556  37.6 2794B  44.4M
+Non-Local [11] 4 395 59.6 427 356 567 376 +10.67B +2.09M
+CCNet [12] 345  40.1 604 441 360 574 384 +16.62B +6.88M
+LatentGNN [14] 345 406 613 445 366 581 392  +359B +1.07M
+GCNet [15] All 407 610 442 367 581 392  +035B  +10.0M
+LTF-V1 345 400 604 437 361 575 384  +03I1B  +0.06M
3 40.1 599 439 360 571 383 +043B +0.02M

ST 4 406 610 444 366 582 390 +026B  +0.04M
5 402 605 436 361 575 384  +0.17B  +0.08M

345 412 61.6 452 370 584 395 +0.68B  +0.14M
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