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Class-Balanced Self-Training (CBST)
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Confidence Regularized Self-Training (CRST)
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Label Regularized Self-Training (LR)
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Model Regularized Self-Training (MR)
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Proposed Confidence Regularizers
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Experiment: Quantitative Results

Results on SYNTHIA-> Cityscapes (mloU* - 13 class)

Method Backbone | Road SW Build Wall* Fence* Pole¥* TL TS Veg. Sky PR Rider Car Bus Motor Bike | mloU | mloU*
Source DRN-105 149 114 3587 1.9 0.0 24.1 1.2 60 688 760 53543 7.1 342 150 038 0.0 234 26.8
MCD [51] 84.8 43.6 79.0 3.9 0.2 291 72 55 838 831 510 11.7 799 272 6.2 0.0 37.3 43.5
Source DeepLaby2 55.6 238 74.6 - - - 6.1 121 748 790 553 191 396 233 137 250 - 38.6
AdaptSegNet [60] 843 427 715 — — — 47 70 779 825 543 210 723 322 189 323 — 46.7
AdvEnt [63] DeepLabv2 | 85.6 422 79.7 8.7 0.4 259 54 81 804 841 579 238 733 364 142 330 | 412 48.0
Source ResNet-38 326 215 465 4.8 0.1 265 148 131 708 603 566 35 741 204 8.9 13.1 | 292 33.6
CBST [69] 53.6 237 750 12.5 0.3 364 235 263 848 747 672 175 845 284 152 558 | 425 48.4
Source 643 213 731 2.4 1.1 314 7.0 277 631 676 422 199 731 153 105 389 | 349 40.3
CBST DeepLabv2 | 68.0 299 76.3 10.8 1.4 339 228 295 776 783 606 283 8.6 235 188 39.8 | 426 48.9
CRST 67.7 322 739 10.7 1.6 374 222 31.2 808 805 608 29.1 828 250 194 453 | 438 50.1
Results on GTAS5 -> Cityscapes
Method Backbone | Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike | mloU
Source DRN-26 427 263 517 5.5 6.8 138 236 69 755 11.5 36.8 493 09 467 34 5.0 0.0 5.0 1.4 21.7
CyCADA [23] 79.1 331 779 234 173 3211 333 318 815 26.7 69.0 628 147 745 209 256 69 188 204 | 395
Source DRN-105 36.4 142 674 164 120 201 87 07 698 133 569 370 04 536 106 32 02 0.9 0.0 [ 222
MCD [51] 903 310 785 197 173 286 309 16.1 837 30.0 69.1 585 19.6 815 238 300 57 25.7 143 | 397
Source DeepLabv2 758 168 772 125 210 255 30.1 20.1 813 24.6 70.3 538 264 499 172 259 65 253 36.0 | 36.6

AdaptSegNet [60] 86.5 360 799 234 233 239 352 148 834 333 756 585 276 737 325 354 39 30.1 281 | 424

AdvEnt [63] DeepLabv2 | 894 33.1 810 266 2068 272 335 247 839 367 788 587 305 848 385 445 17 316 324 | 455

Source - - - - - - - - - - - - - - - - - - - 29.2
FCAN [67] DeeplLabv2 | . ; . . - - . . - - . - . . - . . - | 466
Source 713 192 69.0 184 100 357 273 68 796 248 721 576 195 555 155 151 117 211 120 | 338
CBST DeepLabv2 | 91.8 535 805 327 210 340 289 204 839 342 809 531 240 827 303 359 160 259 428 | 459
CRST 910 554 80.0 337 214 373 329 245 850 341 808 577 246 841 278 300 269 260 423 | 471
Source 700 237 678 154 181 402 419 253 788 117 314 629 298 601 215 268 77 281 120 | 354
CBST [69] ResNet-38 | 86.8 467 769 263 248 420 460 386 807 157 480 573 279 782 245 496 177 255 451 | 452
CRST 845 477 741 279 221 438 465 378 837 227 561 568 268 817 225 462 275 323 479 | 468
CBST-SP 856 551 769 268 234 380 47.1 469 834 255 G687 456 157 797 277 503 382 334 446 | 48.1
CRST-SP ResNet-38 | 90.8 460 799 274 233 423 462 409 835 192 5901 63.5 308 835 368 520 280 368 464 | 492

CRST-SP-MST 91.7 451 809 29.0 234 438 471 409 840 200 60.6 64.0 319 858 395 487 250 380 470 | 498




Experiment: Qualitative Results (GTA->Cityscapes)
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Conclusions and Future Works

Conclusions
= Compared with supervised learning, self-training is an under-determined problem (EM with latent variables).

=  Our work shows the importance of confidence regularizations as inductive biases to help under-constrained

problems such as unsupervised domain adaptation and semi-supervised learning.

= (CRST is still aligned with entropy minimization. The proposed confidence regularization only serves as a safety

measure to prevent over self-training/entropy minimization.

* MR-KLDis most recommended in practice for its efficiency and good performance.

Future Works

= This work could potentially inspire many other meaningful regularizations/inductive biases for similar problems.
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