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* Motivation

(1)Previous UDA methods mostly evaluated their contributions using a DeepLabV?2 [6] or FCN8s [48] network
architecture with ResNet or VGG backbone in order to be comparable to previously published works. However,

even their strongest architecture (DeepLabV2+ResNet101) is outdated in the area of supervised semantic segmentation.
(2) As the potential of a more capable architecture, such as DAFormer, can be impaired by unstable training and over-
fitting to the source domain
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o Contribution

Compile DAFormer, a network architecture tailored for UDA
* Introduce three training strategies to UDA to avoid overfitting to the source domain



I 01 DAformer

Overview of the Proposed Model
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Figure 2. Overview of our UDA framework with Rare Class Sampling, Thing-Class Feature Distance, and DAFormer network.
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« DAformer Network Architecture

b)

Co 1text- Ju vare Fusion
L

* (1) Follow the design of Mix Transformers(SegFormer)
* (2) Utilize additional context information in the decoder

* (3) Use multiple parallel 3X 3 depthwise separable convolutions
with different dilation rates and a 1X 1 convolution to fuse them
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* Training Strategies for UDA
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» (3) Learning Rate Warmup for UDA:the learning rate at
iteration t is set m = nMase - t/twarm.
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» Experimental Results:

Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike | mloU
GTAS — Cityscapes
CBST [99] | 91.8 53,5 805 327 21.0 340 289 204 839 342 809 53.1 240 827 303 359 16.0 259 428|459
DACS|[/!] | 899 397 879 30.7 395 385 464 528 880 440 888 67.2 358 845 457 502 0.0 273 34.0] 52.1
CorDA [79]|94.7 63.1 87.6 30.7 406 40.2 478 51.6 876 470 89.7 66.7 359 90.2 489 575 0.0 398 56.0| 56.6
ProDA [93] | 87.8 56.0 79.7 463 448 456 535 535 886 452 821 70.7 392 88.8 455 594 1.0 489 564 57.5
DAFormer | 95.7 70.2 894 535 48.1 49.6 558 594 899 479 925 722 447 923 745 782 65.1 559 61.8]| 68.3
Synthia — Cityscapes
CBST[99] | 68.0 299 763 108 14 339 228 295 776 - 783 606 283 816 - 235 - 18.8 39.8| 42.6
DACS[71] | 80.6 25.1 819 215 29 372 227 24.0 83.7 - 908 676 383 829 - 380 - 28.5 47.6| 48.3
CorDA[/9]193.3 61.6 853 196 5.1 378 366 42.8 849 - 904 697 418 8.6 - 384 - 32,6 5391 55.0
ProDA [93] | 87.8 457 846 37.1 06 440 546 37.0 88.1 — 844 742 243 882 - 511 - 40.5 456 55.5
DAFormer | 84.5 40.7 884 415 6.5 50.0 550 54.6 86.0 — 89.8 732 482 872 - 532 - 53.9 61.7 | 60.9
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« Comparison of Network Architectures for UDA:

Architecture Src-Only UDA Oracle Rel. Ene. Dec. oreOnly UDA  Oracle  Rel
R50 [25] DLv2[6] 293 521 70.8 73.6%

DeepLabV2 [0] 343 422 542 +1.7 72.1 £0.5 75.2% RI101 [25] DLv2[6]  36.9 533 725 73.5%

; : : S50 [92] DLv2[6] 279 480  67.7 70.9%

DA Net [l..\_] 30.9 +2.1 53.7 +0.2 72.6 +0.2 74.0% S101 [07] DLva[o] 355 535 729 74.1%

ISA Net [25] 32.3 +2.1 53.3 +£04  72.0 £0.5 74.0% S200 [92] DLv2[0]  35.9 56.9  73.5 77.4%

DeepLabV3+ [ /] 31.0+14 53.74+1.0 75.6 +09 71.0% ﬁg—gi {‘*E} gegllz- {::W} ji-% :(7)?5% ;2? 2’2-?;@
ResNetl01l ImageNet Features MiT-B5 ImageNet Features

Encoder Decoder UDA Oracle Rel.

MiT-B5 [20] Segk. [£6] 58.1 +0.9 76.4 0.2 76.1% ﬁ:

MiT-B5 [#0] DLv3+ [ /] 56.8 +1.8 75.5 405 75.2% E‘f*

RI101 [25] SegF. [£6] 50.9 +1.1 71.3 +1.3 71.4% {5;

RI10I [25] DLv3+ [ /] 53.7 +£1.0 75.6 +0.9 71.0% &

build. wall Bi=ie tr.light sign n/a.
GVl Sl person  rider | car | truck  bus WiENM m.bike bike
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« Ablation study

Network  Warmup RCS FD Misc. UDA

1 SegE [56] - — — — 51.8 +0.8

2 SecgF. [80] v - - - 58.2 +09
3 SegF. [86] v vV (T=00) — - 62.0 £1.5
4 SegF. [80] v v - - 64.0 £24
5 SegF. [86] v — v@lcC) - 58.8 +04
6 SecgF. [56] v - v - 61.7 £2.6
7 SegE. [86] v v v - 66.2 £1.0
8 SegF. [80] v v v Crop PL, ot 67.0 £04
9 DLv2[6] - - — - 49.1 420
10 DLv2[6] v v Crop PL, o 56.0 +0.5

Decoder e #Params UDA Oracle Rel.
SegE. [50] 768 3.2M 67.0 404 76.8 £03 87.2%
SegF. [56] 256 0.5M 67.1 £1.1 765404 87.7%
UperNet [£5] 512 206M 674 +1.1 78.0 +£02 86.4%
UperNet [£5] 256 8.3M 66.7+1.2 77.44+03 86.2%
ISA [35] Fusion 256 1.IM 663409 76.3 +04 &86.9%
Context only at Fy 256 32M 67.0 +£0.6 76.6 +02 87.5%
DAFormer w/o DSC 256 10.0M 67.0 4&1.5 76.7 06 87.4%
DAFormer 256 3.7M 68.3 +05 77.6 +£02 88.0%

Architecture LR Warmup  UDA Oracle Rel.
DeepLabV2 [1] - 491 +20 674 +1.7 T28%
DeepLabV2 [] 542 +1.7 721 +05  T75.2%
SegFormer [ 0] - 5.8 408 729 +16  T1.1%
Seghormer [ 0] v 582409 764 +02 76.2%
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Figure 4. SegFormer UDA performance for the rare classes rider
and bicycle without and with Rare Class Sampling (RCS).
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Figure 5. SegFormer UDA performance in the beginning of the
training with and without ImageNet Feature Distance (FD).



