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1. Proof Of Eqn. (8)

Taking the logarithm of Eqn. (6) and Eqn. (7), the optimization formula can be derived as follows:
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In addition, minimizing log L4(ys,¥s) and log £;(y+) is equivalent to minimizing £4(ys, ¥s) and L£;(y;). Therefore, the
above formula can be further derived as follows:
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2. Implementation Details

Our proposed FREDOM approach is implemented based on the implementation of SAC [1], DAFormer [60], and Im-
ageGPT [2]. In particular, we borrow the implementation of DeepLab-V2 of SAC '. We use DeepLab-V2 with ResNet-101
backbone. The Atrous Spatial Pyramid Pooling with a sampling rate of {6, 12, 18,24} has been implemented in our work.
The predicted segmentation is computed from the output of layer conv5. For the Transformer backbone, we borrow the
implementation of DAFormer’. Our Transformer architecture also uses the MiT-B5 encoder as the backbone to produce a
feature pyramid with dimensions of {64,128, 320,512}. To output the predicted segmentation, we use the decoder with a
dilation rate of {1, 6, 12, 18}. Both DeepLab-V2 and Transformer of segmentation networks are pretrained on ImageNet-1K.
For the Conditional Structure Network, we adopt the implementation of Image-GPT>. The structure of our conditional net-
work structure is designed based on the base version of Image GPT [2], which is a variant of GPT-2 [8]. The Conditional
Structure Network G is trained on the segmentation labels of the source domain.

For the adaptation loss in the target domain £;, we also use the self-supervised loss with pseudo labels [1]. Our training
procedure and augmentation methods are implemented based on the implementation of SAC [1] and DAFormer [6]. We
also adopt the data sampling technique of SAC [1] in our training. For the mask sampling technique, during training the
conditional structure network, for each image in each iteration, we randomly generate a binary mask within three cases, as
mentioned in the main paper.

3. Additional Experimental Results

3.1. Ablation Study
Table 1. Effectiveness of our Mask Sampling Approach to Fairness Improvement Using DeepLab-V2 (DL-V2).

Lo Lcond Majority Group Minority Group mloU STD
Class 'MT M2 M3 |Road Build. Veget. Car S.Walk Sky |Pole Person Terrain Fence Wall Sign Bike Truck Bus Train Tr.Light Rider M.bike

DL-V2| X X X X903 872 881 886 535 873|444 673 422 285 41.1 50.1 544 525 569 337 489 33.1 426 | 574 209
+Lya| X X X X904 87.1 88.0 886 53.6 872|447 674 423 284 412 498 549 53.0 572 378 488 33.0 425 |57.7 207
+Lcp| X X X X |905 872 882 887 535 873|448 67.6 422 285 416 51.6 538 543 57.6 375 492 33.6 435 |58.0 206
DL-V2| v X X X906 873 881 888 53.7 874|449 677 423 28.6 419 529 57.6 552 575 47.6 508 369 449 |59.2 198
DL-V2| v vV X X 1906 873 882 888 537 875|449 678 422 29.0 419 53.0 57.7 552 57.7 488 50.8 375 451 |594 197
DL-V2| v v / X908 875 885 889 540 87.6|451 684 423 304 421 53.6 57.8 553 587 537 50.8 395 46.1 | 60.1 193
DL-V2| vV v / /1909 878 886 89.7 541 895|452 688 42.6 32.6 44.1 57.1 58.1 584 62.6 553 514 400 477 | 61.3 19.1

Effectiveness of Mask Sampling Approach To further illustrate the effectiveness, we conduct additional ablation studies
using DeepLabV2 (DL-V2) under the domain adaptation setting trained on the GTAS — Cityscapes benchmark. We consider
experiments of the pre-defined weight-balancing different classes [13] (L¢ ), normalizing gradients (L ¢ ). In addition, we
evaluate the impact of the mask sampling approaches to the fairness improvement. There are three different strategies of
binary mask samplings that will be evaluated, i.e., (1) If m contains only one unmasked pixel (denoted as M1), GG learns to
capture structural information of segmentation conditioned on a given pixel, (2) If m contains more than one unmasked pixel
(denoted as M2), it increases the flexibility of G on learning segmentation structures conditioned on unmasked pixels, (3)
If m does not contain any unmasked pixels (denoted as M3), it is equivalent to learning the log-likelihood of segmentation
maps. The experimental results in Table 1 show the advantages of our method. We found that £ stabilizes the training
procedure and L brings a minor improvement. Also, while £¢,y,q With simple binary masks sampled as M1 is not powerful
enough to model the conditional structures, combining three strategies of mask samplings brings a significant performance
improvement of the segmentation model, especially in classes of the minority group, and promotes fairness in the model.

3.2. Quantitative Results

Table 2 reports our experimental results using DeepLab-V2 and Transformer networks compared to prior unsupervised
domain adaptation methods. The table includes the results of both benchmarks, i.e., SYNTHIA — Cityscapes and GTAS —
Cityscapes. Overall, our proposed approach has achieved State-of-the-Art performance on both benchmarks and significantly
improved the IoU results of classes in the minority which means promoting fairness of the model predictions.

Uhttps://github.com/visinf/da-sac
Zhttps://github.com/lhoyer/DAFormer
3https://github.com/teddykoker/image-gpt



Table 2. Comparison of Semantic Segmentation Performance with UDA Methods Using DeepLab-V2 (DL-V2) and Transformer (Trans.).

Majority Group Minority Group

Approach  Network Road Build. Veget. Car S.Walk Sky |Pole Person Terrain Fence Wall Sign Bike Truck Bus Train Tr.Light Rider M.bike mloU STD
SYNTHIA — Cityscapes
CBST [15] DL-V2|68.0 763 77.6 81.6 299 783|339 60.6 — 1.4 108 295 398 — 235 -— 22.8 283 18.8 | 42.6 26.8
DACS [9] DL-V2|80.6 819 837 829 251 908|372 67.6 — 29 215 240 476 — 389 -— 227 383 285 | 483 284
CorDA [13] DL-V2|933 853 849 856 61.6 904|378 69.7 - 5.1 19.6 428 539 — 384 -— 36.6 41.8 326 | 550 273
AdvEnt[11] DL-V2|87.0 79.7 80.1 727 44.1 83.6/243 564 - 06 96 72 337 — 326 - 48 237 128 | 40.8 314
DADA [12] DL-V2|89.2 814 81.8 79.7 448 84.0/262 547 - 03 6.8 11.1 388 — 407 - 8.6 193 140 | 42.6 32.0
MaxSquare [3] DL-V2| 829 80.3 825 79.0 40.7 822|258 53.1 - 08 102 182 356 — 314 -— 128 18.0 104 | 414 30.6
IntraDA [7] DL-V2| 843 79.5 80.0 78.0 37.7 84.1|249 572 - 04 53 84 365 — 381 — 9.2 230 203 |41.7 310
BiMaL [10] DL-V2|92.8 815 824 857 515 84.6/304 559 - 1.0 102 159 388 — 445 -— 17.6 223 246 | 462 309
SAC[1] DL-V2|89.3 85.6 87.1 87.0 473 89.1/43.1 63.7 - 1.3 266 320 528 — 356 -— 456 253 303 | 526 279
ProDA [14] DL-V2|87.8 84.6 88.1 832 457 844440 742 - 0.6 37.1 37.0 456 — 511 -— 54.6 243 405 | 555 264
FREDOM DL-V2|86.0 87.0 87.1 87.1 463 89.1/48.7 712 - 53 333 468 599 — 546 - 534 381 51.3 | 59.1 24.0
TransDA-S [4] Trans. | 82.1 862 89.2 909 409 90.3/53.0 68.0 — 1.0 258 36.1 454 — 584 — 537 262 412 | 555 27.1
TransDA [4]  Trans. | 90.4 864 90.3 923 548 93.0/53.8 71.2 - 1.7 31.1 37.1 498 — 660 — 61.1 253 444 |593 273
ProCST [5] Trans. | 843 87.7 86.1 87.6 41.1 87.9|50.7 74.7 - 6.1 426 542 625 — 614 -— 555 472 533 | 614 226
DAFormer [60] Trans. | 84.5 884 86.0 87.2 40.7 89.8/50.0 73.2 - 6.5 415 546 617 — 532 -— 55.0 482 539 | 609 22.8
FREDOM Trans. | 89.4 89.3 899 90.5 508 93.7/57.3 794 - 9.3 488 60.1 68.1 — 660 — 651 51.6 623 | 67.0 22.0

GTAS5 — Cityscapes

CBST [15] DL-V2|91.8 80.5 839 827 535 809|340 53.1 342 21.0 32.7 204 42.8 303 359 160 289 240 259 |459 254
DACS [9] DL-V2|89.9 879 88.0 845 39.7 888|385 672 440 395 30.7 52.8 34.0 457 502 0.0 464 358 273 |52.1 254
CorDA[13] DL-V2|947 876 87.6 90.2 63.1 89.7/402 66.7 47.0 40.6 30.7 51.6 56.0 489 575 0.0 478 359 39.8 | 56.6 2438
AdvEnt[11] DL-V2|89.9 81.6 839 83.7 365 77.1/285 574 340 252 292 224 233 294 39.1 15 323 279 284 |438 264
MaxSquare [3] DL-V2|89.4 82.1 853 84.6 43.0 782|303 63.0 394 21.3 30.5 24.0 33.5 36.4 43.0 55 347 229 347 |464 257
IntraDA [7] DL-V2|90.6 82.6 852 864 361 80.2(27.6 593 393 21.3 295 23.1 37.6 33.6 539 0.0 314 294 327 |463 267
BiMaL [10] DL-V2|91.2 827 854 86.6 39.6 80.8/29.6 59.7 440 252 294 255 36.8 385 47.6 12 343 304 340 |473 259
SAC [1] DL-V2|90.3 86.6 87.5 885 539 86.0|45.1 67.6 402 27.4 425 429 451 490 546 98 486 297 26.6 | 538 242
ProDA [14] DL-V2|87.8 79.7 88.6 888 56.0 82.1/456 70.7 452 448 46.3 535 564 455 594 1.0 535 392 489 |575 217
FREDOM DL-V2|909 87.8 88.6 89.7 54.1 89.5/452 688 426 32.6 44.1 57.1 58.1 584 62.6 553 514 40.0 47.7 | 61.3 19.1

TransDA-S [4] Trans. | 92.9 882 89.6 914 59.1 94.1/47.6 743 420 32.0 425 392 514 540 58.0 444 576 453 483 | 60.6 20.8
TransDA [4]  Trans. | 947 89.2 904 925 642 93.7|50.1 76.7 502 458 48.1 40.8 554 56.8 60.1 47.6 602 47.6 49.6 | 639 19.1
ProCST [5] Trans. | 95.8 89.8 90.2 923 69.6 93.0/49.8 722 503 450 55.8 633 63.1 722 788 65.1 56.8 449 564 |68.7 17.1
DAFormer [6] Trans. | 95.7 89.4 899 923 702 925/49.6 722 479 481 535 594 61.8 745 782 651 558 447 559 | 683 173
FREDOM Trans. | 96.7 90.9 91.6 94.1 748 944|575 784 521 49.0 58.1 714 68.9 839 852 725 634 531 62.8 |73.6 158

3.3. Qualitative Results

Figure 1 illustrates additional qualitative results of the SYNTHIA — Cityscapes experiments. In particular, we compare
our results with AdvEnt [11], BiMaL [10], SAC [!], and DAFormer [6]. Overall, our approach produces better quality
compared to prior methods. The predictions of segmentation maps of classes in minority groups have been improved and
well-segmented compared to other methods.
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Figure 1. SYNTHIA — Cityscapes. Qualitative Results of Our Proposed Approach. Columns 1-6 are the results of AdvEnt [11],
BiMaL [10], SAC [1], DAFormer [6], our FREDOM approach, and Ground Truth (Best view in color and 2x zoom).
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