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(a) CNNs: VGG [+1], ResNet [ 5], etc. (b) Vision Transformer [ 0] (c) Pyramid Vision Transformer (ours)
CNN's Limitations ViT's Limitations PVT (ours)
- Local Receptive Field - Columnar Structure - A Transformer backbone
- Fixed Weights - Low-Resolution Output  as versatile as CNN

- Unsuitable for Det/Seg

Wang, Wenhai, et al. "Pyramid Vision Transformer: A Versatile Backbone for Dense Prediction without Convolutions.”
arXiv preprint arXiv.2102.12122 (2021).
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&Y How PVT obtains the feature pyramid?

« Adjusting the patch size (P;) in Stage i

Divide> H/PxW/Px FC | H/PxW/Px Transformer

HXWxC CP2 C g Encoder

The process of the patch embedding in Stage |



Spatial-Reduction Attention
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Compared to original multi-head attention, the complexity of SRA is R;? times lower!



Detailed settings

%

: the patch size of the stage 7;

Ci
L;
R;

: the channel number of the output of the stage ¢;
: the number of encoder layers in the stage ¢;
: the reduction ratio of the SRA in the stage ;

N;
E;

in the stage ¢;

;- the head number of the SRA in the stage ¢;

;» the expansion ratio of the feed-forward layer [51]

Output Size Layer Name PVT-Tiny | PVT-Small | PVTI-Medium | PVT-Large
Patch Embedding Pr =4, C1 =64
H %% Ry1 =8 Ri =8 Ri =8 R =8
Stage 1 | £ x 2~
age 1 X1 Trg‘:}if;gg:er Ni=1 | x2 Ni=1 | x3 Ni=1 | x3 Ni=1 1| x3
F{ =8 F1 =8 E{ =28 F1 =28
Patch Embedding Py =2; Cy =128
H %% Ry =14 Ry =14 Ry =14 Ry =14
Stage2 | L x X
age s X8 Trg':lsci‘)’;;‘er Na=2 | x2 No=2 | x3 No=2 | x3 No=2 | x8
FEo =8 Eo =8 Eo =8 Ey =8
Patch Embedding P3 =2; C3 =320
H %% R3 =2 R3 =2 R3 =2 Ry =2
oe 3 el AS
Stage 3 | 75 X g Tfé':}ifé’ggef Na=5 | x2 Na=5 | x6 Ns=5 | x18 Ns=5 | x2o7
Es =4 E3 =4 Es =4 Es =4
Patch Embedding Py =2, Cy4=512
H Rys=1 Rys=1 Rs=1 Ry=1
Stage 4 | 1L x W
et | 35 X 33 Trg';ifo"gger Ny=8 | x2 Ni=8 | x3 Ns=8 | x3 Ny=8 | x3
_E4:4_ _E4:4_ Ey=14 Fys =14

Table Al: Detailed settings of Pyramid Vision Transformer (PVT) series. The design follows the two rules of ResNet [5].
(1) With the growth of network depth, the hidden dimension gradually increases, and the output resolution progressively
shrinks; (2) The major computation resource is concentrated in Stage 3.



y) Advantages

- Multi-Scale/High-Resolution Output

- As versatile as CNN, can be apply
to detection/segmentation

- Making pure Transformer detection/
segmentation possible, for example
(1) PVT + DETR
(2) PVT + Trans2Seg

TASK
" 1. cLS
2. DET
3. SEG
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Performance

- PVT-S vs. R50 44 PVT-L RetinaNet
AP: 40.4 vs. 36.3 (+4.1) 42

#Param: 34.2 vs. 37.7 R 0 X10132x4d  Lol-6dxdd
o 38 Backbone | #Param (M) | AP
< RIOL - R7s1m30 213|318
(@) PVT-T (ours) 23.0 36.7
- PVT-L vs. X101'64X4d = 3 R30 R50[15] [ 377 [363
®) PVT-S (ours) 34.2 40.4
AP: 42.6 vs. 41.0 (+1.6) 9 4 RI0T[15] 567|385
S X101-32x4d [56]| 564  [39.9
#Param: 71.1 vs. 95.5 (20% fewer) 32 . ViT-S/32 [10] 60.8 |31.7
R18 ViT-S/32
20 IT-5/ PVT-M (ours) 53.9  |41.9
X101-64x4d [56]] 955  [41.0
- PVT-L (ours) 711|426
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#Parameter (M)



- Deeper vs. Wider

Going deeper is better than going
wider.

- Pretrained

Pretrained weights can help PVT
converge faster and better.

Deeper vs. Wider & Pretrained

#Param RetinaNet 1x
Method ‘ (M) } Top-1 AP APy  AP-:
Wider PVT-Small 46.8 19.3 40.8 61.8 43.3
Deeper PVT-Small 44.2 18.8 419  63.1 44.3

Table A3: Deeper vs. Wider. “Top-1"" denotes the top-1 er-
ror on the ImageNet validation set. “AP” denotes the bound-
ing box AP on COCO val2017. The deeper model obtains
better performance than the wider model under comparable
parameter number.
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y) Computation Cost

- FLOPs Growth Rate 300 ——
ViT-S/16 > ViT-S/32 > PVT-S > R50 250 ViT-Small/32
——PVT-Small (ours)
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Improvements

- Overlapping Patch Embedding
- Convolutional Feed-Forward
- Linear SRA

Before: Original Patch Embedding Before: Original Feed-Forward
R R / / FC O\
Multi-Head Multi-Head ,
Attention hw Attention ' C e . : DWConv
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PVTv1: SRA PVTv2: Linear SRA Improved: Overlapping Patch Embedding Improved: Convolutional Feed-Forward




Performance

Classification on ImageNet Detection on COCO
Method #Param (M) | GFLOPS | Top-1 Acc (%)  Backbone Method |AP® AP2 AP, |#P (M) GFLOPS
ResNeXt101-64x4d [33] 83.5 15.6 79.6 ResNet50 [ 13] Cascade |46-3 643 505 82 739
RegNetY-16G [24] 84.0 16.0 82.9 Swin-T [21] Mack  |30-5 693 549] 86 745
ViT-Base/16 [7] 86.6 17.6 81.8 PVTV2-B2-Li (ours) | onnppp [309 695 55.2| 80 725
DeiT-Base/16 [29] 86.6 17.6 81.8 PVTv2-B2 (ours) 51.1 69.8 553| 83 788
Swin-B [21] 88.0 15.4 83.3 ResNet50 [13] 435 61.9 470 32 205
Twins-SVT-L [4] 99.2 14.8 83.3 Swin-T [21] ATSS [27] [472 665 5131 36 215
PVTv2-B5 (ours) 82.0 11.8 83.8 PVTv2-B2-Li (ours) 1489 68.1 534| 30 194
PVTv2-B2 (ours) 49.9 69.1 54.1| 33 258
ResNet50 [ 13] 445 63.0 483] 32 208
Swin-T [21] GFL[17] |47:6 668 SL7| 36 215
PVTv2-B2-Li (ours) 149.2 68.2 53.7| 30 197
PVTv2-B2 (ours) 50.2 69.4 54.7| 33 261
ResNet50 [ 13] 445 634 482 106 166
Swin-T [21] Sparse (479 67.3 523 | 110 172

PVTv2-B2-Li (ours) |R-CNN [26]|48.9 68.3 53.4 | 104 151
PVTv2-B2 (ours) 50.1 69.5 549 | 107 215




w) Future Direction

- Efficient Attention Layer

Deformable Attention, Linear SRA, ...

- Position Embedding for 2D/3D Images

CPVT, Local VIT, ...

- Pure Transformer Vision Models

Segformer, YOLOS, ....

- Transformer + NAS/Pruning/Distillation/Quantification
Visual Transformer Pruning, Patch Slimming, ...

- Multimodal Transformer (e.g., CV+NLP)

CLIP, Kaleido-BERT, ...



Thanks

Code: https://github.com/whai362/PVT
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