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1. Overview

This is the supplementary material to support our
manuscript “DUDA: Distilled Unsupervised Domain Adap-
tation for Lightweight Semantic Segmentation”. It contains
additional and detailed results, particularly related to Sec.
4 (Experimental Results) of the main article, that couldn’t
be included in the main article due to space constraints.
In Sec. 3, we note references compared in Fig. 1 in the
main paper. In Sec. 4, we provide the training time of
DUDAwMmic with the various backbone models as an addi-
tional implementation detail. In Sec. 5, in addition to
Tab. 4 of the main paper, we provide more detailed abla-
tion studies using MiT-BO backbone across the four differ-
ent datasets. In Sec. 6, we compare DUDA models with
the SOTA UDA methods with the class-wise IoU across
four UDA different benchmarks. We also provide experi-
ments comparing DUDA and its baselines (i.e., DAFormer,
MIC) with MiT-B2 and MiT-B4 backbones. Addition-
ally, we provide class-wise IoU scores for the compared
ResNet-based methods in Tab. 2 of the main paper. Code:
https://github.com/beomseokyg/DUDA.

2. Implementation Details

Our implementation closely follows SOTA prior works,
DAFormer [3] and MIC [5], including backbone and de-
coder head structures, as well as learning rate, batch size,
optimizer, etc. The backbones are pre-trained on ImageNet-
1k. Training strategies utilized in DAFormer [3], such as
data augmentation, learning rate warm-up, ImageNet fea-
ture distance (FD), and rare class sampling (RCS), are in-
tegrated into DUDA, but omitted in Fig. 2 (main paper) for
simplicity. In addition, the MIC training strategy, such as
masked loss, is applied within the DUDA framework when
coupled with MIC. We allocate 40k iterations for the pre-
adaptation phase and 80k iterations for the fine-tuning. We
experiment with 3 different random seeds.
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Training Time (iterations)
Pre-adaptation (40k) Fine-tuning (80k)

Method Backbone

DUDAMic MiT-BO 39 hours *41 hours
DUDAMic MiT-B1 40 hours *45 hours
DUDAMic MiT-B2 43 hours 46 hours
DUDAwMic MiT-B4 49 hours 58 hours
DUDAmic DeepLab-V2 54 hours *73 hours

Table 1. Training time of DUDAwic in the various backbones. The
training is performed in a single NVIDIA A6000 or A5000 GPU.
*Training time is measured in NVIDIA A5000 GPU.

3. Compared Methods

We compare with the following methods in Fig. 1 in the
main paper: FDA [25], DACS [16], ProDA [26], CAMix
[29], DAFormer [3], HRDA [4] MIC [5], DiGA [15], Fre-
dom [17], SGG [12], CONFETI [7], RTea [27], PRN [28],
MoDA [11], and RDAS (i.e., Revisiting Domain Adaptive
Semantic Segmentation) [6].

4. Training and Inference Cost

Training Cost. We primarily measure the training time for
each of the two training procedures. Our training is per-
formed on a single GPU, either NVIDIA A5000 or A6000,
and other training parameters, such as batch size, are the
same as introduced in the main text. Tab. | summarizes
the training time for different backbone models trained
by DUDAyc using the GTA—Cityscapes dataset. Since
DUDA is operated on three different networks (LT, LS, and
SS) and consists of the two training stages (pre-adaptation
and fine-tuning), the training cost is more expensive than
that of its baseline, such as HRDA [4] and MIC [5]. For
peak memory, DUDA MIC with MiT-BO, B1, B2, B4, and
BS5 requires 43,520MB, 43,561 MB, 43,601MB, 43,742MB,
and 43,820MB, respectively—all of which fit comfortably
on a single A6000 GPU. In comparison, standard MIC with
MiT-B5 consumes 22,444MB. Regarding throughput, in the
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Method | 7" Fine-tuning mloU (%) mAcc (%)
adaptation | CE KL Inconsistency
Synthetic-to-Real: GTA— Cityscapes (Val.)
MiT-BO No Distillation 51.00 62.49
MiT-BO v 62.34 71.74
MiT-BO v v 63.67 72.94
MiT-BO v v v 64.38 73.50
MiT-BO v v v v 65.19 75.18
Synthetic-to-Real: Synthia— Cityscapes (Val.)
MiT-BO No Distillation 46.09 58.25
MiT-BO v 57.06 67.44
MiT-BO v v 57.01 68.44
MiT-BO v v v 57.72 69.20
MiT-BO v v v v 58.31 71.12
Day-to-Nighttime: Cityscapes— DarkZurich (Val.)
MiT-BO No Distillation 23.89 40.08
MiT-BO v 33.18 49.02
MiT-BO v v 34.30 50.49
MiT-BO v v v 35.18 51.07
MiT-BO v v v v 35.29 51.84
Clear-to-Adverse-Weather: Cityscapes—ACDC (Val.)
MiT-BO No Distillation 43.79 58.06
MiT-BO v 49.68 62.91
MiT-BO v v 51.84 65.00
MiT-BO v v v 53.52 66.11
MiT-BO v v v v 53.86 67.45

Table 2. Ablation Studies of DUDA on the four different adapta-
tion scenarios with DAFormer as the base across the four datasets.
The basic model is configured as DAFormer without DUDA, and
subsequently, we incrementally introduce cross-entropy, KL diver-
gence, pre-adaptation, and inconsistency-based balanced losses in
the DUDA setup. mloU for Synthia—Cityscapes is averaged over
16 classes.

pre-adaptation stage of DUDA MIC, where three models
are jointly updated, the measured throughput on an A6000
GPU is 0.570 imgs/sec (MiT-B0), 0.556 imgs/sec (MiT-B1),
0.517 imgs/sec (MiT-B2), and 0.454 imgs/sec (MiT-B4).
These values are lower than the 0.794 imgs/sec achieved by
standard MIC with MiT-B35, reflecting the additional com-
putation during joint training. As LT and LS networks are
identical regardless of the SS network’s backbone, the in-
crease in the training time (both pre-adaptation and fine-
tuning) has resulted from the larger SS networks (from top
to bottom rows).

Inference Cost. We acknowledge the elevated memory
requirement of DUDA during training due to the auxil-
iary large network, however, it incurs no increase in in-
ference cost. Notably, the primary obstacle from mem-
ory issues predominantly emerges at inference time. Con-
sidering the other UDA methods [10, 25, 26] take several
days [4], the training speed of DUDA is rather similar to
them. However, our focus is to obtain SOTA UDA perfor-
mance in lightweight models (SS networks), not fast train-
ing. We can rather expect fast inference as a by-product

Method | 7" Fine-tning mloU (%) mAcc (%)
adaptation | CE KL Inconsistency
Synthetic-to-Real: GTA— Cityscapes (Val.)
MiT-BO No Distillation 59.54 69.29
MiT-BO v 71.37 79.99
MiT-BO v v 70.80 79.82
MiT-BO v v v 71.63 80.27
MiT-BO v v v v 71.71 81.04
Synthetic-to-Real: Synthia— Cityscapes (Val.)
MiT-BO No Distillation 52.96 64.26
MiT-BO v 64.79 75.03
MiT-BO v v 64.56 74.93
MiT-BO v v v 65.02 75.17
MiT-BO v v v v 65.25 76.04
Day-to-Nighttime: Cityscapes—DarkZurich (Val.)
MiT-BO No Distillation 31.38 47.12
MiT-BO v 40.35 60.00
MiT-BO v v 40.93 60.74
MiT-BO v v v 41.28 60.31
MiT-BO v v v v 40.83 60.75
Clear-to-Adverse-Weather: Cityscapes—ACDC (Val.)
MiT-BO No Distillation 52.82 64.89
MiT-BO v 63.86 74.23
MiT-BO v v 64.13 74.43
MiT-BO v v v 65.48 75.22
MiT-BO v v v v 65.39 75.73

Table 3. Ablation Studies of DUDA on the four different adap-
tation scenarios with MIC as the base across the four datasets.
The basic model is configured as MIC without DUDA, and sub-
sequently, we incrementally introduce cross-entropy, KL diver-
gence, pre-adaptation, and inconsistency-based balanced losses in
the DUDA setup. mloU for Synthia—Cityscapes is averaged over
16 classes.

of lightweight models since DUDA reduces the memory by
1.3~11.7 times and FLOPs of the backbone by 1.3~21.2,
keeping the mloU comparable (Tab. 1 of the main paper).
Note, the memory and FLOPs of ResNet models are as fol-
lows: ResNet-18 (46.2MB and 176.0 GFLOPs), ResNet-50
(99.7MB and 366.1GFLOPs), and ResNet-101 (175.7MB
and 638.7 GFLOPs). FLOPs are measured using the same
method as in Tab. 1 in the main paper.

In summary, while DUDA’s training cost is higher than
that of the baseline methods, the inference cost remains the
same.

5. Ablation Study

Ablation studies are conducted in MiT-B0O backbone trained
by DUDApar and DUDApc across the four different
datasets.  Similar to Tab. 4 of the main paper, the
performance improvement by involving the four com-
ponents, pre-adaptation (Pre-adapt) and fine-tuning with
the cross-entropy (CE), KL divergence losses (KL), and
inconsistency-based loss balancing (Incon.), are investi-



Method Pre-- Fme-tunmg mloU (%)
adaptation | CE KL Inconsistency
MiT-B1 No Distillation 60.2
MiT-B1 v 64.7
MiT-B1 v 66.8
MiT-B1 v v 67.9
MiT-B1 v v v 68.4
MiT-B1 v v v v 68.5
MiT-B2 No Distillation 63.9
MiT-B2 v 65.9
MiT-B2 v 68.4
MiT-B2 v v 68.5
MiT-B2 v v v 69.5
MiT-B2 v v v v 69.8
MiT-B4 No Distillation 66.1
MiT-B4 v 68.2
MiT-B4 v 70.0
MiT-B4 v v 70.2
MiT-B4 v v v 70.4
MiT-B4 v v v v 70.5

Table 4. Ablation Studies of DUDA in GTA—Cityscapes with
DAFormer. Experimental setups are same with Tab. 2 but MiT-
B1, MiT-B2 and MiT-B4 models are used for students.

Method mloU (%) 1
GTA—CS SYN—CS CS—DZur CS—ACDC

DAFormer | _ | 63.9 594 447 522
DUDApsr | @ | 69.8 61.6 54.4 56.8
MIC E 727 66.4 56.5 60.9
DUDAwic 755 673 59.6 68.6
DAFormer < 66.1 59.9 46.9 55.5
DUDApsp | @ | 705 62.0 54.4 577
MIC E 743 66.0 59.9 64.0
DUDAwic 76.7 683 603 70.2

Table 5. Comparison with DAFormer and MIC in MiT-B2 and B4
backbones. mloU for SYN—CS is averaged over 16 classes.

gated. Tabs. 2 and 3 provide the results from DUDApag
and DUDA ¢, respectively. DUDApar with the four com-
ponents consistently achieves the highest mloU and mAcc
in the four datasets. DUDAc with the four components in
CS—DZur and CS—ACDC shows slightly lower mloU but
highest mAcc.

In summary, DUDA generally shows continuous im-
provement by including each of the components.

6. Additional Quantitative Results

Comparison with Transformer-based Methods. In Tab. 3
of the main paper, we compare DUDA and its baselines
(DAFormer and MIC) in the MiT-BO and B1 backbones
in terms of mloU scores. Similarly, the comparison with
DAFormer and MIC in the MiT-B2 and M4 backbones is
presented in Tab. 5. Additionally, we provide the class-
wise comparison in Tabs. 6 and 7. It is important to note
that, in GTA—CS with MiT-BO backbone, the methods

without DUDA completely fail to segment the Train class,
while DUDApar and DUDAyc improve it by the IoU of
almost 50% and 70%. Similarly, the accuracy of the Mo-
torbike class shows a large improvement with DUDA (MiT-
BO0) across SYN—CS, CS—DZur, and CS—ACDC. In a
few cases, we see a performance drop, e.g., Road class in
SYN—CS and CS—ACDC for DUDApagr. Overall, due
to learning from higher-quality labels and inconsistency-
based balancing, DUDA performs significantly better in
most of the classes across benchmarks, with more substan-
tial improvement generally observed in the minority classes.
While the Train class is significantly improved (~50%) in
MiT-BO and MiT-B1, the improvement is reduced since
the baseline accuracy is high. The performance drop of
the Road class in SYN—CS and CS—ACDC is again ob-
served in MiT-B2 and MiT-B4. Overall, the observations
and trends in the class-wise IoU of MiT-BO and MiT-B1 are
similar in the larger backbones.

In addition to the mIoU presented in Tab. 1 in Sec. 4 of
the main paper, we provide the class-wise comparison of
DUDA with the SOTA SegFormer-based methods in Tab. 8.
It demonstrates the class-wise IoU of the SOTA methods
and DUDA with MiT-BO, B1, B2, and B4 backbones across
the four different UDA semantic segmentation benchmarks.
Our DUDApc with MiT-B4 performs slightly better than
recent SOTA methods, such as MIC [5] and MICDrop [24],
with MiT-B5 in on GTA—CS and SYN—CS. We believe
this can be attributed to our inconsistency-weighted loss
boosting accuracy on underperforming classes and the effi-
cacy of learning from multiple teachers (LT and LS). DUDA
also performs better than recent method CSI [9] in most
experiments (e.g., with DAFormer base, mloU of 69.8 w/
DUDA MiT-B2 vs. 67.9 w/ CSI MiT-B5 in GTA—CS;
mloU of 61.6 w/ DUDA MiT-B2 vs 61.4 w/ CSI MiT-B5
in SYN—CS).

However, we omit comparison with MICDrop and CSI
in the Tables to ensure fairness. The performance gain
in MICDrop stems from additional geometric information,
such as depth predictions, to enhance learning segmentation
boundaries. Also, all the compared approaches in the Ta-
bles including ours assume consistent taxonomies between
source and target domains, typical in traditional UDA se-
mantic segmentation, whereas CSI considers inconsistent
taxonomies between domains. Similarly, we do not directly
compare with UDA methods leveraging foundation models
[9, 13, 23]. Lastly, InforMS [20] proposed Online Informa-
tive Class Sampling to dynamically adjust the weights of
different semantic classes. However, it is particularly de-
signed for daytime-nighttime adaptation scenarios, consid-
ering illumination discrepancies in the scene using spectro-
gram mean. In contrast, DUDA does not assume specific
adaptation scenarios.

Comparison with ResNet-based Methods. The various



Method [ [ Road S.Walk Build. Wall Fence Pole TrLight Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike | mloU
Synthetic-to-Real: GTA — Cityscapes (Val.)
DAFormer [3] 922 559 856 252 223 400 395 462 873 43.6 87.7 634 31.8 854 364 406 14 31.8 529 | 51.0
DUDApsr g 963  76.7 88.5 430 417 485 49.5 59.6  89.7 44.4 91.7 689 403 912 72,6 726 528 524 612 | 652
MIC [5] E 95.0 68.0 88.4 444 294 486 485 62.5 89.8 46.0 927 71.0 36.6 875 492 577 04 536 621 | 595
DUDA ¢ 97.1 783 90.6 563 510 568 583 68.1 912 49.2 937 764 500 933 767 824 712 56.7 655 | 717
DAFormer [3] 944 648 87.1 341 272 447 47.7 55.0 88.7 473 903 664 321 892 599 556 520 476 588 | 602
DUDApur @ 96.7 758 89.2 477 468 509 529 635 90.2 453 927 709 428 923 760 79.1 69.8 562 622 | 68.5
MIC [5] E 958 720 899 544 403 558 59.7 702 90.9 50.5 938 753 46.1 915 628 645 354 60.6 655 | 67.1
DUDA ¢ 973  79.6 91.0 544 539 590 62.2 708 91.6 50.2 939 783 537 942 823 845 70.8 581  67.0 | 733
Synthetic-to-Real: Synthia— Cityscapes (Val.)
DAFormer [3] 572 216 84.1 99 1.0 402 34.4 40.6 84.1 - 86.5 654 323 816 - 36.6 - 7.4 54.5 | 46.1
DUDAp,r 8 759 313 88.1 419 76 484 50.4 522 843 - 914 703 437 869 - 546 - 451 61.0 | 583
MIC [5] E 83.8 39.0 86.1 0.2 09 481 52.0 495 859 - 935 71.6 351 863 - 479 - 73 60.1 | 53.0
DUDAwic 857 525 889 439 86 568 62.0 61.2 829 - 945 184 531 897 - 62.1 - 60.7  63.0 | 653
DAFormer [3] 858  36.6 859 320 23 431 47.0 475  86.1 - 92.1 699 372 842 - 372 - 39.8 595 | 554
DUDApsr E]ﬁ 715 337 88.6 432 89 510 53.6 56.1 84.1 - 909 72.8 489 869 - 591 - 49.7 634 | 605
MIC [5] ; 948  69.5 872 387 1.5 550 60.3 578 875 - 943 765 460 889 - 614 - 582 632 | 650
DUDA i 852 524 895 469 7.8 597 65.4 637 824 - 95.0 802 579 901 - 648 - 629 643 | 66.8
Day-to-Nighttime: Cityscapes— DarkZurich (Test)
DAFormer [3] 884 51.1 619 258 113 450 29.8 13.8 449 12.0 385 31.8 100 682 19.7 0.0 56.1 9.2 192 | 335
DUDApar ﬂoll 925 643 717 410 16.1 504 43.4 459 579 37.6 649 473 459 769 496 05 788 342  33.0 | 50.1
MIC [5] E 91.5 592 65.0 440 148 464 10.7 333 526 345 51.5 436 170 522 00 00 628 7.5 26.1 | 375
DUDA ¢ 947 737 795 495 1777 573 32.0 49.0 57.1 39.7 68.2 582 49.1 799 789 1.8 862 314 387 | 549
DAFormer [3] 91.0 552 50.8 352 125 384 304 296 29.7 28.5 213 322 225 668 59.0 0.0 569 9.0 27.7 | 36.7
DUDApr I:Tll 93.1 653 73.1 40.0 188 523 454 46.2 587 40.6 658 543 306 793 513 3.0 863 429 363 | 51.8
MIC [5] ; 91.7 618 705 441 17.8 510 19.6 39.0 45.1 34.5 54.0 51.0 146 338 753 0.0 821 246 293 | 442
DUDA ¢ 945 724 80.9 507 21.8 603 333 53.0 58.0 384 69.0 62.1 53.0 804 729 115 8e.1 38.1 413 | 56.7
Clear-to-Adverse-Weather: Cityscapes—ACDC (Test)
DAFormer [3] 79.0  36.0 66.1 269 233 419 47.2 46.0 80.2 454 854 384 132 696 374 333 287 185 37.0 | 449
DUDApsr g 640 552 83.0 400 339 482 27.8 545 741 51.3 60.0 54.1 269 80.6 51.6 457 803 306 465 | 53.1
MIC [5] E 66.7 489 743 42,6 234 475 58.9 57.0 824 53.4 67.5 432 180 75.0 51.1 425 662 21.6 421 | 51.7
DUDA \c 90.2 657 875 488 350 534 59.1 629 751 58.8 87.0 623 415 850 603 67.8 86.1 424 554 | 644
DAFormer [3] 80.6  39.0 732 319 262 441 49.3 520 695 48.1 853 448 174 677 363 446 585 251 456 | 494
DUDApur 5 646 575 83.6 40.8 348 502 289 562 747 53.7 60.1 569 308 816 52.6 474 828 350 48.0 | 547
MIC [5] E 56.0 524 81.0 450 31.1 510 60.4 58.0 738 54.5 58.5 592 394 775 587 553 787 38.0 53.0 | 569
DUDA ¢ 90.7 664 88.1 485 373 559 60.2 657 757 59.4 87.0 66.1 464 864 63.6 69.0 89.5 483  59.7 | 66.5

Table 6. Comparison of DUDA with DAFormer and MIC in MiT-BO and B1 backbones in class-wise loU. mloU for Synthia—Cityscapes

is averaged over 16 classes.

ResNet-based methods reported in Tab. 2 in Sec. 4 (main
paper) are compared with the class-wise IoU in Tab. 9, in-
cluding DUDApc with DeepLab-V2 (DLV2) backbone.
In particular, the accuracy improvement is noticeable in
GTA—CS, and the Train class in DUDAyc shows ~ 15%
higher IoU than other UDA methods. Similarly, DUDApc
achieves 10% higher IoU in certain classes, such as the Wall
class in SYN—CS and Car class in CS—ACDC.

7. Additional Discussion

Vanilla KD baseline using LT. The vanilla KD baseline
(row-3) in the ablation study tables (e.g., Tab. 4 of the main
paper and Tab. 4) uses LS for distillation. We observe com-
parable performance using LT for distillation. For example,
with LT, mIoU for MiT-B1 degrades slightly (-0.07%), and
mloU for MiT-BO improves slightly (+0.04%) in GTA—CS
compared to using LS.

KL Loss in pre-adaptation. KL loss enriches learn-
ing by capturing class correlations using output logits.

Note, we incorporate KL loss in the pre-adaptation. In
GTA—CS for DUDApaF, the KL in the pre-adaptation im-
proves the final mloU of MiT-BO (65.1—65.2%) and MiT-
B1 (68.2—68.5%).

MiT-B5 as both Large (LS and LT) and Small (SS) Net-
works. As DUDA-B4 outperforms MIC-B5 in GTA—CS
and SYN—CS (Tab. 1 in the main script), we evaluate
DUDA-B5 to check whether the performance improve-
ment continues. DUDApc with MiT-B5 achieves mloU
of 76.7 in GTA—CS and 68.6 in SYN—CS. DUDApar
with MiT-B5 achieves mloU of 70.9 in GTA—CS and 61.6
in SYN—CS. DUDA-BS5 models perform very similarly to
DUDA-B4 (i.e., marginally better overall), indicating the
performance gain is now saturated. It makes sense since, in
DUDA-BS, all three networks (LS, LT, and SS) are MiT-B5
with the same capacity.

LS/LT as Teacher at Pre-adaptation and Fine-tuning.
As we have two large networks (LT and LS) to guide a
lightweight network (SS), four different setups can be con-



Method [ [ Road S.Walk Build. Wall Fence Pole TrLight Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike | mloU
Synthetic-to-Real: GTA — Cityscapes (Val.)
DAFormer [3] 949 638 88.6 472 349 483 54.1 579 89.6 49.6 91.0 67.8 399 907 612 67.1 59.0 504 584 | 639
DUDApur gel 97.0 769 89.8 534 485 527 555 645 903 445 93.1 722 453 93.0 799 833 682 547  63.0 | 69.8
MIC [5] ; 96.8 764 909 574 513 588 63.9 706 914 50.0 9.1 71.0 500 939 80.0 842 70.2 59.1 65.1 | 72.7
DUDA ¢ 975  80.7 91.7 617 570 60.6 64.3 713 918 51.5 94.0 79.6 56.1 945 837 90.0 80.1 612 68.1 | 755
DAFormer [3] 939 598 889 49.6 444 489 55.7 56.8 893 49.3 922 715 421 917 598 710 673 575  60.0 | 66.1
DUDApar El,g 97.0 772 90.1 547 513 530 57.0 65.1 90.5 452 93.0 732 459 932 814 825 64.6 60.1 647 | 70.5
MIC [5] E 96.4 757 91.8 61.0 584 598 65.3 732 920 52.7 939 792 525 93.6 767 809 745 65.6 67.6 | 743
DUDA ¢ 975 80.7 920 63.6 595 614 65.5 720 919 51.8 94.1 804 573 947 87.0 91.1 829 649 689 | 76.7
Synthetic-to-Real: Synthia— Cityscapes (Val.)
DAFormer [3] 89.7 469 86.8 360 3.8 484 52.6 45.1 858 - 927 725 416 868 - 53.0 - 476  60.7 | 59.4
DUDApar g 78.0 329 89.0 430 83 523 56.6 56.7  86.1 - 90.7 745 498 867 - 622 - 544 640 | 61.6
MIC [5] E 912 585 89.0 440 3.1 57.8 65.3 64.8 88.7 - 943 795 534  89.1 - 569 - 61.7 645 | 664
DUDA ¢ 849 513 90.0 477 87 617 67.6 644  83.1 - 95.0 815 604 892 - 622 - 646 651 | 673
DAFormer [3] 859 419 884 384 6.1 50.1 549 56.7 874 - 852 727 455 87.1 - 51.8 - 51.6 549 | 599
DUDApsr E-,f 78.0 329 889 430 80 523 577 570 86.2 - 90.8 747 503 869 - 664 - 546 640 | 62.0
MIC [5] E 86.3 495 884 399 96 602 67.8 635 88.8 - 942 80.1 562 895 - 533 - 65.1 63.5 | 66.0
DUDA yic 855 515 902 455 95 624 69.1 652 842 - 95.0 82.0 615 899 - 69.7 - 67.0 653 | 68.3
Day-to-Nighttime: Cityscapes— DarkZurich (Test)
DAFormer [3] 923 577 665 286 18.0 513 9.7 404 437 279 46.7 427 368 749 636 00 773 36.5 34.0 | 447
DUDApur gﬁl 93.6  68.1 754 454 172 538 45.6 499 587 39.8 66.1 509 475 815 539 32 893 554 374 | 544
MIC [5] E 926 704 813 536 211 573 48.1 532  65.1 39.6 79.0 584 53.1 535 835 0.0 8e6.1 423 36.1 | 565
DUDAyic 95.0 75.1 82.1 536 242 616 35.0 56.7 58.1 43.1 69.2 645 599 813 81.0 6.1 904 532 430 | 596
DAFormer [3] 92.7 635 659 347 115 48.1 17.0 444 444 25.1 39.0 545 527 767 476 27 89.0 42,6 399 | 469
DUDApar El,g 93.7 682 757 426 193 538 435 470 613 372 66.8 56.6 549 81.0 523 33 90.1 484 383 | 544
MIC [5] E 953 767 83.0 554 250 630 354 57.5 59.1 442 70.5 663 55.1 812 80.8 12.7 90.5 425 445 599
DUDA ¢ 954 772 829 556 256 628 35.7 57.8  59.1 439 70.5 662 58.6 812 81.8 13.1 914 424 444 | 603
Clear-to-Adverse-Weather: Cityscapes—ACDC (Test)
DAFormer [3] 557 403 83.8 422 318 48.1 39.9 505 737 48.2 50.6  56.1 31.0 78.6 539 555 73.0 36.0 435 | 522
DUDApar g 64.1 57.1 84.1 447 369 518 30.3 58.1 750 53.6 59.5 603 358 826 585 519 842 40.6  50.0 | 56.8
MIC [5] E 534 554 81.7 539 378 553 59.5 623 80.0 55.7 56.7 63.8 39.1 827 713 672 819 439 559 | 609
DUDAwic 91.0 674 88.7 507 394 578 60.9 672 762 60.7 87.0 695 48.1 88.1 71.7 784 903 513 598 | 68.6
DAFormer [3] 69.0 349 844 443 324 509 32.0 57.0 722 41.6 72.6 585 353 810 541 66.1 8.1 383 49.1 | 555
DUDApsr 55 632 579 850 476 366 522 29.6 582 75.1 54.4 576 61.8 369 833 594 587 857 419 510 | 577
MIC [5] ; 528 629 86.1 58.8 413 559 53.1 59.0 749 58.1 479 69.6 46.6 863 757 840 899 527 613 | 64.0
DUDA \ic 914 688 89.3 523 404 592 61.3 68.6 764 62.1 87.1 715 486 893 767 83.8 90.6 555 615 | 702

Table 7. Comparison of DUDA with DAFormer and MIC in MiT-B2 and B4 backbones in class-wise IoU. mloU for Synthia—Cityscapes

is averaged over 16 classes.

sidered in KD teacher, e.g., LT/LS at the pre-adaptation
and LT/LS at the fine-tuning. DUDA employs two large
networks (LT and LS) in a multi-teacher setup, where
different large networks are used at the pre-adaptation
and fine-tuning phases. Our experiments show the multi-
teacher setup performs slightly better than the same-teacher
setup. Relative mloU differences are as follows: (multi-
teacher) LT—LS (DUDA): +0.0% LS—LT: +0.1% and
(same-teacher) LT—LT: -0.5% LS—LS: -0.2%, showing
the multi-teacher setup in DUDA is effective.

Upper Bound of Small Model’s Performance. In or-
der to better understand the contribution of the UDA side,
we investigate the upper bound of small models when dis-
tilled by large models in a supervised setup. When dis-
tilled from a large MiT-B5 (trained in a supervised setup
on Cityscapes), the performance of the smaller models is:
mloU of 75.4 for MiT-BO, mloU of 77.5 for MiT-B1. In
contrast, our GTA—Cityscapes DUDAyc models, trained
unsupervised, exhibit only a marginal performance decrease
(See Tab. 1 in the main paper, or Tab. 8): MiT-BO mloU

71.7, MiT-B1 mloU 73.3.

Static Inconsistency-based Weighting during Fine-
tuning. The general approach to balanced loss involves
statically weighting the loss based on the distribution in the
entire dataset, and our method follows this practice. Also,
during the fine-tuning stage with inconsistency-based bal-
anced loss, the class distribution remains constant since the
teacher model is frozen.



Method [ Road S.Walk Build. Wall Fence Pole TrLight Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike | mloU
Synthetic-to-Real: GTA— Cityscapes (Val.)
HRDA [4] 9.4 744 910 616 515 571 639 693 913 484 942 790 529 939 841 857 759 639 675 | 73.8
DiGA [15] 970 786 913 608 567 565 644 699 915 50.8 937 792 552 937 783 869 778 637 658 | 743
GANDA [8] 96.5 748 914 617 573 592 654 688 915 499 947 796 548 941 813 868 746 648 682 | 745
RTea [27] 97.1 75.2 926 635 51.8 582 66.5 712 91.1 49.0 96.8 81.5 542 942 848 86.6 757 62.2 66.7 | 74.7
BLV [21] 96.7  76.6 915 612 569 594 62.2 728 915 51.2 943 775 547 935 832 847 797 68.1 67.6 | 749
IRZF-RMM [2] 975 8.0 910 600 533 562 639 724 917 510 942 790 511 943 847 867 759 626 678 | 744
CDAC [19] 97.1 787 918 596 571 59.1 66.1 722 918 53.1 945 794 516 946 849 878 787 649 67.6 | 753
PiPa [1] 96.8 763 916 630 577 600 654 726 917 51.8 948 797 564 944 859 884 789 635 672 | 756
MIC [5] 974  80.1 91.7 612 569 597 660 713 917 514 943 798 561 946 854 903 804 645 685 | 759
MICDrop [24] 97.6 815 920 628 594 626 629 736 916 526 941 802 570 948 874 907 81.6 653 678 | 76.6
DUDA ¢ (B4) 975 807 920 636 595 614 655 720 919 51.8 941 804 573 947 87.0 91.1 829 649 689 | 76.7
DUDA ¢ (B2) 975 807 917 617 570 606 643 713 918 51.5 940 796 561 945 837 90.0 80.1 612  68.1 | 755
DUDA ¢ (B1) 97.3 79.6 91.0 544 539 59.0 62.2 70.8 91.6 50.2 939 783 53.7 942 823 845 708 58.1 67.0 | 73.3
DUDA ¢ (BO) 97.1 783 906 563 510 568 583 68.1 912 492 937 764 500 933 767 824 712 567 655 | 71.7
Synthetic-to-Real: Synthia— Cityscapes (Val.)
HRDA [4] 852 477 888 495 48 572 657 609 853 - 929 794 528 890 - 647 - 639 649 | 658
DiGA [15] 88.5 49.9 90.1 514 6.6 55.3 64.8 62.7 882 - 935 78.6 51.8  89.5 - 62.2 - 61.0 658 | 66.2
GANDA [8] 89.1 506 8.7 514 67 594 668 577 86.7 - 938 806 569 907 - 64.8 - 626 650 | 67.0
RTea [27] 878 490 903 503 55 586 660 614 868 - 93.1 795 531 895 - 65.1 - 637 646 | 66.5
BLV [21] 876 479 905 504 69 57.1 64.3 653 869 - 934 789 549 8.1 - 629 - 652 668 | 66.8
IRZF-RMM [2] 904 549 894 480 74 590 655 632 8718 - 94.1 805 558 900 - 659 - 645 668 | 67.7
CDAC [19] 93.1 685 898 512 89 594 655 653 847 - 944 812 570 905 - 569 - 66.8 664 | 68.7
PiPa [1] 88.6  50.1 90.0 538 7.7 58.1 67.2 63.1 885 - 945 79.7 576 908 - 70.2 - 65.1 66.9 | 68.2
MIC [5] 86.6  50.5 893 479 7.8 59.4 66.7 634 87.1 - 94.6 81.0 589 90.1 - 61.9 - 67.1 643 | 67.3
MICDrop [24] 828 426 905 516 9.6 61.0 657 650 89.1 - 95.0 8l1.1 597 906 - 683 - 674 665 | 679
DUDA ¢ (B4) 85.5 51.5 90.2 455 9.5 62.4 69.1 652 842 - 95.0 82.0 615 89.9 - 69.7 - 67.0 653 | 68.3
DUDA ¢ (B2) 849 513 900 477 87 617 676 644 83.1 - 950 815 604 892 - 622 - 646 651 | 67.3
DUDA ¢ (B1) 852 524 895 469 7.8 597 654 637 824 - 950 802 579 90.1 - 648 - 629 643 | 66.8
DUDA ¢ (BO) 857 525 889 439 86 568 620 612 829 - 945 784 531 897 - 62.1 - 60.7 63.0 | 65.3
Day-to-Nighttime: Cityscapes— DarkZurich (Test)
HRDA [4] 904 563 720 395 195 578 527 431 593 29.1 70.5 600 586 840 755 112 905 51.6 409 | 559
IRZF-RMM [2] 947 75.1 732 444 257 606 390 474 702 41.6 773 624 555 864 555 200 920 553 428 | 589
MIC [5] 948 750 840 551 284 620 355 526 592 468 70.0 652 617 821 642 185 913 526 440 | 60.2
DUDA ¢ (B4) 954 772 829 556 256 628 357 578 59.1 439 705 662 586 812 81.8 13.1 914 424 444 | 603
DUDA ¢ (B2) 950 75.1 821 536 242 616 350 567 58.1 43.1 692 645 599 813 81.0 6.1 904 532 43.0 | 59.6
DUDA ¢ (B1) 945 724 809 507 218 603 33.3 53.0 580 384  69.0 621 530 804 729 115 86.1 381 413 | 56.7
DUDA ¢ (BO) 947 737 795 495 177 573 320 490 571 39.7 682 582 491 799 789 1.8 862 314 387 | 549
Clear-to-Adverse-Weather: Cityscapes—ACDC (Test)
HRDA [4] 883 579 8.1 552 367 563 629 653 742 57.7 859 688 457 885 764 824 877 527 604 | 68.0
CDAC [19] 870 567 845 535 343 546 436 514 717 586 854 687 457 890 709 815 90.1 476  59.0 | 649
MIC [5] 90.8  67.1 892 545 405 572 620 684 763 61.8 87.0 713 494 89.7 757 86.8 89.1 569 63.0 | 704
DUDA ¢ (B4) 914 688 893 523 404 592 613 68.6 764 62.1 87.1 715 486 893 767 838 906 555 615 | 70.2
DUDA ¢ (B2) 910 674 887 507 394 578 609 672 762 60.7 87.0 69.5 481 88.1 71.7 784 903 513  59.8 | 68.6
DUDA ¢ (B1) 90.7 664 881 485 373 559 602 657 757 594  87.0 66.1 464 864 636 69.0 895 483  59.7 | 66.5
DUDA ¢ (BO) 902  65.7 875 488 350 534 59.1 629 75.1 58.8 87.0 623 415 850 603 67.8 86.1 424 554 | 644
Table 8. Comparison of DUDA with prior UDA Semantic Segmentation methods in SegFormer-based networks in class-wise IoU. mloU

for Synthia—Cityscapes is averaged over 16 classes.



Method Road S.Walk Build. Wall Fence Pole TrLight Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike | mloU

Synthetic-to-Real: GTA — Cityscapes (Val.)

ADVENT [18] 894 331 81.0 266 268 272 335 247 839 36.7 788 587 305 848 385 445 1.7 31.6 324 | 455
CBST [30] 89.6 589 78.5 33.0 223 414 482 392 83.6 243 654 493 202 833 390 486 125 203 353 | 47.0
CRST [31] 91.7 451 80.9 29.0 234 438 47.1 409 84.0 20.0 60.6 640 319 858 395 487 250 38.0 47.0 | 498
DACS [16] 89.9 397 879 307 395 385 46.4 52.8  88.0 44.0 88.8 672 358 845 457 502 0.0 273 340 | 52.1
ProDA [26] 87.8  56.0 79.7 463 448 456 53.5 535 88.6 452 82.1 707 392 888 455 594 10 489 564 | 575
Fredom [17] 90.9  54.1 87.8 441 326 452 514 57.1  88.6 42.6 895 68.8 400 89.7 584 626 553 477 581 | 613
RTea [27] 954  67.1 87.9 46.1 440 46.0 53.8 59.5  89.7 49.8 89.8 71.5 405 90.8 550 579 22.1 477 625 | 619
DiGA [15] 95.6 674 89.8 51.6 381 520 59.0 51.5  86.4 345 87.7 756 488 925 66.5 638 197 496 616 | 62.7
CONFETI [7] 96.5 75.6 88.9 451 459 50.1 61.2 68.2 89.4 45.7 863 763 499 922 551 628 167 338 63.1 | 633
HRDA [4] 96.2  73.1 89.7 432 399 475 60.0 60.0 89.9 47.1 902 759 49.0 918 619 593 102 470 653 | 63.0
MIC [5] 96.5 743 904 47.1 428 503 61.7 623 90.3 49.2 90.7 778 532 930 662 68.0 6.8 380 606 | 64.2

DUDApc (R101) | 97.7 809 91.1 498 555 577 62.6 70.0 914 50.9 94.1 786 567 942 819 855 712 598 669 | 73.5
DUDApc (R50) | 97.4 794 91.1 546 542 563 62.1 69.2 911 473 937 765 53.1 939 79.0 845 736 597 663 | 72.8
DUDApc (R18) | 97.0 770 89.8 478 49.1 543 57.8 66.7  90.7 47.1 927 738 487 932 735 79.1 608 548 63.1 | 69.3
Synthetic-to-Real: Synthia— Cityscapes (Val.)

ADVENT [18] 856 422 797 87 04 259 54 8.1 804 84.1 579 238 733 - 364 - 142 330 | 412
CBST [30] 536 237 750 125 03 364 235 263 848 - 747 672 175 845 - 284 - 152 558 | 425
CRST [31] 677 322 739 107 16 374 222 312 808 - 80.5 60.8 29.1 828 - 250 - 19.4 453 | 4338
DACS [16] 80.6  25.1 819 215 29 372 227 240 837 - 90.8 67.6 383 829 - 389 - 285 476 | 483
ProDA [26] 878 457 846 371 06 440 546 370 88.1 - 844 742 243 882 - 511 - 40.5 456 | 555
*DAFormer [3] 621 247 852 245 37 386 448 509 849 - 841 69.6 406 86.1 - 517 - 46.5 552 | 553
GANDA [8] 87.1 458 86.1 289 48 371 40.6 450 87.0 - 879 69.1 398 899 - 598 - 338 572|563
Fredom [17] 86.0 463 870 333 53 487 534 468 87.1 - 89.1 712 381 871 - 546 - 513 599 | 59.1
RTea [27] 932 596 863 313 48 431 41.8 440 88.6 - 90.5 704 426 895 - 567 - 402 599 | 589
DiGA [15] 89.1 534 861 287 3.0 496 506 349 832 - 849 713 409 916 - 75.1 - 503  65.8 | 60.2
CONFETI [7] 838 446 869 154 37 443 569 555 849 - 862 738 468 90.1 - 571 - 46.0 632 | 58.7
HRDA [4] 858 473 873 273 14 505 578 610 874 - 89.1 762 485 873 - 493 - 550 682 | 612
MIC [5] 847 457 83 299 28 533 610 595 869 - 888 782 533 894 - 588 - 56.0 683 | 62.8
DUDApc (R101) | 887 542  90.0 479 86 590 657 629 868 - 943 805 595 904 - 626 - 61.1 655 | 674
DUDAc (R50) | 883 50.5 89.7 486 91 576 653 623 893 - 940 79.1 582 902 - 655 - 626 656 | 672
DUDAyc (R18) | 874 487 885 421 9.0 523 588 584 889 - 936 750 528 888 - 581 - 539 622 | 637
Day-to-Nighttime: Cityscapes— DarkZurich (Test)
ADVENT [18] 858 379 555 277 145 231 140 211 321 8.7 20 399 166 640 138 00 588 285 207 | 29.7
MGCDA [14] 803 493 662 7.8 11.0 414 389 390 641 18.0 558 521 535 747 660 0.0 375 291 227 | 425
DANNet [22] 900 540 748 410 21.1 250 268 302 720 262 840 470 339 682 190 03 664 383 236 443
*DAFormer [3] 842 565 674 325 148 46.1 326 447 338 233 1.8 502 430 747 694 85 543 286 36.0 | 442
HRDA [4] 88.7 655 683 419 181 50.6 6.0 39.6 333 344 03 576 517 750 709 85 636 41.0 388 | 449
MIC [5] 828 69.6 755 440 210 511 434 483 393 37.1 00 594 536 73.6 742 92 787 400 372|494

DUDAyyc (R101) | 94.1 722 78.0 456 238 58.0 32.7 528 564 33.1 689 63.1 558 764 854 12.1 619 387 403 | 552
DUDAy;c (R50) | 935  69.1 787 471 19.6 573 324 492 550 36.1 68.0 624 529 769 750 18 748 412 397 | 542
DUDApc (R18) | 928 660 760 427 20.1 534 30.5 46.5 517 33.8 654 538 387 713 538 3.1 680 327 357|493
Clear-to-Adverse-Weather: Cityscapes— ACDC (Test)
ADVENT [18] 729 143 405 166 212 93 17.4 21.2 638 23.8 183 326 195 695 362 345 462 269 36.1 | 32.7

MGCDA [14] 734 287 69.9 193 263 368 53.0 533 754 32.0 84.6 51.0 261 77.6 432 459 539 327 415 | 487
DANNet [22 843 542 77.6  38.0 30.0 189 41.6 352 713 39.4 86.6 487 292 762 41.6 430 586 326 439 | 50.0
*DAFormer [3] 763 48.1 78.0 347 269 383 50.7 52.8 70.0 45.1 784 545 283 781 479 436 703 22,6 492 | 523
HRDA [4] 849 632 83.1 331 323 460 427 554 69.2 52.8 83.1 632 37.8 78.1 485 585 624 428 572 | 57.6
MIC [5] 88.7 639 84.1 384 357 457 515 60.3 727 523 858 625 398 847 377 687 719 460 565 | 60.4

DUDApc (R101) | 89.9  64.7 87.1 403 374 553 61.9 66.9 752 58.8 87.0 663 40.7 875 63.6 753 8.9 508 57.7 | 659
DUDApc (R50) | 89.3  63.2 86.4 403 37.1 543 59.9 658 752 57.5 87.0 659 395 859 564 664 794 476 56.1 | 639
DUDA ¢ (R18) 88.2  60.0 84.6 384 343 499 53.8 542 741 54.9 86.8 586 338 79.1 47.1 368 757 351 505 | 577

Table 9. Comparison of DUDA with prior UDA Semantic Segmentation methods in ResNet-based networks in class-wise IoU. mloU for
Synthia—Cityscapes is averaged over 16 classes. SSG [12] and DAFormer [3] in GTA—Cityscapes are omitted since the class-wise IoU
is not provided in the literature. *DAFormer results are implemented by ourselves.
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