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Unsupervised domain adaptation (UDA)

UDA: transfer knowledge from a labeled source dataset to an unlabeled
target dataset.

o Source data: (x5, y°) =g Training data .
o Target data: (x?) > Testing data mismatch

MNIST
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Domain shift

o Performance
degradation on the
target domain

o Domain shift:
Discrepancy between
the feature distributions
of the two domains
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Project goal

o Scene Understanding for Autonomous Driving
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Distribution alignment

o Global alignment: photometric or feature-level
o Local alignment: class-based
o Qur G2L method: leverages both global and local alignments
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Photometric alignment

o Style transfer: CyCADA, BLD, DCAN, SA-I2], FDA, ...
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FDA: Fourier Domain Adaptation for Semantic Segmentation
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Feature alignment

o Fine-grained adversarial learning
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https://arxiv.org/pdf/2007.09222.pdf

Selt-distillation with local alignment

o Self-distillation: the network teaches itself using generated pseudo
labels

o [ssue: Pseudo labels are often noisy
o Local alignment: class-wise information based pseudo-label denoising

() Source domain, class A () Source domain, class B + Pseudo label of class A
() Target domain, class A ¢ Target domain, class B — Pseudo label of class B
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Experiments

Table 1. Experimental results for GTAS — Cityscapes adaptation. The numbers show the per-class Intersection over Union (IoU) for all of the 19
categories in Cityscapes. mloU denotes the averaged scores over 19 categories.

Method | road sw build wall fen pole light sign veg terr sky per rider car truck bus train moto bike | mloU
FADA |17] 925 475 851 376 328 334 338 184 853 377 835 632 397 875 329 478 1.6 349 395 49.2
CAG |24 904 516 838 342 278 384 253 484 854 382 781 586 346 847 219 427 41.1 293 37.2 50.2
FDA |22] 925 533 824 265 276 364 40.6 389 823 398 780 626 344 849 341 531 169 277 464 50.5
IAST | 12] 938 578 851 395 267 262 43.1 347 849 329 880 626 290 873 392 496 232 347 396 51.5
DACS |15]) 899 397 879 397 395 385 464 528 880 440 888 672 358 845 457 502 0.0 273 340 52.1
SAC | 1] 904 539 86.6 424 273 451 485 427 874 40.1 86.1 675 297 885 491 546 98 266 453 53.8
DSP |5] 924 48.0 874 334 351 364 41.6 46.0 R87.7 432 898 66.6 32.1 899 57.0 56.1 0.0 441 578 55.0
Coarse-to-Fine | 11] 925 583 865 274 288 38.1 46.7 425 854 384 91.8 664 370 878 407 524 446 41.7 59.0 56.1
ProDA |23] 87.8 56.0 797 463 448 456 535 535 886 452 821 70.7 392 888 455 3594 1.0 489 564 57.5
ProDA |23]* 91.5 488 853 43.0 37.7 457 548 546 892 498 802 699 180 875 298 498 03 426 522 54.3
ProDA |23]** 840 573 742 438 460 43.6 557 529 889 496 788 730 41.8 888 459 658 0.0 474 530 57.4
Ours G2L | 958 68.8 88.0 46,5 375 503 584 58.1 89.5 515 831 690 336 896 413 35394 369 469 299 | 59.7

Backbone: ResNet-101
*: Results reproduced by us with the similar training config as our G2L method.
*%: Results reproduced by us with the similar training config as our G2L method, using the pre-trained warm-up model, which is published on the page of ProDA.
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Experiments

Table 2. Experimental results for Synthia — Cityscapes adaptation. The numbers show the per-class Intersection over Union (IoU) of the 16 and
13 categories in Cityscapes. mloU, and mloU* denote the averaged scores over 16 and 13 categories respectively.

Method | road sw build wall fence pole light sign veg sky per rider car bus moto bike | mloU | mloU*
FADA |17] 84.5 40.1 83.1 4.8 0.0 343 20.1 272 848 840 535 226 854 4377 268 278 45.2 52.5
CAG (16 classes) [24] 84.7 408 81.7 7.8 0.0 35.1 133 227 845 776 642 278 809 197 227 483 44.5 —
CAG (13 classes) |24] 848 417 855 — — — 13.7 230 865 78.1 663 28.1 K18 21.8 229 490 — 52.6
FDA |22] 793 350 732 — — — 199 240 61.7 826 614 31.1 839 408 384 5I1.1 — 52.5
IAST | 12] 819 415 833 17.7 4.6 323 309 288 834 850 655 308 865 382 331 527 49.8 57.0
DACS |15] 80.6 25.1 819 215 29 372 227 240 837 908 67.6 383 829 389 285 47.6 48.3 54.8
SAC | 1] 89.3 47.2 855 265 1.3 43.0 455 320 87.1 893 63.6 254 869 356 304 53.0 52.6 59.3
DSP |5] 86.4 420 820 2.1 1.8 340 316 332 872 885 641 319 838 654 288 54.0 51.0 59.9
Coarse-to-Fine | 11] 75.7 300 819 115 25 353 18.0 327 862 90.1 65.1 332 833 365 353 543 48.2 55.5
ProDA |23] 87.8 457 846 37.1 0.6 440 54.6 370 88.1 844 742 243 882 51.1 405 456 55.5 62.0
Ours G2L | 87.8 45.1 85.1 252 1.3 469 533 464 88.1 86.0 720 40.6 914 629 356 41.1 | 56.8 | 64.4

Backbone: ResNet-101
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Experiments

road building

person

|

(a) (b) (c) (d)

GTA5 > Citystapes: (a) Input imageé, (b) Ground truth, (c) Results of ProDA, (d) Ou'r G2L method
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Conclusion and future works

o Main achivements

o Propose a new effective UDA method that leverages both glocal and local
alignments

o Achieve a significant improvement on popular benchmarks

o Other achievements
o Generate a big synthesized dataset for scene understanding car simulator
o Evaluate the model on the NAVER LABS dataset

o Future works
o Online domain adaptation
o Video-based/depth-guided domain adaptation
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