Rethinking Semantic Segmentation from a Sequence-to-Sequence
Perspective with Transformers

UNIVERSITY OF

SURREY . . . .
OXFORD Sixiao Zheng! Jiachen Lu! Hengshuang Zhao? Xiatian Zhu® Zekun Luo* Yabiao Wang*

Yanwei Fu' Jianfeng Feng! Tao Xiang>° Philip H.S. Torr*> Li Zhang' Ll s e

'+ 'E 2= https:/fudan-zvg.github.io/SETR/
]

UNIVERSITY OF

r

_l

'{*;1

e EHE facebook Al Research

I'Fudan University ZUniversity of Oxford 3University of Surrey “Tencent Youtu Lab >Facebook Al (2%

Motivation and Contribution Decoder designs Experiemts

Motivation: Ablation studies:

* Most recent semantic segmentation methods adopt a FCN with an encoder-

Method Pre | Backbone | #Params | 40k 80k . .

decoder architecture. i —— o e = Model | T-layers Hiddensize Att head
° : _ : : : 1 : _ Semantic FPN [*¢] 1K | R-101 | 4751 | -  75.80 T-Base 12 768 12

Learnn.lg long-range dependency information 1s critical for semantic seg i y, e R The (1559 (7008 77358 T-Laree > {oos ”

mentation , Hybrid-Base 21K | T-Base | 11259 |76.76 76.57

. . . . > Hybrid-DeiT 21K | T-Base 112.59 |77.42 78.28 :

e Latest efforts focuse on increasing the receptive field, atrous convolutions, ( ﬁ_ SETR Nave PR | TLarge | 305.67 17737 77.96 Table 2. Configuration of Transformer backbone

. . . d 1 / SETR-MLA 21K | T-Large | 310.57 |76.65 77.24 variants.

1nsert1ng attentlon mO U. eS reshape conv—2xX conv—2XxX conv—2x conv—2x SETR-PUP 71K T—Large 318.31 78.39 79.34 Method Pl'e Backbone ADE2OK Cityscapes
O 1 - f SETR-PUP R T-Large | 318.31 |42.27 - i

But all remain the FCN encoder-decoder architecture unchanged o i Ex W10 Ea W oo H W 258 oW s AN TR e a5 reer ess  FCON [V7] IK R-101 [ 3991  73.93
Contribution: . s Fien ' SETR-MLA-Base 21K | TBase | 9259 |7560 7687  Lon 21K R-101 | 42017 7638

. Figure 2. ngresswe UPsamphng SETR-PUP-Base 21K | T-Base | 97.64 |7671 78.02 ~ SEIR-MLA 21K T-Large | 48.64  76.65
 Reformulate the 1mage semantic segmentation problem from a sequence- 5 reshape-co SETR-NaveDeil 1K | TBase | 8769 17785 7866  SETR-PUP 21K T-Large | 48.58  78.39
Z

* Offering an alternative to the encoder-decoder FCN model design. 2"
e Provide a powerful segmentation model SETR z"

Table 1. Comparing SETR variants. Table 3. Comparison to FCN with different

( I : . / CO’?VCOO SETR-MIA-DeiT 1K | TBase | 9259 |78.04 7898  SETR-MLA-DeiT 1K T-Large | 46.15  78.98
O-Sequence lcarning perspecuuve / & SETR-PUP-DeiT 1K | TBase | 97.64 |78.79 7945  SETR-PUP-DeiT 1K T-Large | 4624  79.45

pre-training.

e Introduce three different decoder dGSigIlS. z° Comparison to state-of-the-art:
* Achieves new SOTA on ADE20K (50.28% mloU), Pascal Context (55.83% Method mcbone | mioU | Pixel Acc. Method Backbone mloU
e : : e : FCN (16, 160k, SS) [ ] ResNet-101 39.91 79.52 FCN (16, 80k, SS) [**] ResNet-101 44.47
mloU) and competitive results on Cityscapes. Achieve the first position in Figure 3. Multi-Level feature Aggregation FON (6 1600 MO 1] Reneiol | 1140 | 80es ECN (16, 80k MS)[*]  ResNet-101 4574
o o o . . . EncNet [ ] ResNet-101 44.65 81.69 -
the ADE20K test server leaderboard. Naive upsampling (Naive): We adopt a simple 2-layer network with archi- PSPNet [ ] Reew2 | 4494 | siey  paoetl ] o | e
. DMN ResNet-101 45.50 - ‘
tecture: 1 X 1 conv + sync batch norm (w/ ReLU) + 1 X 1 conv, then simply CoNet [ ] RaNw 101 | 4522 _ EMANet [ (] ResNet-101 53.10
o .q- . : Strip pooling [ ] ResNet-101 45.60 82.09 SVCNet [ 4] ResNet-101 53.20
SEgmentatlon TRanSfOl‘mer (SETR) blhnearly upsample the output to the full 1mage resolution. APCNet [ ©] ResNet-101 45.38 - Strip pooling [7”] ResNet-101 54.50
o o . . OCNet [ ] ResNet-101 45.45 - _
Progressive UPsampling (PUP): We adopt a progressive upsampling strat- SETRNabe (6. TS5 Thage | #306 | @~ et [29] Resterion | %2
Image tO Sequence° SETR_Nui APCNet [ ] ResNet-101 54.70
o . . . -Naive (16, 160k, MS) T-Large 48.80 82.92
. Divide an image into a grid of egy that alternates conv layers and upsampling operations. Each time upsam- SETR.PUP (16, 160k, SS) T Large 1858 | s200  SETR-Naive(16,80k,SS)  T-Large 52.89
. . . . SETR-PUP (16, 160k, MS T-L 50.09 83.58 SETR-Naive (16, 80k, MS T-L 53.61
. pling to 2, a total of 4 operations are performed. As shown in Fig. 2. SETRMLA (16 1606 55, TLare Boi | 8264 SETR-ng;e(is 80K, SS) ) I'Larse 54.40
it into a sequence. . o ' S . SETR-MLA (16, 80k, SS) ~ T-Large 54.87
, 1 features from 4 layers uniformly distributed across the layers to the decoder. Table 4. Comparison on the ADE2OK datasel.  gprp 74 (16, 80k, MS) ~ T-Large 55.83
* The vectorized patches are mapped Method Backbone mIoU
\ y \[ Decoder . Reshape the features to a 3D feature map. A 3-layer (1 x 1, 3 x 3, and FCN (40K, SS) [ '] ResNet-101 73.93 Table 6. Comparison on the Pascal Context dataset
A into a 1D sequence of patch embed- . . . . FCN (40k, MS ResNet-101 75.14 ' '
(40k, MS) [ ]
LayerNorm ][ T T T T . . . L. 3 X 3) conv network 1s applied, and spatial resolution upscaled 4x. Intro- FCN (80K, SS) [36] ResNet.101 75 5 Method Backbone mloU
i p \ dings using a linear projection func- q tond Gon desi fror the first | An additional 3 x 3 FON (80K, MS) [38] ReNet 101 e el PSPNet [ ] ResNet-101 78.40
d ( —— ) Gon. uce a top-down aggregation design after the first layer. An additional 3 X PSPNG T S e DenseASPP [ DenseNet.161 20,60
X . ! . . conv 1s applied after the element-wise additioned feature. Obtain the fused DeepLab-v3 [] (MS) ResNet-101 79.30 BiSeNet [ /1] ResNet-101 78.90
| : e Add learnable position embeddings , , . - NonLocal [] ResNet-101 79.10 PSANet [ ] ResNet-101 80.10
24x p g
' : . feature from all the streams via channel-wise concatenation. Then bilinearly CCNet [/] ResNet-101 80.20 DANet [1¢] ResNet-101 81.50
"( Transformer Layer ) to the patch embeddings as the final . GCNet [*] ResNet-101 78.10 OCNet [ 7] ResNet-101 20.10
— i\ ) out of the transformer encoder upsampled 4 X to the full resolution. Axial-DeepLab-XL [10] (MS) Axial-ResNet-XL |  81.10 CCNet [ 2] RoeNet-10] 81.90
[Nilﬂtl-?ead ,’ T T P ' ‘;‘;ﬁ}lf;}e;g[‘zz; éS 1 M5) AXIE};’EGSN%L gégg Axial-DeepLab-L [0] Axial-ResNet-L 79.50
I : Transformer: -PUP (40k, 55) “Large - Axial-DeepLab-XL [/¢] Axial-ResNet-XL |  79.90
, . . . SETR-PUP (40k, MS) T-Large 81.57 SETR-PUP (1005) T oo 2108
w ! / / / * A pure transformer based encoder is Qualltatlve results SEIR-DUP (805 55) e e SETR-PUP* ILarge 31.64
( ) / / / / 1 dto1 font SETR-PUP (80k, MS) T-Large 82.15 g -
Layer Norm , employed to learn feature represen- S - — e — | |
K 7y J ! T T T T tations E ‘ ‘ ' —rr o e Table 5. Comparison on the Cityscapes validation set. ~ 1able 7. Comparison on the Cityscapes test set.
Linear Projection .
e Each transformer layer has a global
ﬁ ﬁ ﬁ receptive field, solving the limited Visualisation
- \ receptive field problem of existing
petine=> / , - -aa PCN encoder once and for all.
/ V- - .
Positon / P e The transformer encoder consists
o T ) smmama of multi 1 f multi-head self
multi layers of multi-head selt-
Figure 1. SETR attention (MSA) and Multilayer Per-
ceptron (MLP) blocks.

Figure 3. SETR (right column) vs. dilated FCN baseline (left column) in each pair. Table 4. Comparison on the ADE20K dataset. Table 5. Comparison on the Cityscapes validation set.



