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Annotations are particularly

costly as every pixel has to be
labeled
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UDA: Unsupervised Domain Adaptation
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I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentation

e CVPR 2022
e Motivation

Ignore the label shift problem, which commonly exists in CDSS tasks, since the label distribution is often different across

domains.
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Figure 1. Label distribution in GTAS and Cityscapes. There is
an obvious label shift problem between the two datasets. For ex-
ample, the frequency of “rider” in GTAS is much less than that in
Cityscapes while that of “wall” is opposite (Best viewed in color).



I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentatior

e Contribution

*  propose to address the label shift issue for CDSS tasks in a more realistic scenario (i.e., the conditional
distributions are different across domains) and reveal that the classifier bias is the critical factor leading to
poor generalization on the target domain

«  propose two simple yet effective methods to rectify the classifier bias from source to target by remolding
the classifier predictions after explicitly aligning the conditional distribution



I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentatior

* Motivation

ceG=CoF
* G(x) = C(F(x)) = p(Y|F(x))

* Bayes’ theorem :C (F (x)) = P(Y|F(x)) =
* Cs(F(x)) x Ps(Fs(x)|Y)Pg(Y)
* Ct(F(x)) x Py(Fe(x)|Y)P(Y)

Cs(F(x))Py(Y
- C(P) o D

P(F(x)|Y)P(r)
P(F(x))




I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentatior

* Conditional Distribution Alignment
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I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentatior
* Classifier Rectification(CR)
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I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentatior

° Inference Adjustment (IA)

Y74 = argmax;, (pi :



I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentatior

* Label Distribution Estimation

* we denote the count of the image-level label of i-th source image as
Is(k)

- [(ZZ]L yl (h,w) == ’r]) > nS]

h=1w=1

PS(}Af:A) Zz l[I(A) -,
S S )

H w
pi(k) = log [HH ZZ(M) (Geda (X7) (hyw A))]

—1w=1
(17)

I} (k) = 1 [pi(k) > ppiz(k)], (18)

Z,\_ll 12%('1‘7)
S o Ti (k)

P(Y =k) = (19)



I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentation

* Experimental Results
* GTAS:

Z
5 = = S ) = = g § § 5 S ” = S o)
Method § T 32 § 5§ = 2 2 ¢ 5 7 oz £ 35 2 B :E B Z£|.u
Source 65.0 16.1 68.7 186 168 21.3 314 11.2 83.0 220 78.0 544 338 739 127 30.7 13.7 28.1 19.7 | 36.8
AdaptSegNet [/ '] 86.5 36.0 799 234 233 239 352 148 834 333 756 585 27.6 737 325 354 39 30.1 28.1|424
AdvEnt [ 7] 8904 33.1 81.0 26.6 26.8 272 335 247 839 36.7 78.8 58.7 305 848 385 445 1.7 31.6 324|455
CLAN [ V] 87.0 27.1 79.6 27.3 233 283 355 242 83.6 274 742 58.6 28.0 76.2 33.1 36.7 6.7 319 314|432
FADA [ ] 87.0 37.6 833 369 253 309 353 21.0 82.7 36.8 83.1 583 34.1 833 31.5 350 244 343 320|469
Our [A 87.9 370 833 37.0 250 31.0 357 249 834 389 857 58.0 354 83.6 353 363 30.7 325 452 | 48.8
Our CR 89.1 343 83.6 383 275 289 347 17.6 84.2 41.0 85.1 57.8 33.7 85.1 385 41.3 30.7 31.1 48.0 | 49.0
FDA [ 7] 925 533 824 265 276 364 40.6 389 823 398 780 626 344 849 34.1 53.1 169 27.7 464 | 50.5
DACS [ ] 89.9 39.7 879 30.7 395 385 464 528 88.0 440 888 67.2 358 845 457 502 0.0 27.3 34.0 | 52.1
CRST [ ] 91.0 554 80.0 33.7 214 373 329 245 850 34.1 808 57.7 246 84.1 27.8 30.1 269 260 423 |47.1
FADA+SD [ 1] 925 47.5 85.1 376 328 334 338 184 853 37.7 835 632 397 875 329 478 16 349 395|492
IAST [ ] 93.8 57.8 85.1 395 26.7 262 43.1 347 849 329 88.0 626 29.0 873 392 496 232 347 39.6|51.5
CLS [ " ]+IAST |[94.7 60.1 856 395 244 44.1 395 206 88.7 387 803 672 351 865 37.0 454 39.0 379 46.2 | 53.0
Ours+SD 91.2 45.1 855 410 308 360 41.1 193 874 457 887 644 378 875 41.8 512 11.2 41.6 549 | 52.7
Ours+IAST 94.1 61.3 865 393 335 383 489 385 872 442 893 634 383 86.2 30.5 43.0 33.6 43.1 548|555
R-MRNet [ ] 904 31.2 85.1 369 256 375 488 485 853 348 8I.1 644 368 863 349 522 1.7 290 446|503
ProDA | /] 87.8 56.0 79.7 46.3 44.8 45.6 535 53.5 88.6 452 82.1 70.7 39.2 888 455 594 1.0 489 564|575
Ours+ProDA 929 527 872 394 413 439 550 529 893 482 91.2 714 360 90.2 679 598 00 485 593|593




I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentation

* Experimental Results
* SYNTHIA :

— 50
§ 'g * ) * - o g - S o
o' Q = = 9 2 = = 50 2 Q = » =

Method = 2 2 § 353 & o2 2 ¢ Z 2 2 E E 2ZF |ioUtmou
Source 556 238 746 92 02 244 6.1 121 748 79.0 553 19.1 39.6 233 13.7 25.0 | 38.6 33.5
AdaptSegNet [+ ]| 81.7 39.1 784 11.1 03 258 68 90 79.1 80.8 548 21.0 66.8 347 138 299 | 458 39.6
AdvEnt [ 1] 85.6 422 797 87 04 259 54 81 804 84.1 579 238 733 364 142 33.0 | 480 41.2
CLAN [ V] 81.3 37.0 80.1 - - - 16.1 13.7 782 81.5 534 212 73.0 329 226 30.7 | 47.8 -

FADA [ 1] 81.3 35.1 80.8 96 02 268 9.1 17.8 824 815 499 188 789 333 153 33.7 | 475 409
Our IA 822 356 80.8 9.0 02 27.1 124 213 823 80.7 544 212 80.0 36.6 14.0 422 | 495 425
Our CR 83.6 36.2 809 103 0.1 274 17.6 228 81.5 81.2 546 20.1 803 381 11.1 429 | 50.1 43.0
FDA [ 1] 79.3 35.0 73.2 - - - 199 240 61.7 826 614 31.1 839 40.8 384 51.1 52.5 -

DACS [ 1] 80.6 25.1 819 21.5 29 372 227 240 837 908 676 383 829 389 285 47.6 | 548 483
CRST [ ] 67.7 322 739 10.7 1.6 374 222 31.2 80.8 80.5 60.8 29.1 828 250 194 453 | 50.1 438
FADA+SD [ 1] 84.5 40.1 83.1 48 0.0 343 20.1 272 84.8 84.0 535 22,6 854 437 26.8 27.8 | 525 452
IAST [ ] 81.9 415 833 17.7 4.6 323 309 288 834 850 655 30.8 865 382 33.1 52.7 | 57.0 498
Ours+SD 869 429 833 99 0.0 353 17.2 260 854 830 620 185 86.7 514 128 50.0 | 543 47.0
Ours+IAST 84.6 43.0 84.1 38.1 05 36.7 329 362 83.1 819 656 334 805 345 38.2 53.1 57.8 51.6
R-MRNet [ ] 87.6 419 83.1 147 1.7 362 31.3 199 81.6 80.6 63.0 21.8 862 40.7 23.6 53.1 549 479
ProDA [ 1] 878 457 84.6 37.1 0.6 440 546 37.0 88.1 844 742 243 882 51.1 40.5 456 | 62.0 555
Ours+ProDA 82.5 37.2 81.1 238 00 457 572 476 87.7 858 741 28.6 884 660 47.0 553 | 64.5 56.7




I 01 Undoing the Damage of Label Shift for Cross-domain Semantic Segmentation

* Experimental Results

methods mloU A methods classifier mloU A
Baseline+SD [ /] 49.2 FADA [+] Original ASPP  46.9
Ours+SD 527  3.57 Our IA Original ASPP 488 1.97
IAST [ ] S51.5 Our CR Original ASPP  49.0 2.17
Baseline+IAST 53.2 FADA [ '] Modified ASPP 47.6
Ours+IAST 555 237 Our IA Modified ASPP 492  1.67
ProDA [ V] stagel 53.7 Our CR Modified ASPP  48.7 1.17

Baseline+ProDA stagel  55.1
Ours+ProDA stagel 57.6 257

ProDA 57.5
Ours+ProDA 593 1.87
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I OlCIass-BaIanced Pixel-Level Self-Labeling for Domain Adaptive Semantic
Segmentation

e CVPR 2022
e Motivation

pixel-wise cluster assignments could reveal the intrinsic distributions of pixels in target domain, and provide useful
supervision for model training



I 01CIass-BaIanced Pixel-Level Self-Labeling for Domain Adaptive Semantic

Segmentation
e Contribution

Anpixel-level self-labeling module is developed for domain adaptive semantic segmentation. We cluster
pixels in an online fashion and simultaneously rectify pseudo labels based on the resulting cluster
assignments.

«  propose two simple yet effective methods to rectify the classifier bias from source to target by remolding
the classifier predictions after explicitly aligning the conditional distribution



I 01CIass -Balanced Pixel-Level Self-Labeling for Domain Adaptive Semantic
Segmentation
* Overview of the Proposed Model
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I 01CIass -Balanced Pixel-Level Self-Labeling for Domain Adaptive Semantic
Segmentation
° Online Pixel-Level Self-Labeling

® (e) exp(%f S(i) (2m)) ) 1 C
o o 4 Pm = 1 p(c , €€ { » T }*
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o o
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I 01CIass -Balanced Pixel-Level Self-Labeling for Domain Adaptive Semantic

Segmentation
* Class-Balanced Sampling.

1 HxW
() = y ),
C n H X I I Z n.,t :

7

M, = W x 5,}5>J

Distribution Alignment: simultaneously
optimizing Q and P in Eq. 5 may lead to
degenerated results that all data points are
trivially assigned to a single cluster.

Class-balanced Pixel-level Self-Labeling Module
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Segmentation

* Experimental Results

1CIass-BaIanced Pixel-Level Self-Labeling for Domain Adaptive Semantic

e GTAS:

§ %0 + o g -

g = — [5) = ) s z i 5 - = S
Method§§§§§§E"-§“§§%&§§§B§§%mlou
AdaptSeg [39] | 86.5 25.9 79.8 22.1 20.0 23.6 33.1 21.8 81.8 259 759 573 262 763 29.8 32.1 72 295 32.5| 414
CyCADA [17] |86.7 35.6 80.1 19.8 17.5 38.0 39.9 41.5 827 27.9 73.6 649 19.0 650 12.0 28.6 4.5 31.1 42.0| 42.7
ADVENT [41] | 89.4 33.1 81.0 266 268 272 335 247 839 367 788 587 30.5 84.8 385 445 17 31.6 324 | 455
CBST[56] |91.8 53.5 80.5 327 21.0 340 289 204 839 342 809 53.1 240 827 303 359 160 259 428 | 459
FADA [42] |92.5 475 85.1 376 32.8 334 338 184 853 37.7 83.5 632 39.7 875 329 478 1.6 349 395 | 492
CAG_UDA [51]|90.4 51.6 83.8 342 278 384 253 484 854 382 781 586 346 847 219 427 411 293 372 | 502
FDA [48] |92.5 533 824 265 27.6 364 406 389 823 398 780 62.6 344 849 341 53.1 169 27.7 464 | 505
PIT [30] 87.5 434 788 312 302 363 393 420 792 37. 793 654 37.5 832 46.0 45.6 257 235 499 | 50.6
IAST[31] |93.8 57.8 85.1 395 267 262 43.1 347 849 329 88.0 62.6 29.0 87.3 392 496 232 347 396 | 515
ProDA [50] |91.5 524 829 420 357 400 444 433 87.0 43.8 795 665 314 867 41.1 525 00 454 538 | 537
CPSL (ours) | 91.7 529 83.6 43.0 323 43.7 513 428 854 37.6 81.1 69.5 30.0 88.1 44.1 59.9 249 47.2 484 | 55.7
ProDA +distill | 87.8 56.0 79.7 46.3 44.8 45.6 535 53.5 88.6 452 82.1 70.7 39.2 888 455 594 10 489 56.4 | 57.5
CPSL+distill |92.3 59.9 84.9 457 297 52.8 61.5 59.5 87.9 41.5 85.0 73.0 355 90.4 48.7 739 263 53.8 539 | 60.8




01CIass-BaIanced Pixel-Level Self-Labeling for Domain Adaptive Semantic
Segmentation

* Experimental Results
* SYNTHIA:

) ) g — (51 ) = = % I b5 = o S [}
Method g Z 2 E: 8 g = 5 2 Z 2 2 S 2 & 7 mloU'? | mloU!®
AdaptSeg |39] | 79.2 372 78.8 - - - 99 105 782 805 535 196 670 295 216 313 459 -

1
804 84.1 579 238 733 364 142 33

ADVENT [41] | 85.6 422 797 87 04 259 54 8.1 0 48.0 41.2
CBST [56] 68.0 299 763 108 14 339 228 295 77.6 783 60.6 283 816 235 18.8 398 48.9 42.6
CAG_UDA [51] | 84.7 408 81.7 7.8 0.0 351 133 227 845 776 642 278 809 197 227 483 515 44.5
PIT |30] 83.1 276 815 89 03 218 264 338 764 788 642 276 79.6 312 310 313 51.8 44.0
FADA [42] 845 40.1 83.1 48 0.0 343 20.1 272 848 840 535 226 854 437 268 278 525 45.2
FDA [48] 793 350 732 - - - 199 240 61.7 826 614 311 839 408 384 5l1.1 525 -
PyCDA [26] 755 309 833 208 0.7 327 273 335 847 850 64.1 254 850 452 212 320 533 46.7
IAST [31] 819 415 833 17.7 4.6 323 309 288 834 850 655 308 865 382 331 527 57.0 49.8
SAC [1] 89.3 47.2 855 265 13 43.0 455 320 87.1 893 636 254 869 356 304 530 59.3 52.6
ProDA [50] 87.1 440 832 269 0.7 420 458 342 86.7 813 684 221 877 50.0 314 386 58.5 51.9
CPSL (ours) 873 444 838 250 04 429 475 324 865 833 69.6 29.1 894 521 42.6 54.1 61.7 544
ProDA+distill | 87.8 45.7 84.6 37.1 0.6 440 546 37.0 88.1 844 742 243 882 511 405 456 62.0 55.5
CPSL+distill | 87.2 439 855 336 03 47.7 574 372 878 885 79.0 320 90.6 494 508 359.8 65.3 57.9




01CIass-BaIanced Pixel-Level Self-Labeling for Domain Adaptive Semantic
Segmentation

* Experimental Results

Configuration || mloU A # samples | mloU
w/o SL 478 | -7.9 64 549
wosT || 304 | 162 128 | 553
W/0 Y. - —

w/o Init 499 | 5.8 256 33.5
w/0 Aug 54.2 -1.5 S12 35.7
w/o Mom 546 | -1.1 1024 54.3

CPSL 55.7 _ 2048 53.4
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I OlTowards Fewer Annotations: Active Learning via Region Impurity and
Prediction Uncertainty for Domain Adaptive Semantic Segmentation

e CVPR 2022
e Motivation

(a) Target image

r

%5 A
R < (VO SR
e
(c¢) Point-based selection (2.2%) (d) Region-based selection (2.2%)

Figure 1. Illustration of different selection strategies. Image-
based selection (e.g., MADA [ ']) picks a few target samples and
label the entire image, which is probably inefficient. Point-based
selection (e.g., LabOR [ ]) chooses scarce points about which
the model is uncertain, while uncertainty estimation at point level
is prone to lump pixels that come from particular categories. Qur
region-based selection asks for more annotations of regions with
more categories as well as object boundaries in an effective way.



I OlTowards Fewer Annotations: Active Learning via Region Impurity and

Prediction Uncertainty for Domain Adaptive Semantic Segmentation
e Contribution

benchmark the performance of prior methods for active domain adaptation regarding semantic
segmentation and uncover that methods using image-based or point-based selection strategies are not
effective

propose a region-based acquisition strategy for domain adaptive semantic segmentation, termed RIPU,

that utilizes region impurity and prediction uncertainty to identify image regions that are both diverse in
spatial adjacency and uncertain in prediction output



I 01 Active Learning via Region Impurity and Prediction Uncertainty

Overview of the Proposed Model

Source label Y,

- Lz g: cross-entropy loss
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I 01 Active Learning via Region Impurity and Prediction Uncertainty

* Overview of the Proposed Model

Source label Y, Pseudo label Y; Region impurity P @ Active label Y, b
S ¥a
L¢g: cross-entropy loss Acquisition i
function A oS e
Query

Source image I, Prediction P
" =

Prediction uncertainty U

L Region-based Pixel-based Human annotator

annotations Region-based

Target image I,

@ Pixel-based o

LEg: cross-entropy loss 1

Segmentation network ©
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TI'(PELLI’C)) _ { 1 Il T, E:L[ _ Z Z’T(PE E ))l()g(l . PE 2] ))’

0 otherwise, A(Te) (ig)el, e—1

1




I 01 Active Learning via Region Impurity and Prediction Uncertainty

* Experimental Results: GTAV----Cityscapes

<,
¥ ¢ Yy S & ¥ £ 5 & : g $ F e £ 0§ @

Method Budget s §F 3 F & § § & 9 @é 3{’\ & & §F & s & & S | miou
Source Only - 75.8 168 772 125 21.0 255 30.1 20.1 813 246 703 538 264 499 172 259 6.5 253 36.0| 36.6
CBST | ] B 91.8 535 805 327 21.0 340 289 204 839 342 809 53.1 240 827 303 359 160 259 428 | 459
MRKLD [~] - 91.0 554 80.0 337 214 373 329 245 850 34.1 808 577 246 84.1 278 30.1 269 260 423 | 47.1
Seg-Uncertainty [ ] - 904 31.2 85.1 369 256 375 488 485 853 348 8l.1 644 368 863 349 522 1.7 290 446 | 503
TPLD [ ] - 942 60.5 828 366 16,6 393 290 255 856 449 844 606 274 84.1 370 47.0 312 36.1 503 | 512
DPL-Dual [ /] - 92.8 544 862 41.6 3277 364 490 340 858 413 860 632 342 872 393 445 187 426 43.1 533
ProDA | 1] - 87.8 56.0 79.7 463 448 456 535 535 88.6 452 82,1 70.7 392 888 455 594 1.0 489 564 | 575
LabOR [~ 7] 40 pixels | 96.1 71.8 88.8 47.0 46,5 422 53.1 60.6 894 551 914 708 447 90.6 567 479 39.1 473 62.7| 635
Ours (PA) 40 pixels | 955 69.2 882 48.0 46.5 369 452 557 885 553 902 692 46.1 91.2 70.7 73.0 582 50.1 659 | 655
LabOR [~ ] 2.2% 96.6 77.0 89.6 47.8 50.7 48.0 56.6 635 895 578 916 720 473 917 62.1 619 489 479 653 | 66.6
Ours (RA) 2.2% 96.5 74.1 89.7 53.1 510 438 534 622 90.0 576 926 73.0 53.0 928 738 785 62.0 556 70.0 | 69.6
Fully Supervised 100% 96.8 77.5 90.0 535 515 476 556 629 902 582 923 737 523 924 743 77.1 645 524 70.1 70.2
AADA? | ] 5% 922 599 873 364 457 46.1 50.6 595 883 440 902 69.7 382 90.0 553 451 320 326 629 | 593
MADA?® | 1] 5% 95.1 69.8 885 433 487 457 533 592 89.1 467 915 739 50.1 912 60.6 569 484 51.6 68.7 | 649
Ours (RA)? 5% 97.0 773 904 54.6 532 47.7 559 o641 90.2 592 932 750 548 927 73.0 79.7 689 555 703 | 712
Fully Supervised* 100% 97.4 779 91.1 549 537 519 579 647 O91.1 578 932 747 548 936 764 793 678 556 713 | 719




I 01 Active Learning via Region Impurity and Prediction Uncertainty

* Experimental Results: SYNTHIA----Cityscapes

*
> o ~ \< & ) S &> . o > - § @

Method Budget 5? § ~0$ & ‘@Q Qc? '\*§ & Aé}a 3‘;\ &'7 Qb G'é ~05) Q“O & mloU mloU*
Source Only - 643 213 731 24 1.1 314 7.0 277 63.1 676 422 199 73.1 153 105 389 | 349 40.3
CBST|[ | - 68.0 299 763 108 14 339 228 295 776 783 60.6 283 8l.6 235 188 398 | 42.6 48.9
MRKLD [ ] - 67.7 322 739 107 1.6 374 222 312 80.8 80.5 608 29.1 828 250 194 453 | 438 50.1
DPL-Dual [ /] - 87.5 457 828 133 06 332 220 20.1 831 860 56.6 219 831 403 298 457 | 47.0 54.2
TPLD [ ] - 809 443 822 199 03 40.6 205 30.1 772 809 60.6 255 848 41.1 247 437 | 473 535
Seg-Uncertainty [ '] - 87.6 419 83.1 147 1.7 362 313 199 8l.6 80.6 630 21.8 86.2 40.7 23.6 53.1 | 479 54.9
ProDA [ ] - 87.8 457 846 37.1 06 440 546 37.0 881 844 742 243 882 S5I.1 405 456 | 555 62.0
Ours (PA) 40 pixels | 95.8 719 87.8 399 415 383 47.1 542 892 908 699 485 914 715 522 672 | 66.1 72.1
Ours (RA) 2.2% 96.8 76.6 89.6 45.0 47.7 450 53.0 625 90.6 927 73.0 529 931 805 524 70.1 | 70.1 75.7
Fully Supervised 100% 96.7 77.8 90.2 40.1 498 522 585 676 91.7 938 749 520 926 70.5 50.6 702 | 70.6 75.9
AADAF [ ] 5% 913 576 869 37.6 483 450 504 585 882 903 694 379 899 445 328 625 | 619 66.2
MADA? [ 1] 5% 96.5 746 88.8 459 438 46.7 524 605 89.7 922 741 512 909 603 524 694 | 68.1 73.3
Ours (RA)F 5% 97.0 789 899 472 50.7 485 552 639 91.1 93.0 744 541 929 799 553 710 | 714 76.7
Fully Supervised* 100% 975 814 909 485 513 536 594 68.1 91.7 934 756 519 932 756 520 712 | 722 77.1




I 01 Active Learning via Region Impurity and Prediction Uncertainty

* Experimental Result

Selecti Training  GTAV  SYNTHIA : - o . .
clection —— Table 4. Experiments on different active selection methods.
Method Impurity Uncertainty £, L£!, mloU mloU
RAND: randomly selecting regions (2.2%) 63.8 64.7 Method BUdgCt mloU Budgct mloU
Fully Supervised: all labeled source and target 70.2 70.6
(a) v 68.1 69.0 RAND 40 piXClS 60.3 2.2% 63.8
(b) v 66.2 67.9 ENT [ ] 40 pixels 55.0 2.2% 66.2
. 2 .
© v Y 085 692 SCONF['1] 40 pixels 59.1 2.2% 66.5
(d) v v v 69.0 69.7 . i
© y y /602 P! Ours PA, 40 pixels 64.9 | RA,2.2%  68.5
(H) v v v v 69.6 70.1
70
—— Ours (PA)
mmm Cityscapes training set B Ours (RA) selection —&— Growth rate . 69 ~de— Ours (RA)
500 68
400 67
300 'g %66
200 8 E
100
64
0
63
-100
62

1 2 4 8 16 32 64
k (log-scale)
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0 1 DAformer

* Previous Work: DAformer
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Figure 2. Overview of our UDA framework with Rare Class Sampling, Thing-Class Feature Distance, and DAFormer network.




I 01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic
Segmentation
* arXiv

e Motivation

UDA methods are usually more GPU memory intensive than regular supervised training as images from multiple
domains, additional networks (e.g teacher model or domain discriminator), and additional losses are required for
UDA training

predictions from low-resolution (LR) inputs often fail to recognize small objects such as distant traffic lights and to
preserve fine segmentation details such as limbs of distant pedestrians



I 01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation
e Contribution

e  studying the influence of resolution and crop size

»  exploiting HR inputs for adapting small objects and fine segmentation details

e  applying multi-resolution training with a learned scale attention for object-scale-dependent adaptation
e  proposing a nested context and detail crop for memory-efficient training



01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation
* Overview of the Proposed Model

a) Multi-Resolution Training with Context and Detail Crop

Full HR Image X, HR Detail . .
Crop x, Detail Pred. y,
11y Dec. f§ | Zero Padding
’( = m Fused Pred. ¥
s h xw, h <w, A Shared A h /oxw /o
- : Weights : Scale Attentiona_  Masked Att. a’_ n
H-W LR Context Detail -
sl S [ O

h /oxw /o sh /oxsw /o

Crop x_

h xw
c c

Context Pred. y_

N —p[ (1-a) Oy, H Resize ]'P

hc/o " wc/ o

b) Detail Pseudo-Label Inference with Overlapping Sliding Window

HR Detail HR Detail HR Pred. §7
Crops Predictions

c.HR

Enc. gt Dec. g* Reassemble




01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation
° Context and Detail Crop

a) Multi-Resolution Training with Context and Detail Crop

Full HR Image X, HR Detail : .

Crop X, Detail Pred. §,

L1y Dec. 5 > Zero Padding
’[ = ]-’ Fused Pred. ¥
- h xw, h xw, A Shared A h /oxw /o
= : Weights : Scale Attention a_,  Masked Att. a’_

W LR Context : Detail :

Crop x_ > Mask D

h /oxw /o sh /oxsw /o

Resize

Context Pred. y_

N —p[ (1-a) Oy, H Resize ]->

hc/o - wc/o

h xw
c c

LR Context:
Le = C(flfc,HRa 1/8) be ~ u{o‘ (H - Shc)/k} ko beo =0beq + she,

Le HR — THR [bc,l : bc,2: bc,3 : bc,4] )
bes ~U{0, (W —sw.)/k} -k, bes=b.3+ sw..

HR Detail:

g = Tc mr|ba : a2, 04,3 baal,
ba1 ~U{0, (she — hq)/k} -k,  bis=0ba1+ ha,
bdjg ~ U{O (S’IUC — ’U)d)/k} -k , bd’4 — bd,3 + Wy -



01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation
* Multi-Resolution Fusion

a) Multi-Resolution Training with Context and Detail Crop

Full HR Image X, HR Detail : .
Crop X, Detail Pred. §,

1NN Dec. £ b[ Zero Padding ]-P a

sh xsw thWd hd “Wy A Shared A hd/O X \Vd/O
_ : Weights Scale Attention a,  Masked Att. a’, N
HxW LR Context Setall . -
CIop X, i Mask D

hc/o - wc/o

Resize

Context Pred. y_

N —p[ (1-a) Oy, H Resize ]->

hc/o - wc/o

h xw
c c

scale attention

ac = o(fS(FAGD)) a e mE < a;<v:.j>_{

ac(i,j) ifled << b2 pbas o g o bas

S0 — S0

0 otherwise

o 7’ o] o] o] (o]

.. b ) o b . b by - . b

o yd(’&_ d,l.J_ d,3> if Qa1 <i< a(r,),2 A d,3 S] < d,4

yd(%]) — . .
0 otherwise

attention-weighted sum:

Ye,F = (1 — (]2) ® Y, $) + C<a’:;:v $) ® ?)Zl '

Fused Pred. ¥

sh /oxsw /o



I 01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation
* Multi-Resolution Fusion

a) Multi-Resolution Training with Context and Detail Crop

Full HR Image X, HR Detail : .
Crop X, Detail Pred. §,
L1y Dec. 5 > Zero Padding
’[ = ]-’ Fused Pred. ¥
- h xw, h xw, A Shared A h /oxw /o
= : Weights : Scale Attention a_,  Masked Att. a’_

HxW LR Context

Crop x_
Resize

Detail ;
L it o Dz

hc/o - wc/o

sh /oxsw /o

Context Pred. y_

N —p[ (1-a) Oy, H Resize ]->

hc/o - wc/o

h xw
c c

Source:

LHRDA = (1 - Ad)ﬁce(gngangR7 1)+ NaLee(97,y5. 1)
Target:

EERDA = (1 - Ad)ﬁce(z?zp:psza q(,TF) + /\dﬁce(Jg Pg; q:{) :



I 01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation

° Pseudo-Label Generation with Overlapping Sliding Window

b) Detail Pseudo-Label Inference with Overlapping Sliding Window

HR Detail HR Detail
Crops Predictions

) o]

>

HR Pred. y* .

Reassemble

The underlying HRDA predictiony/ » is fused from the LR prediction §/ and HR

prediction ngR using the full scale attentiona?

QZF =(((1—a;)®g,,s)+¢lal,s)® QZHR :




I 01 HRDA: Context-Aware High-Resolution Domain-Adaptive Semantic

Segmentation
* Experimental Results

e GTAS:

|Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bik(:|ml()U

i T'A5 — Cityscapes

CBST [7] 91.8 53.5 80.5 32.7 21.0 34.0 289 204 839 34.2 809 53.1 24.0 82.7 30.3 359 16.0 25.9 42.8]| 45.9
DACS [] 899 39.7 879 30.7 395 38.5 464 528 83.0 44.0 8388 67.2 358 84.5 457 50.2 0.0 27.3 34.0| 52.1
CorDA [ 1] 94.7 63.1 87.6 30.7 40.6 40.2 478 51.6 87.6 47.0 &9.7 66.7 359 90.2 489 57.5 0.0 398 56.0| 56.6
BAPA [1]] 94.4 61.0 88.0 26.8 399 38.3 46.1 553 87.8 46.1 &894 68.8 40.0 90.2 604 59.0 0.0 45.1 54.2| 574
ProDA [ ] 87.8 56.0 79.7 46.3 44.8 456 53.5 5H3.5 88.6 45.2 821 T70.7 39.2 88.8 455 594 1.0 489 56.4| 57.5
DAFormer [27]| 95.7 70.2 89.4 53.5 48.1 49.6 55.8 59.4 89.9 479 925 722 44.7 92.3 745 782 65.1 55.9 61.8]68.3
HRDA 96.4 74.4 91.0 61.6 51.5 57.1 63.9 69.3 91.3 48.4 94.2 79.0 52.9 93.9 84.1 85.7 75.9 63.9 67.5|73.8




I 01 ProCST: Boosting Semantic Segmentation using Progressive Cyclic Style-

Transfer
* Experimental Results

* SYNTHIA :

Synthia — Cityscapes

CBST [/7] 68.0 299 763 10.8 1.4 339 228 295 77.6 - 783 60.6 283 816 -~ 235 -~ 18.8 39.8| 42.6
DACS [7] 80.6 25.1 819 21.5 2.9 372 227 24.0 83.7 - 90.8 67.6 383 829 -~ 389 - 28.5 47.6| 48.3
BAPA [11] 91.7 538 839 224 0.8 349 305 428 86.6 = 83.2 66.0 34.1 8.6 — 5H1.3 ~— 29.4 50.5| 53.3
CorDA [11] 93.3 61.6 853 196 5.1 378 36,6 428 84.9 - 90.4 69.7 41.8 8.6 — 384 -~ 32.6 53.9| 55.0
ProDA [ ] 87.8 45.7 846 37.1 0.6 44.0 54.6 37.0 88.1 = 84.4 742 243 882 — 5H1.1 -~ 40.5 45.6| 55.5
DAFormer []| 84.5 40.7 884 41.5 6.5 50.0 55.0 54.6 86.0 = 89.8 732 482 872 - 532 - 93.9 61.7| 60.9
HRDA 85.2 47.7 88.8 49.5 4.8 57.2 65.7T 60.9 85.3 - 929 79.4 52.8 89.0 - 64.7 - 63.9 64.9/65.8




01 ProCST: Boosting Semantic Segmentation using Progressive Cyclic Style-

Transfer
* Experimental Results

UDA Method Network w/o HRDA w/ HRDA  Improvement
1 Entropy Min. [7] DeepLabV2 []] 44.3 +0.4 46.7 +1.2 +2.4
2 Adversarial [(] DeepLabV2 [] 44.240.1 47.1 +1.0 +2.9
3  DACS [7] DeepLabV2 ['] 53.9+0.6 59.4 4+1.2 +5.5
4  DAFormer [1] DAFormer [7]  68.3+40.5 73.8 +0.3 +5.5
UDA (DAFormer) Supervised Learning (Oracle DAFormer)
70 e I ./
-2 @ . Resolution
’ —o— LR (s=2)
i ~#- HR (s=1)

1 I I I
0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00
Relative Crop Size Relative Crop Size



01 ProCST: Boosting Semantic Segmentation using Progressive Cyclic Style-

Transfer
* Experimental Results

Table 3. HRDA context size. XR, de- Table 4. HRDA detail size. XR, denotes
notes crops with resolution XR (sLp=2, crops with resolution XR (s =2, sur=1)

sur=1) and relative crop size a=h/ ilﬁ and relative crop size a:h/i—’;.
Context Crop Detail Crop mloU Context Crop Detail Crop mloU
1 LRy 5 — 62.1 +2.1 1 LR1.o — 68.5 4+0.9
2 — HRo. 5 65.1 +1.9 2 — HRg 25 47.7 +2.4
3 LRo.s HRo. 5 68.5 +0.6 3 LRi.o HRo .25 70.6 +0.7
4 LR/()_75 HR,().{, 71.1+1.7 4 LR,l_() HR,()_375 71.7 4+0.4
5 LRq1.0 HRo. 5 73.8 +0.3 5 LR1.o HRo 5 73.8 4+0.3

Table 5. Comparison of HRDA with  Table 6. HRDA detail crop variants. Up-
naive HR crops that have a comparable LR: LR crop upsampled to HR resolution.
GPU memory footprint (HRg.75).

Context Crop Detail Crop mloU

Context Detail Mem. mloU
1 LRy o — 68.5 +0.9
1 - HRo 75 22.0 GB 70.0 £1.2 9 LRy, LRo 5 69.1 +0.4
2 LRo.7s HRo.375 13.5 GB 71.3+0.3 3 LRio Up-LR, 5 71.941.5
3 LRi1i.o HRo.5 22.5 GB 73.8+0.3 4 LRio HRg 5 73.8 40.3




I 01 ProCST: Boosting Semantic Segmentation using Progressive Cyclic Style-

Transfer
* Experimental Results

Table 7. Component ablation of HRDA.

Context Detail Scale Attention Overlapping Detail Detail Loss mloU

1 - v — — — 65.1 +1.9
2 v — — — — 68.5 +0.9
3 Vv v Average — — 67.5 +0.8
4 v v Learned -~ = 71.5 +o0.5
5 v v Learned v - 72.4 +0.1
6 Vv v Learned v v 73.8 +0.3




