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SegFormer: Simple and Efficient Design for Semantic Segmentation with Transformers
E Xie, W Wang, Z Yu, A Anandkumar, JM Alvarez, P Luo
Conference on Neural Information Processing Systems (NeurlPS), 2021

Pyramid vision transformer: A versatile backbone for dense prediction without convolutions
W Wang, E Xie, X Li, DP Fan, K Song, D Liang, T Lu, P Luo, L Shao
IEEE International Conference on Computer Vision (ICCV)

PVT v2: Improved baselines with Pyramid Vision Transformer
W Wang, E Xie, X Li, DP Fan, K Song, D Liang, T Lu, P Luo, L Shao
Computational Visual Media 8 (3), 415-424

Bevformer: learning bird's-eye-view representation from lidar-camera via spatiotemporal

transformers
Z Li, W Wang, H Li, E Xie, C Sima, T Lu, Q Yu, J Dai
IEEE Transactions on Pattern Analysis and Machine Intelligence
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* MLP Decoderg &&%3l local attentionf global attentiong & < SemFPN ot | params | stoms | sos
SegFormer-B0 374 3.7M 8.4G | 505
BO FCN-RS0 36.1 49.6M | 198.0G | 235
36 . SegFormer-82 46.5 27.5M | 62.4G | 245
FCN-RS0  Deeplabv3+/R101 | 441 | 62.7M | 255.1G | 14.1
HRNet-W48 + OCR | 43.0 | 70.5M | 164.8G | 17.0
SegFormer-B4 503 | 64.1M | 957G | 154
SETR 486 | 3183M | 362.1G 54
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Segformer Encoder

1. Overlap patch Merging
2. Efficient Self-Attention
3. Mix-FFN
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ViT SegFormer

Stage 2 (P=8) Stage 3 (P=16) Stage 4 (P=32)
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‘ e

Stage 2 Stage 3 Stage 4
’ (P=8) ’ (P=16) ’ (P=32)

« VIiTE IH™El patch AIO|=E AHE
« Segformer= stageE2E CHE 7HH patch AIO|ZE ALE
« Stage 4= non-local &, Stage 12 local SEE AN
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Overlap patch Merging

it « ViT9| Merging B2 local continuityS B S}X| 2%
|

local continuity : Q1& o IfX| 7to] HAAEO| RA|kl= &
Segformer « OverlapE &°lf 7|& ViTe| =X si&

- Feature mapl| SHEEE EHAECE HE

e ol input + 2P — K
(K=3, 5=2, P=1) Ex) output = S +1
input : 8
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Efficient Self-Attention

1 t
Multi-Head Multi-Head
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Spatial |
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Multi-Head Attention Spatial-Reduction Attention (ours)

« Segformer= VIiT 2Lt patchE 02] 7if &7 ¢4tE0] St
« Reduction ration(R)E A3l cost =X SHZ

. 2} Stage| R : [64, 16, 4, 1]

« 0(n? to O(N;)
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K = Linear(C - R, C) (K

U R)(K
),
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Mix-FFN
(class token R
/7 reshape IEShap.ta/
_ W
 Jeature tokens PEG position encodings |
«  7|&2| Positional Embedding2 1 E {4 E=E 7HH

=AM &= 37|17t HotH d5 Aot 2

Xout = MLP(GELU(CODV3 %3 (MLP(XZn )) ) ) + Xin

Chu, Xiangxiang, et al. "Conditional positional encodings for vision transformers."
arXiv preprint arXiv.2102.10882 (2021).
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All-MLP Decoder

t Encoder L Decoder [
| X %_XC,_ TXEXC,  TXTXC, X XC, ' TX T X4C = %_;Nm

0 F; = Linear(C;, C)(F;), Vi

33 3 3 3 3 W

oD | [F2] .| LIZZ 3 > = R R

gz? gg §§” gg:l:kggzl: 5= o F; = Upsample(z X Z)( 1), Vi
o S @ T

- - F = Linear(4C, C')(Concat(F;)), Vi
M =

H W H W w
TR RC s XC TXTXC

Linear(C, Ns)(F),

BuiBiapy
yoed depanQ
|
¥

URv-Ies
jusiny3g
| N44-XIN I

XN
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Encoder Params ADE20K Cityscapes COCO-Stuff
Model Size | Encoder Decoder | Flops] mloU(SS/MS) 1 | Flops| mloU(SS/MS) 1 | Flops] mloU(SS)
MiT-B0 34 0.4 8.4 37.4/38.0 125.5 76.2 /78.1 8.4 35.6
MiT-B1 13.1 0.6 15.9 42.2/43.1 243.7 78.5/80.0 15.9 40.2
MiT-B2 24.2 3.3 62.4 46.5/47.5 717.1 81.0/82.2 62.4 44.6
MiT-B3 44.0 3.3 79.0 49.4/50.0 962.9 81.7/83.3 79.0 45.5
MiT-B4 60.8 3.3 95.7 50.3/51.1 1240.6 82.3/83.9 95.7 46.5
MiT-B5 81.4 3.3 183.3 51.0/51.8 1460.4 82.4/84.0 111.6 46.7
BO-1 (C: 256)

B2-5 (C : 768)

12
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| Method Encoder | Params | | ADE20K | Cityscapes

| \ | Flops| FPST mloU*t | Flops| FPStT mloU*?
FCN [1] MobileNetV2 9.8 39.6 64.4 19.7 317.1 14.2 61.5
ICNet [11] - - - - - - 30.3 67.7
2 | PSPNet [17] MobileNetV2 13.7 52.9 57.7 29.6 4234 11.2 70.2
iz | DeepLabV3+ [20] MobileNetV2 15.4 69.4 43.1 34.0 555.4 8.4 75.2
E 8.4 50.5 374 | 1255 152  76.2
: - - - 51.7 26.3 75.3
SegFormer (Ours) MiT-B0O 3.8 i i i 315 371 737
- - - 17.7 47.6 71.9
FCN [1] ResNet-101 68.6 275.7 14.8 41.4 2203.3 1.2 76.6
EncNet [24] ResNet-101 55.1 218.8 14.9 447 1748.0 1.3 76.9
PSPNet [17] ResNet-101 68.1 256.4 15.3 44 4 2048.9 1.2 78.5
2 CCNet [41] ResNet-101 68.9 278.4 14.1 45.2 2224.8 1.0 80.2
i= | DeeplabV3+ [20] ResNet-101 62.7 255.1 14.1 44.1 2032.3 1.2 80.9
— | OCRNet [23] HRNet-W48 70.5 164.8 17.0 45.6 1296.8 4.2 81.1
~ | GSCNN [35] WideResNet38 - - - - - - 80.8
5 Axial-DeepLab [74] AxialResNet-XL - - - - 2446.8 - 81.1
Z. | Dynamic Routing [75] | Dynamic-L.33-PSP - - - - 270.0 - 80.7
Auto-Deeplab [50] NAS-F48-ASPP - - - 44.0 695.0 - 80.3
SETR [7] ViT-Large 318.3 - 5.4 50.2 - 0.5 82.2
SegFormer (Ours) MiT-B4 64.1 95.7 15.4 51.1 1240.6 3.0 83.8
SegFormer (Ours) MiT-B5 84.7 183.3 9.8 51.8 1447.6 2.5 84.0
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(b) Accuracy as a function of the MLP (¢) Mix-FEN vs. positional encoding (PE) for
dimension C in the decoder on ADE20K. different test resolution on Cityscapes.

C | Flops| Params| mloU* Inf Res Enc Type mloU 1
256 | 25.7 24.7 44.9 768 %768 PE S
512 | 39.8 25.8 45.0
768 624 7 5 454 1024 %2048 PE 74.0
1024 | 93.6 29.6 45.2 768 X768 Mix-FFN  80.5
2048 | 304.4 43.4 45.6 1024 %2048 Mix-FEN 79.8
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Assistant Professor, Brown University
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Openlmages: A public dataset for large-scale multi-label and multi-class image classification
| Krasin, T Duerig, N Alldrin, A Veit, S Abu-El-Haija, S Belongie, D Cai, ...
github.com/openimages

Speed/accuracy Trade-offs for Modern Convolutional Object Detectors
J Huang, V Rathod, C Sun, M Zhu, A Korattikara, A Fathi, | Fischer, ...
CVPR 2017

Revisiting Unreasonable Effectiveness of Data in Deep Learning Era
C Sun, A Shrivastava, S Singh, A Gupta
ICCV 2017

ViVIiT: A Video Vision Transformer

A Armab, M Dehghani, G Heigold, C Sun, M Lug¢i¢, C Schmid
ICCV 2021

The iNaturalist species classification and detection dataset
G Van Horn, O Mac Aodha, Y Song, ¥ Cui, C Sun, A Shepard, H Adam, ...
CVPR 2018

Rethinking Spatiotemporal Feature Learning For Video Understanding
S Xie, C Sun, J Huang, Z Tu, K Murphy
ECCV 2018

What makes for good views for contrastive learning
Y Tian, C Sun, B Poole, D Krishnan, C Schmid, P Isola
NeurlPS 2020

VideoBERT: A Joint Model for Video and Language Representation Learning
C Sun, A Myers, C Vondrick, K Murphy, C Schmid
ICCV 2019
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« Visual Domainid} Language Domain 2tA4|& 22 25t= 2
« TextE AFS2E A4 2l0l= text-to-video 0| =

input text

salt and pepper. to the pan. other side. the delicious steak.

[Season the steak with ] Carefully place the steak [Flip the steak to the ] [Now let it rest and enjoy ]

output O O L T
[ L - »

video / z ™

futures ' B
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« BERT= Masked Language Model
« HICIQAH &)= Maskz 7H2! & sl S {10 HEet oS H= 20| o2z

= Vector QuantizationS I3

Text2} 40| YX|5t=%| =tol
[CLS] r/'I_:’Iar:,e (r /":irte.-akﬂ\1 d in R the [SEP]
7N ™\ N\ AN N\ I\ A\
{4 s x—« 4 s
T1 T2 T3 T4 T5 T'M
EcLs) Eplace Eie Emaskg E, Eine E e Ep E, (W) || Epasy Esery
AN N At AN N\ AN N\ AN N\ N\ Fat
. " " § q—" 0 —————— ——" c——. .5 4 5
cLs] || Place || the |(maskii| in the pan [>] _ MASK] [SEP]
(O8] )| Place J| the Jipmaskp;| in J{ the J{ pan J{ 1 )Y IMASK] i,
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Vector Quantization
1. H|E[2E 20fps M=E

2. 30 T3 ¥ windowE AtEdf S MM

o =
3. 280 S3DE A8l £8 leg( 024 I|-—°,5.|) S3D : Separable 3D CNN
4. AEX K-means clustering= ALES] E23Hd : 4, k: 12)

“but in the meantime, you're just kind of moving around your cake board and you can keep reusing make sure you're working on a clean
service so you can just get these all out of your way but it's just a really fun thing to do especially for a birthday party.”

“apply a little bit of butter on one side and place a portion of the stuffing and spread evenly cover with another slice of the bread and apply
some more butter on top since we're gonna grill the sandwiches.”

18
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VideoBERT
O

(J Cooking

Q) Baking X Grilling Q) Stir-frying Q) Boiling

baklng pourlng batter

% seanng steak flipping burger  tossing  adding sauce simmering soup boiling pasta

whlsklng pancake gr|II|ng steak burger patty  stir-frying SOy sauce simmering pasta water
eggs batter vegetables soup

Hierarchical clustering of cooking videos in VideoBERT

19
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s £ SMe SHO ==

now let me show you how to [MASK] the [MASK]

Top verbs: make, assemble, prepare Top verbs: make, do, pour
Top nouns: pizza, sauce, pasta Top nouns: cocktail, drink, glass

21
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GT: add some chopped basil leaves into it GT: cut the top off of a french loaf
VideoBERT: chop the basil and add to the bowl VideoBERT: cut the bread into thin slices
S3D: cut the tomatoes into thin slices S3D: place the bread on the pan

22
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