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Vision Transtformer (ViT)

e Self-attention:
e Less inductive bias

4

e Scalable

* w/ larger model
* w/ bigger data
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[Dosovitskiy et al, ICLR 2021]




Vision is not just about classification

* Expanding vision capabilities
* Large resolution
* Multi-scale

* \/ision Transformer

* Quadratic complexity
* No hierarchy




Swin Transformer

[Liu, et al, ICCV 2021]
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e Attention within local window
* Shared weights between windows

* Feature hierarchy



Swin Transformer

* Naive implementation for sliding window attention = expensive
 Advanced techniques (e.g. cyclic shifting) = complicated

* ConvNets have the desired properties already.



ConvNet losing steam?

[ J
Ve nue Convolution, CNN, ConvNet Attention, “-Former”
ECCV 2020 56 54
CVPR 2021 49 78
ICCV 2021 44 176
CVPR 2022 ? ?

Swin Transformer

li] State of the Art Object Detection on COCO test-dev (using additional training data)
[ State of the Art 'Instance Segmentation on COCO test-dev

[} State of the Art Semantic Segmentation on ADE20K (using additional training data)

] Ranked #4 Action Classification on Kinetics-400 (using additional training data)



Swin Transformers is a hybrid architecture

* Similarity: Convolution inductive bias

* Difference:
* “Core” component (attention vs. convolution)
* Training procedures
* Macro and micro architecture design decisions

* Common belief in the 2020s:
* Self-attention is the key for superior performance and scalability.
* ConvNet is NOT a scalable architecture.



To do this, we...

* Start with a simple standard ResNet

* Modernize the architecture towards the construction of a hierarchical
vision transformer

* Central question: How do the design choices in Transformers impact a
ConvNet’s performance?



ResNet-50/200

Improved training recipe

Typical Vision Transformer Training Recipe

4
"
S Typical ResNet Training Recipe

Horizontal Flip RandomResizedCrop

4
Color Jitter
300 epochs
Rand Erase y
fdamw RandomResizedCrop
'—
Rand Aug B Warmup : _
Stochastic Depth Horizontal Flip
Mixup Cosine Schedule ‘
Cutmix ‘ 'Y Label Smoothing
Pl \ A \ / p A 4

ResNet-50 ImageNet top-1: 76.7% -> 78.8% 4
/B

[Revisiting ResNets: Improved Training and Scaling Strategies, Bello et al, 2021] imageNet

[ResNet strikes back: An improved training procedure in timm Wightman, et al, 2021] Top1 Acc (%)
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ConvNet

|256-d

v

1x1, 64 ]
BN, RelU
Y
3x3, 64 ]
BN, RelU
Y
1x1, 256 ]
BN
RelU

A

96-d

LN
y

1x1, 96x3

+ rel. pos. Y
2

¥ win. shift

MSA, w7x7, H=3

>

4
DN

[ 1x1,

>

GFLOPs
ResNet-50/200
— stage ratio
Macro
esign L “patchify” stem
[— depth conv
ResNeXt
[ width T
Inverted . . .
inverting dims
Bottleneck
— move T d. conv
kernel sz. — 5
— kernel sz. = 7
Kernel
kernel sz. —» 9
—  kernelsz. - 1
— ReLU—GELU
fewer activations
Micro
Design fewer norms
BN — LN
sep. d.s. conv
ConvNeXt-T/B
o000
/B
ImageNet
78 80 82

Top1 Acc (%)



Stage compute ratio

layer name | output size 18-layer I 34-layer | 50-layer | 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
33 max pool, stride 2
1x1, 64 [ 1x1,64 ] 1x1,64 ]
Conv2. | BOX36 [ gi; gj ]xz [ izg gj ]xs 3x3, 64| | x3 3x3,64 |x3 3x3,64 |x3
g : | 1x1,256] | | 1x1,256 | . Tx1; 256 |
. . . . [ 1x1, 128] ] [ 1x1, 128 [ 1x1, 128 ]
conv3x | 28x28 gig 32 X2 gzg 32 x4 | | 3x3,128] | x4 3x3,128 | x4 3%3,128 | x8
. 3 : L 3 . | 1x1,512] | | A510 | |, Txcl; 5. |
< : : § 1x1,256] ] 1x1,256 1x1, 256 |
convdx | 14x14 gig 522 x2 gzg ;gg x6 || 3x3, 256| x6 | | 3x3,256 |x23 || 3x3,256 |[x36
. : : : : 1 | 1x1,1024 | 1x1,1024 | 1x1, 1024 |
: : : N 1x1,512] 1x1, 512 1x1,512
conv5_x %7 giggg X2 gi;gg x3 || 3x3,512) | x3 3x3,512 | x3 3x3,512 | x3
L 2 : L : . | 1x1,2049 | | 1x1,2048 1x1, 2048
1x1 average pool, 1008=a=fers0ftmax
FLOPs 1.8x10° | 3.6x10° | 3.8x10° 7.6x10° 11.3xd0°
Swin-T 1:1:3:01

ResN et-50 [3)4)623]

Qurs.

(3,3,9,3]

ResNet-50/200
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ResNet Input Stem

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
33 max pool, stride 2
1x1, 64 1x1, 64 I1x1,64
2_ bl 9, 9
GOMV2X, | POKG [ gig gj ]xz [ g:g gj ]x3 W6k | 3x3,64 |x3 3x3,64 |x3
? 4 REa® N | 1x1,256 | |, Tl 256 |
. . . . [ 1x1,128 ] [ 1x1,128 ] [ 1x1,128 ]
conv3x | 28x28 gig 32 x2 gig 32 x4 | | 3x3,128 | x4 3%x3,128 | x4 3x3,128 | x8
L g . L 3 : | I 518 | | 1%1,512 | | 1x1,512 |
- . . - 1x1,256 ] 1x1,256 ] 1x1,256
convdx | 14x14 gzg ;gg x2 gi; ;22 x6 | | 3x3,256 |x6 || 3x3,256 [x23|| 3x3,256 |x36
L g . L : : | 1x1,1024 | 1x1,1024 | 1x1,1024 |
y § . 5 1x1,512 7 1x1,512 1x1,512
convSx | Tx7 g:ggg 2 gi;gg <3 || 3x3.512 |x3| | 3x3.512 |x3 3x3.512 | x3
L g . L E : | 1x1,2048 | 1x1, 2048 1x1, 2048
I1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10° 3.8x10° 7.6x10° 11.3x10°
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GFLOPs

ResNet-50/200

ResNeXt-ify

depth conv
ResNeXt

width T

Dense Conv

Grouped Conv l
HiL

<> o o* G=
ct WvL ct /EGL
[Xie et al, 2016] Wi

T
* ] I
’_
Depthwise Conv j
# groups = # channels cee
[Howard et al, 2017] -
[Chollet et al, 2016] /B

ImageNet

Top1 Acc (%) 78 80 82



GFLOPs

ResNet-50/200

Inverted Bottleneck

1 1 Inverted

C-dim > 4C-dim Bottleneck

| 4C-dim T
C-dim | C-dim

P Contraction

=3 i

1 C-dim - 4C-dim

inverting dims

C-dim

Transformer ResNet

/B

ImageNet

Top1 Acc (%) 78 80 82



Inverted Bottleneck
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ResNet-50/200

— i

I

—conv 3x3 conv 1x1

2016 () ResNet

Inverted : L
inverting dims
Q Bottleneck
C C/4 C/4 C
| . I
residual
Inverted Bottleneck
2018 MobileNet v2
[Sandler et al, 2018]
/~—Jconv 3x3 conv 1x1
4C 4C C
. I
residual X X)
swin-/8 [ -

ImageNet

Top1 Acc (%) 78 80 82



Large kernel size

A

) Expansion

BB |

Transformer

C-dim

4C-dim

C-dim

Global
C-dim

Local

P Contraction W

C-dim

4C-dim

[ Depthwise 3x3
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]

4C-dim

p Expansion 4

|

C-dim
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GFLOPs

ResNet-50/200

Large kernel size

A A Inverice inverting dims
\ i Bottleneck
> -aim e C-dim move T d. conv
A . A
4C-dim 4C-dim
¥AJ
C-dim
Depthwise
| I Conv
1 C-dim —

Transformer

Prerequisite: move depth-wise before “expansion”.
Reduce flops w/ larger kernel size. B

ImageNet

Top1 Acc (%) 78 80 82



Large kernel size

C-dim

3X3 7X7 9X9 / \

4C-dim

A N\ \ N
A N\ N\ N
A\ \ N

Lﬂ/

4C-dim
Depthwise
Conv
- C-dim

Larger kernel size helps, performance saturate at 7x7
Swin’s choice of local window size is also 7 @
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ResNet-50/200

Inverted

inverting dims
Bottleneck &

— move T d. conv

ernel sz. — 5

Large

ernel sz. — 7
Kernel

swin-1/6 [N+

ImageNet

Top1 Acc (%) 78 80 82
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ResNet-50/200

Activations

A GELU

Nonlinearities > BN

N gy £ >
BN, GELU

h  Linear
BN, GELU IS

— ReLU—GELU

Depthwise

Conv

| \/ fewer activations
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_-2 _'1 CI) 1 > Design fewer norms

BN — LN

sep. d.s. conv

ConvNeXt-T/B

ReLU-> GELU
/B

ImageNet

Top1 Acc (%) 78 30 82



Fewer Activations/Norms

GeLU

>
>

>
>

ﬁ j
I GELU
F LN
Depthwise
I :} Conv
A LN -
Transformer

One norm, one activation is enough per block

+0.8 without changing flops
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Normalization

BatchNorm

LayerNorm >

Depthwise
Conv

One LayerNorm is good enough.
Say U to BatchNorm pitfalls!
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|
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\
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ImageNet
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“Batch normalization in the mind of many people, including me,
is a necessary evil. In the sense that nobody likes it, but it kind

of works, so everybody uses it, but everybody is trying to
replace it with something else because everybody hates it.”

- Yann LeCun, 2018

“A very common source of bugs”
- CS5231n 2019




Separate downsampling layer

downsp. rate
(output size)

Swin-T

concat 4 x4, 96-d. LN

Swin-S

concat 4x4, 96-d, LN

Swin-B

concat4x4 128- d LN

Swin-L

concat 4 x4, 192-d, LN

4x . . .
stage 1 win. sz. 7x7, win. sz. 7x7, win, sz. 7x7, win. sz. 7x7,
(36x36) dim 96, head 3| X2 | |dim 96, head 3| X 2 |dim 128, head 4| ™ 2 | |dim 192, nead 6] * 2
8 x concat 2x2, 192-d, LN | concat2x2, 192-d, LN concat 2x2, 256-d , LN concat 2x2, 384-d, LN
stage 2 Wwin. SZ. win. Sz. Win. sz. /X win. SZ.
(28x28) dim 192 head &l X2 | [4im 109 peaggl X 2 dim 256 head &1 %2 | ldim 384 head 12] %2
1o Gstialox o Mad LD L conciaxn B3 LN | convatlod dlad LN | conwal o, JORJ L LD
stage 3 win. sz. 7x7, win. sz. 7x7, win. sz. Tx7, win. sz. 7x7,
(14%19) | | dim 384, head 12] * ® | |dim 384, head 12| * '® | |dim 512, nead 16| * ® | |dim 768, head 24| > '®
32 % concat 2x2, 768-d , concat 2x2, 768-d , LN | concat 2x2, 1024-d , LN | concat 2x2, 1536-d , LN
stage 4 (TxT) e win. Sz, win, sz. /x 5

dim 768 head 24

dim 768, head 24

dim 1024, head 32

“Table 7. Detailed architecture specifications.




ResNet-50/200

— stage ratio

Macro
ConvNeXt block o
[— depth conv

ResNeXt
L width T

Inverted . o
inverting dims
Bottleneck

— move T d. conv

—_— kernel sz. — 5

Large kernel sz. = 7

GELU Kernel

\ 4

LN
— ReLU—GELU
Depthwise

7X7 fewer activations

1 Micro
Design fewer norms
BN — LN
L. . sep. d.s. conv
Minimal design: ConvNeXt-T/B

as simple as possible, but not simpler.

/B

ImageNet

Top1 Acc (%) 78 80 82



ResNet-50/200

— stage ratio

Macro
ConvNeXt block D
[— depth conv

ResNeXt
L width T

Inverted . o
inverting dims
Bottleneck

— move T d. conv

—_— kernel sz. — 5

Large kernel sz. = 7

GELU Kernel

\ 4

LN
—  ReLU—GELU
Depthwise
7%/ fewer activations
1 Micro

Design fewer norms

BN — LN

. . sep. d.s. conv

1. 100 lines of code (vs 500+ for Swin Transformer) ConvNext-T/B
2. No specialized module .

ImageNet

Top1 Acc (%) 78 80 82



ImageNet-1K Acc.

90

88

86

84

82

80

78

Challenge the common belief:

ResNet (2020)
(2015)

ConvNeXt
Swin Transformer

(2021) '

DeiT

ImageNet-1K Trained

ConvNeXt
Swin Transformer
ViT (2021)
(2020)
Diameter
4I aI 16I 25é GFLOPs

ImageNet-22K Pre-trained

* Self-attention is NOT the key for superior scalability.
e ConvNets can be scalable architectures.



Downstream Transfers

backbone FLOPs FPS AP*°* APRx APIX Apmask Apmusk Apmask
Mask-RCNN 3 x schedule
Swin-T 267G 23.1 460 68.1 503 41.6 651 449 backbone input crop. mloU #param. FLOPs
e ConvNeXt-T 262G 256 46.2 679 508 417 650 449 ImageNet-1K pre-trained
Cascade Mask-RCNN 3 x schedule Swin-T 510° 458 60M 945G
e ResNet-50 739G 114 463 643 505 40.1 61.7 434 e ConvNeXt-T 512% 46.7 60M 939G
e X101-32 819G 92 48.1 665 524 416 639 452 Swin-S 5122 49.5 81M 1038G
e X101-64 972G 7.1 483 664 523 4177 64.0 45.1 e ConvNeXt-S 5122 49.6 82M 1027G
Swin-T 745G 12.2 504 692 547 437 666 473 Swin-B 5122 49.7 121IM  1188G
e ConvNeXt-T 741G 13.5 504 69.1 548 437 665 473 e ConvNeXt-B 5122 499 122M  1170G
Swin-S 838G 114 519 70.7 563 450 682 488 ImageNet-22K pre-trained
e ConvNeXt-S 827G 12.0 519 708 565 450 684 49.1 Swin-B¥ 6402 51.7 121IM  1841G
Swin-B 982G 10.7 519 705 564 450 68.1 489 e ConvNeXt-Bi 6402 53.1 122M  1828G
e ConvNeXt-B 964G 114 52.7 713 572 456 689 495 Swin-L3 6402 535 234M  2468G
Swin-B* 982G 10.7 530 71.8 575 458 694 49.7 o Nt 6402 53.7 235M  2458G
e ConvNeXt-Bf 964G 11.5 540 73.1 588 469 706 51.3 ConvNeXt-XL} 6402 54.0 391M  3335G
Swin-L} 1382G 92 539 724 588 467 701 508 @ omvRe :
e ConvNeXt-L¥ 1354G 10.0 548 73.8 598 47.6 713 517
o ConvNeXt-XL* 1898G 8.6 552 742 599 477 716 522 ADE20K Semantic Segmentation

COCO Detection and Instance Segmentation



Preliminary observation re: inference speed

image throughput  IN-1K /22K

model size FLOPs (image /s) trained, 1K acc.
Swin-T 224%  4.5G 1325.6 813/ -
e ConvNeXt-T 2242 4.5G 1943.5 +47%) 821/ -
Swin-S 224%  8.7G 857.3 83.0/ -
e ConvNeXt-S 2242 8.7G 12753 +49%) 831/ -
Swin-B 2242 154G 662.8 83.5/85.2
e ConvNeXt-B 2242 154G 969.0 +46%)  83.8/85.8
Swin-B 3842 47.1G 242.5 84.5/86.4
e ConvNeXt-B 3842 450G 336.6 (+39%)  85.1/86.8
Swin-L 2242 345G 435.9 — /863
e ConvNeXt-L. 2242 344G 611.5 +40%)  84.3/86.6
Swin-L 3842 103.9G 157.9 — /873
e ConvNeXt-L. 3842 101.0G 211.4 (+34%)  85.5/87.5
e ConvNeXt-XL 2242 60.9G 424.4 — /870
e ConvNeXt-XL. 3842 179.0G 147.4 — /878

Table 12. Inference throughput comparisons on an A100 GPU.
ConvNeXt enjoys up to ~49% higher throughput compared with a
Swin Transformer with similar FLOPs.



Robust models? Just scale it!

Model Data/Size FLOPs/Params Clean C(}) C({) A R SK

ResNet-50 1K/2242 4.1/25.6 76.1 76.7 5777 0.0 36.1 24.1

Swin-T [42] 1K/2242 4.5/28.3 81.2 620 - 21.6 41.3 29.1
RVT-S* [44]  1K/2242 4.77/23.3 81.9 494 37.5 257 47.77 34.7
ConvNeXt-T  1K/2242 4.5/28.6 82.1 532 40.0 242 47.2 33.8
Swin-B [42] 1K/2242 15.4/87.8 834 544 - 358 46.6 324
RVT-B* [44]  1K/2242 17.7191.8 82.6 46.8 30.8 28.5 48.7 36.0
ConvNeXt-B  1K/2242 15.4/ 88.6 83.8 46.8 344 36.7 51.3 38.2

ConvNeXt-B  22K/384% 45.1/88.6 86.8 43.1 30.7 62.3 649 51.6
ConvNeXt-L.  22K/3842 101.0/197.8 875 402 299 65.5 66.7 52.8
ConvNeXt-XL 22K/384% 179.0/350.2 87.8 388 27.1 69.3 68.2 55.0

Table 8. Robustness evaluation of ConvNeXt. We do not make
use of any specialized modules or additional fine-tuning procedures.



Thank youl!



