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[1] Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image recognition at scale." ICLR , 2020.
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Vision transformer
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Vision transformer

* Embedding
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Vision transformer

o Self-attention
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Vision transformer

* Vision transformer(ViT)

- Self attention computational complexity of ViT : 4hwC? + 2(hw)?C
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Vision transformer

* Problem

= Unified resolution

- Equal resolution features for all layers

- Dense prediction (segmentation, detection...) difficult
- Computationally inefficient

- Large model size

- Slow inference speed

- Large FLOPs (floating-point operations)
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[1] Wang, Wenhai, et al. "Pyramid vision transformer: A versatile backbone for dense prediction without convolutions." ICCV. 2021..

Hierarchical structure

* Pyramid vision transformer(PVT) [1]
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Hierarchical structure

* Pyramid vision transformer(PVT)

- BHE 0] Object detection X semantic segmentation & 2| dense prediction taskOf|
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Hierarchical structure

* Pyramid vision transformer(PVT)
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[1 Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows.*,ICCV. 2021.

Hierarchical structure
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Hierarchical structure

e Swin transformer
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[1] Wu, Haiping, et al. "Cvt: Introducing convolutions to vision transformers." ICCV. 2021.

Method Conv. Pos. #Param ImageNet

° ° etho Embed. Embed. M) top-1 (%)
Hierarchical structure ; e
¢ v v 203 81.4
d v 20,0 81.6

* Convolutional vision transformer(CvT)[1
( )[ ] Table 6: Ablations on Convolutional Token Embedding.
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MAléItETI:'ead
Self-attention
* Pyramid vision transformer(PVT) Q KV
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Self-attention

e Pyramid vision transformer(PVT)
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Self-attention
* Pyramid vision transformer(PVT)

2
- Self attention computational complexity : 4hwC? + 2 (hLZ) C
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ImageNet COCO ADE20k

o top-1 top-5 | AP™™  AP™sk | mloU
Self-attentlon w/oshifting | 80.2 95.1 | 47.7 415 | 433

shifted windows | 81.3 95.6 | 50.5 43.7 46.1

e Swin transformer

- WindowLH 2| patchE L& 2 2 self attentionz TS+ computational complexity
74

- Shifted window partitioning 7| '2 O| M -& =l swin transformer block= 0| &

- Window 7|8} self attention= windowZ} connectionO| £ %350 modeling & & 0| X[t

- Non-overlapping widow 7t connection= & 5l modeling & &= 24!
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A local window to
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Self-attention

e Swin transformer

- Self attention computational complexity : 4hwC? + 2M?hw(C
- hw : patch 7H==, C : hidden dimension, MXM : Window Ll patch 7=
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Conv. Projection Imagenet
Method Stage 1 Stage 2 Stage 3 top-1 (%)
Self-attenti “ s
e -a en lOn b / 80.8
c v v 51.0
: .. d v v / 81.6
» Convolutional vision transformer(CvT) _
#Blocks | 1 | 2 | 10
- 1Bt token?t 2| overlapped convolution A4S O| &3l query, key, value & & 3t=
convolutional projection At-&
- 215t token?t 2| localityE 112510 self-attention =24
- Stride& ZE S0 key2l value2| spatial reduction= T2
query

Linear projection in ViT Squeezed convolutional projection
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Method #Param (M) | GFLOPs | Top-1 Ace (%)
PVTv2-B0 (ours) 3.4 0.6 70.5
. ResNetl8 [ 1] 1.7 1.8 60.8
Experlments DeiT-Tiny/16 2] 57 1.3 72.2
{PVTv1-Tiny [31] 13.2 1.9 75.1
PV 1Iv.Z-B1 (ours) |EN | 21 ik
. . ResNet30 1] 256 41 76.1
* Classification (ImageNet-1k dataset) ResNeX150-32x4d [37] 25.0 43 776
RegNetY-4G [2] 21.0 40 80.0
. . . . -t . : ]
- Locality2H= inductive biasE F/ 5T swin el 200 g e
transformer Eltl CVTO-||A—| H|j|_7£'|| %% Jg%% [PVTv1-Small [31] 24.5 38 79.8|
TNIS 1] 23.8 ) 813
=l [SwinT 1] 20.0 15 81.3]
CvT-13[ | | 200 | 45 | 81.6
CoaT-Lite Small [ 4] 20.0 30 81.9
Twins-SVT-S [4] 24.0 28 81.7
PVTv2-B2-Li (ours) 22.6 39 82.1
PVTv2-B2 (ours) 25.4 40 82.0
ResNet101 [17] 37 79 774
ResNeXt101-32x4d [ 23] 4.2 8.0 78.8
RegNetY-8G [ 2] 39.0 8.0 81.7
T2T-ViT,-19 [35] 30.0 9.8 81.4
[PV Ty I-Medium [ 1] 442 6.7 81.21
CvT-21 ] A 82.5
PVTv2-B3 (ours) 452 6.9 832
ResNet152[17] 60.2 1.6 783
T2T-ViT.-24 [55] 64,0 15.0 82.2
[PVTvi-Large [11] 61.4 0.8 81.7|
INTE 1 o000 EX A
[SwinS [ 1] 50.0 87 83.0]
Twins-SVT-B [4] 56.0 8.3 83.2
PVTv2-B4 (ours) 62.6 10.1 83.6
ResNeXt101-64x4d [ 1] 835 156 79.6
RegNetY-16G [ 2] 84.0 16.0 82.9
ViT-Base/16 [ 7] 86.6 17.6 81.8
DeiT-Base/16 ] 2] 86.6 17.6 81.8
Swin-B [ 1] 88.0 15.4 83.3]
Twins-SVT-L [] 99.2 14.8 83.7
PVTv2-BS5 (ours) 82.0 118 83.8
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. Method APTJ{'A‘;‘},M A]jfui‘;‘m #param. FLOPs
Experlments RepPointsV2* [12] | - - 520 - - -
GCNet* [7]  |51.8 447|523 454 | -  1041G
RelationNet++* [13]| - - 527 - - -
* Object detection (COCO dataset) R ;g-gl o R R
EfficientDet-D7 [59]| 54.4 551 - | 7TITM 410G
DetectoRS* [46] | - 557 485 | - -
YOLOVAPT*[4] | - - |s58 - - -
Copy-paste [26] | 55.0 47.2 |56.0 47.4 | 185M 1440G
X101-64 (HTC++) | 523 460 | - - | 155M 1033G
SwinB (HTC++) | 564 491 | - - | 160M 1043G
Swin-L (HTC++) | 57.1 49.5 [577 502 | 284M 1470G
Swin-L (HTC++)* | 58.0 50.4 | 587 SL1|284M -

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

Backbone #Param Mask B-CNN ix Mask B-CNN 3x + MS

(M) ApD APL, APD. | AP™ APTL AP | AP APD, APL. | Apm APEL  APZL
ResNet18[21] 312 | 340 50 36T | 31.2 510 327 | 369 57.1 400 | 336 539 357
PVT-Tiny (ours) 329 Bﬁ.?-+_‘.'-'| 502 393 351+39) 567 3713 | 30E+X9 622 430 3IT4(+38 593 390
ResMeta0 [21] 4472 [ 380 386 414 | 344 331 36T | 41.0 617 449 | 371 584 40.1
PVT-Small {ours) 441 404(+2.4) 629 438 378(+34 o601 403 | 43.00+200 653 469 3I09(+2.8 625 428
ResMNet101 [21] 632 | 404 61.1 4472 | 364 577 388 | 428 632 471 | 385 60.1 413
ResMNeXt101-32x4d [72] 628 | 41.9(+1.5) 625 459 | 375(+1.1) 594 402 | 44.00+1.2) 644 480 | 02+0T) 614 410
PVT-Medium (ours) 63.9 420(+1.6) 644 456 30.0(+2.6) 616 421 2(+14) 660 482 405(+20) 631 435
ResNeXtT0T-6dx4d [72] | 10109 [ 438 638 473 [354 ohe 413 | 444 6dD 485 [ 397 619 436
PVT-Large (ours) 81.0  429(+0.1) 650 466 3905(+1.1) 619 425 | 44.5(+01 660 4R3  4D7i+1.p 634 437

Table 3: Ohject detection and instance segmentation performance on COCO val2017. AP" and AP™ denote bounding
box AP and mask AP, respectively.
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Experiments

» Semantic segmentation (ADE20k dataset)

Semantic FPN
Backbone FParam (M) | GFLOPFs | mloU (%)
ResMNetl8 [21] 155 32.2 329
PVT-Tiny (ours) 17.0 33.2 35.7(+2.8)
KesMetdyl [ 1] [ 285 | 45,6 Abd
PWVT-Small {ours) 282 44.5 39.8(+3.1)
KesMet 101 [ 1] 55 651 AR5
ResMNeXt101-32x4d [72] 47.1 647 30.7(+0.9)
PVT-Medium {ours) 48.0 al1.0 41.6(+2.8)
ResNeXt101-64x4d [71] | ind 103.9 40.2
PVT-Large (ours) 65.1 T9.6 42 1(+1.9)
PVT-Large® (ours) 65.1 T9.6 44 8

Table 4: Semantic segmentation performance of differ-
ent backhones on the ADE2OK validation set. “GFLOPs”
is calculated under the input scale of 512 » 512, **” indi-

cates 320K iterations training and multi-scale flip testing.
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ADE20K

val

test

Method Backbone [mlolU score #param. FLOPs FPS
DANet [2°] ResNet-101 | 45.2 69M 11196 15.2
DLabv3+[11] ResNet-101 | 44.1 - 63M 10216 16.0

ACNet [24] ResNet-101 | 45.9 38.5 -

DML [71] ResMet-101 | 46.0 562 | 69M 1249G 14.8
OCENet [77] ResNet-101 45.3| 560 56M 923G 19.3
UperNet [¢Y] ResNet-101 | 44.9 - a6M  1020G 2001
OCENet [7%] HENet-w4d8 | 45.7 - 7IM 664G 125
DLabv3+[11] ResNeSt-101| 46.9 551 | 66M 10516 11.9
DLabv3+ [11] ResNeSt-200| 484 - a8M  1381G 8.1

SETR [=51] T—Larget 503 61.7| 308M - -

UperNet DeiT-57 44.0 52M 1099G 16.2

UperNet Swin-T 461 60M 945G 18.5

UperNet Swin-5§ 493 81M  1038G 15.2

UperNet Swin-B* 5l - 121IM  1841G 87

UperNet Swin-L# 535 628 | 234M 32306 6.2

Table 3. Results of semantic segmentation

pre-trained on ImageNet-22K.

on the ADE20K val
and test set. | indicates additional deconvolution layers are used
to produce hierarchical feature maps. 1 indicates that the model is
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Conclusion
« Transformer”} vision task 2| ':'—'1 O 2 ZEE[7| 2|5l hierarchical structure2} self-
attention layerOf| M 2| 7| M E = &= A7 25| T
= Pyramid vision transformer : patch embedding & spatial reduction attention
- Swin transformer : patch merging & shifted window self attention

- Convolutional vision transformer : convolutional token embedding & convolutional projection

« Transformer2| global®t feature representation2| &= = X| St locality ot inductive
biasg FoF= HEHO M g5 7

SOGANG UNIVERSITY 24

AP THEE -
2 VS



