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Problems & Ideas

* Problems of conventional domain adaptation approaches:

— The target domain lacks any available data for training, resulting in
much worse performance than fully supervised methods.

— Existing approaches overlooked the balance between annotation
burden and the performance.

* |deas: A few-shot domain adaptation framework, utilizing few labels on
the target domain, which balances the performance and the annotation
burden.
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Source images |, labeled target images I, unlabeled target images I, and perturbed images I, are forwarded into the
segmentation networks G. The corresponding latent features are represented by cuboid with different colors. The features
obtained from Is and It are trained for segmentation, and Is and |, are used to train discriminator D. Furthermore, I, and I,
construct the semantic consistency constraint and all the features are used to train the transferable prototypical networks.



Main Contributions

e Contributions:

— A novel type of domain adaptation, i.e., few-shot domain adaptation (FSDA),
which pursues the balance between performance and annotation burden for
domain adaptation tasks.

— A transferable prototype-based module to align the source and the target
domains with only the few-shot labels.

— A data perturbation-based approach to help alleviate the overfitting problem
when only a few labeled data are available.

GTAS5 — Cityscapes
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Source-only 260 149 651 55 129 89 60 25 700 29 470 245 00 400 121 15 00 00 00 17.9
FCNs [7] 04 324 621 149 54 109 142 27 792 213 646 441 42 704 80 73 00 35 00 271
CyCADA [1] 85.6 307 747 144 13.0 176 137 5.8 746 158 699 382 35 723 160 50 0.1 3.6 0.0 29.2
MCD [ ] 86.4 8.5 76.1 18.6 9.7 149 7.8 0.6 828 327 714 252 1.1 763 161 17.1 14 02 0.0 28.8
AdaptSeg [ /] 873 298 786 21.1 182 225 215 11.0 797 296 713 468 65 801 230 269 00 106 0.3 35.0
CLAN["] 88.0 306 792 234 205 26.1 230 148 816 345 720 458 79 80.5 26.6 299 0.0 10.7 0.0 36.6
Baseline 934 576 799 230 213 237 151 11.7 809 378 835 422 92 784 95 0.9 154 4.8 37 36.4
M; e 942 624 825 208 30.6 269 236 229 823 390 873 505 162 799 177 49 11.9 6.6 159 408
Moo 214 263 27.9 238 215 847 385 853 514 139 806 142 41 38 38 240 403
QOurs(all) 93.7 589 827 314 281 268 222 228 835 402 86.1 490 171 789 254 39 206 5.8 21.0 421

758 168 772 125 21.0 255 301 201 813 246 703 538 264 499 172 259 65 253 36.0 36.0
865 259 798 221 200 236 331 218 818 259 759 573 262 763 208 321 72 295 325 411
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CLAN["] 87.0 27.1 79.6 273 233 283 355 242 836 274 742 586 280 762 331 367 67 319 314 432
MRNet [17] 89.1 239 822 195 20.1 335 422 39.1 853 337 764 602 337 860 361 433 59 228 308 455
R-MRNet [/ 7] 904 312 851 369 256 375 488 485 853 348 8l.1 644 368 863 349 522 17 290 446 503
Baseline 938 594 799 215 199 262 229 189 835 407 847 583 256 86.1 37.6 398 37 11.3 102 434
M; ey 952 67.6 850 27.0 305 330 382 478 866 443 859 603 338 867 206 149 242 157 564 50.2
Moo 952 652 851 264 305 341 391 487 865 464 860 622 352 854 875 104 255 240 584 503
Ours(all) 95.6 688 856 276 356 354 402 452 883 465 87.6 613 365 863 308 102 327 224 572 526

Results of adaptation from GTAS to Cityscapes. We first compare with the state-of-the-art UDA algorithms adopting the VGG16 (V) and ResNet101
(R) networks. Then, we report our results with (s_cyc)/(proto) modules respectively. We highlight the best result in each column in bold.



