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Motivation

e Provide a more lightweight solution to semantic segmentation
o Group together things that have a similar meaning
o Objects of the same class share the same segmentation mask
o Applications: autonomous navigation, medical imaging, satellite imagery

e Investigate how altering the encoder and decoder of a transformer
architecture can affect its performance
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Metrics

e FLOPs - floating point operations
o Since Mask2Former and SegFormer both use Nvidia V100s, lower FLOPs — less
computational overhead

e mloU - mean intersection over union
o Measures overlap between predicted segmentation mask and the ground truth mask

m 0% — no overlap; 100% — perfect overlap
o Averages intersection over union across all classes

Overlap

Union

Ground Truth Mask Predicted Mask



Weaknesses of Prior Work

e Computationally demanding and inefficient
o Complex decoders with high parameter counts
o Cannot be deployed for real-time applications

e Only alter the design of the transformer encoder and neglect the
decoder as an avenue for improved performance

e Positional encoding can lead to decreased performance when
the testing resolution differs from the training resolution




Key Contributions

e Novel architectural components:
o Hierarchical encoder that doesn'’t rely on positional encoding

o Lightweight all-MLP (Multilayer Perceptron) decoder design
m  Much smaller parameter count
o Efficient self-attention with reduced computational complexity

e Model is robust to noise, blurs, weather effects, and digital
corruptions like JPEG compression

e Small variant designed for real-time applications



Demo from NVIDIA

Robust Perception
with Vision Transformers



http://www.youtube.com/watch?v=t79E4gq4L-A&t=100

Methods
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Methods: The Encoder

e Hierarchical feature representation
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Results



Experimental Setup

Datasets: Cityscapes, ADE20K, and COCOStuff
Implementation details:

- 8 Tesla V100

- Encoder is pretrained on the Imagenet-1K dataset

- Decoder is initially randomized

- Models are trained using AdamW optimizer

- The learning rate was set to an initial value of 0.00006
- “Poly” LR schedule with factor 1.0




Ablation Studies



Influence of the size of
model

Increasing the size of the encoder
yields consistent mloU
improvements

Lower parameter count and
higher FPS compared to prior
work
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Figure 1: Performance vs. model efficiency on ADE20K. All results
are reported with single model and single-scale inference. SegFormer
achieves a new state-of-the-art 51.0% mloU while being significantly
more efficient than previous methods.



Influence of C, the MLP decoder channel dimension

- C =256 provides a very (b) Accuracy as a function of the MLP
dimension C' in the decoder on ADE20K.

competitive performance and

C Flops | Params| mloU 1

computational cost.

- Bigger C leads to larger 256 25.7 24.77 44.9
o et 512 | 398 258 450
and less efficient models. . iy g g
1024 | 936 20.6 45.2

2048 | 304.4 43.4 45.6




Mix-FFN vs. Positional Encoder (PE)

- Mix-FFN outperforms (c) Mix-FEN vs. positional encoding (PE) for

. _ different test resolution on Cityscapes.
positional encoding

- Mix-FFN is less sensitive Inf Res Enc Type mloU ©
to differences in the test resolution 768 X 768 PE 773
1024 x 2048 PE 74.0

768 <768 Mix-FEN  80.5
1024 %2048 Mix-FFN 798




Effective receptive field evaluation

- Coupling proposed Transformer (d) Accuracy on ADE20K of CNN and
Transformer encoder with MLP decoder.

encoder with the MLP decoder “S4” means stage-4 feature.

leads to the best performance Encoder Flops | Params | mloU 1

ResNet50 (S1-4) 69.2 29.0 34.7
¥ ResNetl101 (S1-4) 88.7 47.9 38.7
ResNeXt101 (S1-4) 127.5 86.8 39.8
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Figure 3: Effective Receptive Field (ERF) on Cltyscapes (aver- VMIT-B3 (51_4) 79.0 473 48.6

age over 100 images). Top row: Deeplabv3+. Bottom row: Seg-
Former. ERFs of the four stages and the decoder heads of both
architectures are visualized. Best viewed with zoom in.




Comparison to state of the art methods



Table 2: Comparison to state of the art methods on ADE20K and Cityscapes. SegFormer has significant
advantages on #Params, #Flops, #Speed and #Accuracy. Note that for SegFormer-BO we scale the short side of
image to {1024, 768, 640, 512} to get speed-accuracy tradeoffs.

| Method | Encoder | Params | ‘ ADE2K ‘ Cityscapes
| | | | Flops| FPST mloU? | Flops| FPSt mloU*

FCN [1] MobileNetV?2 9.8 39.6 64.4 19.7 3171 14.2 61.5
ICNet [11] - - - - - - 30.3 67.7

& PSPNet [17] MobileNetV2 13.7 52.9 ST 29.6 423.4 11.2 70.2
= | DeepLabV3+ [20] MobileNetV2 15.4 69.4 43.1 34.0 555.4 8.4 75.2
;3 84 50.5 37.4 1255 15.2 76.2
SegFormer (Ours) MiT-BO 3.8 i i i 2}; %g? ;2;

- - - 17.7 47.6 71.9

FCN [1] ResNet-101 68.6 25T 14.8 41.4 2203.3 1.2 76.6
EncNet [24] ResNet-101 55.1 218.8 14.9 44.7 1748.0 1.3 76.9
PSPNet [ 17] ResNet-101 68.1 256.4 15:3 44.4 2048.9 1.2 78.5

- CCNet [41] ResNet-101 68.9 278.4 14.1 45.2 2224.8 1.0 80.2
= | 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
2 | GSCNN [35] WideResNet38 - - - - - - 80.8
= | Axial-DeepLab [74] AxialResNet-XL - - - - 2446.8 - 81.1
Z. | Dynamic Routing [75] | Dynamic-L33-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




SETR SegFormer

Figure 4: Qualitative results on Cityscapes. Compared to SETR, our SegFormer predicts masks with substan-
tially finer details near object boundaries. Compared to DeeplabV3+, SegFormer reduces long-range errors as
highlighted in red. Best viewed in screen.



Table 3: Comparison to state of the art methods on Cityscapes
test set. IM-1K, IM-22K, Coarse and MV refer to the ImageNet-1K,
ImageNet-22K, Cityscapes coarse set and Mapillary Vistas. SegFormer
outperforms the compared methods with equal or less extra data.

Method Encoder Extra Data mloU - Pre'tralnlng on Maplllary
PSPNet [ 17] ResNet-101 IM-1K 78.4 Vistas and |magenet-1 k
PSANet [43] ResNet-101 IM-1K 80.1

CCNet [41] ResNet-101 IM-1K 81.9 produces new

OCNet [21] ResNet-101 IM-1K 80.1

Axial-DeepLab [74]  AxiaiResNet-XL IM-1K 79.9 state-of-the-art result of
SETR [7] ViT IM-22K 81.0 o

SETR [7] ViT IM-22K, Coarse ~ 81.6 83.1% mloU

SegFormer MiT-B5 IM-1K 82.2

SegFormer MiT-B5 IM-1K, MV 83.1

Table 4: Results on COCO-Stuff full dataset containing
all 164K images from COCO 2017 and covers 172 classes.

- SegFormer-B5 reaches

46.7% mloU with only 84.7M Method Encoder Params mloU
parameters, which is 0.9% DeeplabV3+[20]  ResNet50 437 384
better and 4 smaller than OCRNet [23] HRNet-W48  70.5 42.3
SETR. SETR [7] ViT 305.7 458

SegFormer MiT-B5 84.7 46.7




Robustness to natural corruptions

Table 5: Main results on Cityscapes-C. “DLv3+”, “MBv2”, “R” and “X” refer to DeepLabv3+, MobileNetv2,
ResNet and Xception. The mloUs of compared methods are reported from [77].

Blur Noise Digital Weather
Motion Defoc Glass Gauss | Gauss Impul Shot Speck | Bright Contr Satur JPEG |Snow Spatt Fog Frost

DLv3+ (MBv2)| 72.0 | 53.5 49.0 453 49.1 | 64 7.0 6.6 166 | 51.7 467 324 27.2| 1377 389 474 173
DLv3+ (R50) | 76.6 | 58.5 56.6 47.2 5777 | 6.5 7.2 10.0 31.1 | 582 547 413 274 | 12.0 42.0 559 228
DInN3+(R101) | 77.1'| 391 ©S63 477 313 | 132 159 163 369 | 5392 5435 415 374 | 119 4718 35.1 22.7
DLv3+ (X41) | 77.8 | 61.6 549 51.0 54.7 | 17.0 17.3 21.6 437 | 63.6 569 51.7 385 | 182 46.6 57.6 20.6
DLv3+(X65) | 784 | 639 59.1 528 59.2 | 150 10.6 19.8 424 | 659 59.1 46.1 314|193 50.7 63.6 23.8
DLv3+ (X71) | 78.6 | 64.1 609 52.0 604 | 149 10.8 19.4 41.2 | 68.0 587 47.1 40.2 | 188 504 64.1 20.2

ICNet 659 | 458 44.6 474 447 | 84 84 10.6 279 | 41.0 33.1 275 340| 63 305 273 11.0
FCN8s 66.7 | 427 31.1 37.0 341 | 6.7 37 T8 249 | 538 390 360 212 | 11.3 3L6 31.6 197
DilatedNet 686 | 444 363 325 384 | 156 140 184 327 | 5277 326 381 29.1 | 125 323 347 19.2
ResNet-38 775 | 546 45.1 433 472 | 137 160 18.2 383 | 60.0 506 469 14.7 | 13.5 459 529 222
PSPNet 788 | 59.8 532 444 539 | 11.0 154 154 342 | 604 51.8 30.6 214 | 84 427 344 16.2
GSCNN 80.9 | 589 584 419 60.1 | 55 26 6.8 247 | 759 619 707 120 | 124 473 679 32.6

SegFormer-B5 | 82.4 | 69.1 68.6 64.1 69.8 | 57.8 634 523 72.8 | 81.0 77.7 80.1 58.8 | 40.7 68.4 78.5 49.9

Method Clean




Summary

e Simple, efficient and effective design

e Positional-encoding-free hierarchical
encoder captures high-resolution fine
features and low-resolution coarse

features

e Lightweight All-MLP decoder
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Arguments



Simple and lightweight design

e No widely-used tricks, such as auxiliary losses
e No positional encoding, so no interpolation when dealing with higher resolution
images
e Lightweight decoder only has at most 3.3M parameters whereas theirs has ~20M
o  Our decoder only consist of MLP layers while theirs uses a transformer
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Can be used for latency-critical real-time applications

e Our BO model achieves a high mloU and high FPS with a much lower number

of FLOPS and only 3.8M parameters

e Robust to common corruptions such as weather conditions

Method | Encoder | Params | | ADEZIE ‘ Cityscapes

| | | Flops | FPST mloU*t | Flops| FPSt mloU*
FCN [1] MobileNetV2 9.8 39.6 64.4 19.7 317.1 14.2 61.5
ICNet [11] - - - - - - 30.3 67.7
“E’ PSPNet [17] MobileNetV2 13.7 52.9 57 29.6 423.4 11.2 70.2
= | DeepLabV3+ [20] MobileNetV2 154 69.4 43.1 34.0 555.4 8.4 752
E 84 50.5 374 125.5 152 76.2
: - - - 51.7 26.3 753
SegFormer (Ours) MiT-BO 3.8 315 371 737
17.7 47.6 71.9

CNN Method



Comparable performance despite earlier publication

60.8 353 95:7 50.3/51.1 1240.6 82.3/83.9

MiT-B5: 84.7M
M2F-Swin-B: 107M

MiT-B4: 64.1M
M2F-Swin-S: 69M




719.0 49.4/50.0 ‘

MiT-B3 performs
better than
Mask2-Swin-T with
the same number of
parameters

Swin-S 512 x 512 513 69M 98G
MiudliSF ornser: (ours) Swin-B 640 x 640 524 107M 223G
Swin-B" 640 x 640 53.9 107M 223G




