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 Motivation

First, due to the class-imbalance, different categories are prone to have distinct transferability
Second, typical manually designed threshold methods [41, 40] generate pseudo labels according to the confidence scores,
which is substantially hindered by the inevitable label noise
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Figure 1. Problems for existing threshold-based pseudo labels gen-
eration. (a) Ignoring true positive predictions; (b) Assigning false
positive predictions as labels (¢) Ideal pseudo labels generation.
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e Contribution

*  Propose to enhance the distribution alignment by resampling the training source images, whereas the
resampling classes are designed according to the uncertainty statistics of the target domain.

*  Propose to select reliable pseudo labels by fitting the predictions to certainty and uncertainty modes using
GMM. Pixels belonging to the certainty mode are assigned as pseudo labels.
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e dataset

« GTAS and SYNTHIA dataset
 Cross-City dataset



I 01 Foreground-aware Semantic Representations for Image Harmonization

* Overview of the Proposed Model

Uncertainty-aware Pseudo
Label Assignment

. F 3'/ Target-Guided Uncertainty Rectifying
/ LR T il B
Prediction ,
ﬁi\D'mn::rirninat i :

S, -
g V'
4 Sortedclassindex /| T e / s
Rectifying Training | : n or Entropy Value 2 Pseudo Label
| Mt N\ ; s
4 adv Lseﬂ

Entropy

Ertropy

Uncertain Classes | )




I 01 Foreground-aware Semantic Representations for Image Harmonization

Target

%

Source




I 01 Foreground-aware Semantic Representations for Image Harmonization

 Target-guided uncertainty rectifying
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 To locate uncertalnty aware classes, we flrst calculate average category-level
entropy I3, on the whole target domain:
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* Then, we rank I, and obtain a subset S, with top-k high-uncertain classes.
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 Soft-balance sampling for uncertainty-ware classes
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« Uncertainty-aware pseudo label assignment

Uncertainty-aware Pseudo
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« Uncertainty-aware pseudo label assignment
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 we use the Expectation-Maximization (EM) algorithm to optimize the
distributions and weights (W, 4,Wy,s) following a uniform distribution.
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* Experimental Results
 GTAS:

Table 1. Comparison to state-of-the-art methods of adaptation from GTAS to Cityscapes based on ResNet-101 backbone. The top group is
for adversarial adaptation (“AA”), while the bottom represents performance using sclf-training learning (“ST7).
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AdaptSeg [31] | 86.5 36.0 799 234 233 239 352 148 834 333 756 585 27.6 73.7 325 354 39 301 28.1|424
SIBAN [19] 88.5 354 795 263 243 285 325 183 81.2 40.0 76.5 58.1 258 826 303 344 34 216 215|426
CyCADA [11] |86.7 356 80.1 198 175 38.0 399 41.5 827 279 736 649 190 65.0 120 286 45 31.1 420|427
CLAN [20] 87.0 27.1 79.6 273 233 283 355 242 83.6 274 742 58.6 280 76.2 33.1 36.7 6.7 319 314|432
DISE [1] 91.5 475 825 313 256 33.0 337 258 827 288 827 624 308 852 27.7 345 64 252 244|454
ADVENT [33] | 894 33.1 81.0 266 26.8 27.2 335 247 839 36.7 788 58.7 305 848 385 445 1.7 316 324|455
PatchAlign [32] | 92.3 51.9 82.1 29.2 25.1 245 338 33.0 824 328 822 58.6 272 843 334 463 22 295 323|465
MRNet [38] 89.1 239 822 195 20.1 335 422 39.1 853 33.7 764 60.2 337 86.0 36.1 433 59 228 308|455
Ours (AA) 88.7 31.2 83.7 34.1 24.1 376 429 33.0 858 389 803 63.7 342 859 41.2 425 34 338 425|488

LSE [30] 90.2 40.0 835 319 264 32.6 38.7 375 81.0 342 846 61.6 334 825 328 459 6.7 29.1 306|475
PLCA [13] 84.0 304 824 353 248 322 368 245 855 372 786 669 328 855 404 480 88 298 418|477
BDL [15] 91.0 447 842 346 276 30.2 36.0 36.0 850 43.6 83.0 58.6 31.6 833 353 497 33 288 356|485
SIM [34] 906 447 B48 343 287 31.6 350 37.6 847 433 853 57.0 315 838 426 485 19 304 390492
TextDA [14] 929 55.0 853 342 31.1 349 40.7 340 852 40.1 87.1 61.0 31.1 825 323 429 03 364 46.1 502
FDA [36] 925 533 824 265 276 364 40.6 389 823 398 78.0 62.6 344 849 341 53.1 169 277 464|505

Zhe etal. [39] |904 312 851 369 256 375 48.8 48.5 853 348 8I1.1 644 368 863 349 522 1.7 290 446|503
Ours (ST) 90.5 38.7 86.5 41.1 329 40.5 482 421 86.5 368 842 645 38.1 87.2 348 504 02 41.8 54.6|52.6
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 Ablation Experimental
 GTAS:

Table 3. Ablation study on GTAS—Cityscapes. AA + I'T acts as
the baseline model with adversanal adaptation and image trans-

Salaction of Sample: from Target Domain

lation techniques; SR indicates the proposed soft-balance resam- :
pling strategy on source domain; TGAA 1s target-guided uncer- R . N
tainty rectifying adversarial adaptation; UPST stands for the pro- 5 . w1 [ — [ -
posed uncertainty-aware pscudo labels self-training process. A ‘i i |
Method AA IT SR TGAA UPST | mloU I MU | ]
13
Source Only 36.6 10
+AA [31] v 429 .
+HIT [] 5] v v 45.3 oo e - = ngijinanz::::;nmz?gmmm e mew ha
+SR v v v 46.1 Figure 6. The influence of uncertainty-aware rectifying for se-
+TGAA v v v v 48.8 lected infrequent categories on different sampling stages.
+UPST v v ooV v v 52.6
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* Experimental Results
« SYNTHIA:

Table 2. Comparison to state-of-the-art methods of adaptation from SYNTHIA to Cityscapes based on ResNet-101 backbone. The top
group 1s for adversarial adaptation (*AA”), while the bottom group represents performance using self-training learning (*ST). mloU and
mloU* are averaged over 16 and 13 categories.
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AdaptSeg [31] |79.2 37.2 78.8 10.5 03 251 99 105 782 805 535 196 670 295 21.6 31.3| 395 | 459
PatchAlign [32] | 82.4 38.0 78.6 87 06 260 39 11.1 755 84.6 535 216 714 326 193 31.7| 40.0 | 465
CLAN [20] 81.3 37.0 80.1 - - - 16.1 137 782 815 534 212 73.0 329 22.6 30.7 - 47.8
ADVENT [33] | 85.6 422 79.7 87 04 259 54 8.1 804 841 579 238 733 364 142 33.0| 41.2 | 48.0

DISE [1] 91.7 535 77.1 25 02 271 62 7.6 784 81.2 558 19.2 823 303 17.1 343| 415 | 488
Ours (AA) 81.2 356 815 99 0.8 359 29.6 199 789 78.1 62.8 27.1 83.7 279 168 53.1| 45.2 | 52.0
TextDA [14] 92.6 53.2 792 - - - 1.6 75 78.6 844 52.6 20.0 82.1 348 14.6 394 - 49.3
LSE [30] 829 43.1 78.1 93 06 282 9.1 144 770 835 58.1 259 719 38.0 294 312| 426 | 494
BDL [15] 86.0 46.7 803 - - - 141 11.6 79.2 813 54.1 279 73.7 42.2 25.7 453 - 51.4
SIM [34] 83.0 44.0 803 - - - I17.1 158 80.5 81.8 599 33.1 70.2 373 285 458 - 52.1
FDA [36] 79.3 350 732 - - - 199 240 o61.7 826 614 31.1 839 40.8 38.4 5I1.1 52.5

Ours (ST) 794 346 835 193 2.8 353 32.1 269 78.8 79.6 66.6 303 86.1 36.6 195 56.9| 48.0 | 54.6
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* Experimental Results

[
AT s e o | )
- \ _- . b
Target Image Ground Truth Baseline Ours (AA) Ours (ST)

Figure 5. Visualization of the segmentation results. We perform our results from adversarial adaptation (“AA™) and self-training learning
(*ST™), respectively. The “baseline” model 1s achieved with adversarial learning and image transfer.



