Appendix

A Further Implementation Details

A.1 Network Architectures

We adopt Daformer [17]] with Swin-B or MiT-B5 backbone as the base semantic segmentation
architecture. For the segmentation head, we utilize the same head as Daformer [[17]. The stem module
contains one fully-convolutional layers with kernel 3 x3 and stride of 2, two fully-convolutional
layers with kernel 33 and stride of 1, two fully-convolutional layers with kernel 3 x3 and stride of
2, and another three fully-convolutional layers with kernel 1x 1 and stride of 1 to adjust channels
of different feature maps. Level embedding module is defined as metrics with shape 3 xdims. The
prompt Interactor module contains three fully-convolutional layers with kernel 3x 3 and stride of 2 to
adjust feature dimensions. The prompt dimensions of different stages keep the same as the backbone,
i.e., [128, 256, 512, 1024] for swin-B and [64, 128, 320, 512] for MiT-B5.

A.2 Training and Testing Details

In the main manuscript, we have provided the most important part of training and testing details.
Here, we add other details about the training procedure, baseline implementations, etc. The training
procedure of our universal unsupervised visual prompt tuning is summarized in Algorithm[T] Both
source and target images are randomly cropped and resized along with randomized horizontal flipping
and photometric jittering. Specifically, We resize the images in GTAS and Cityscapes datasets to
1024 %512 and resize the images in SYNTHIA dataset to 1280x760. Then, all images are randomly
cropped to 512x512 for pre-training and self-training following [45]]. For evaluation, we use the
Cityscapes training dataset for training and the standard validation set for testing [45]. We conduct
our experiments using PyTorch v1.10.2, CUDA v10.2, and CuDNN v7.6.5, and all experiments are
done on a single NVIDIA V100 GPU.

A.3 Variant Implementation in Ablation Study

In this section, we introduce the implementation details about model variants in ablation study
(Section 3.3) of the main manuscript.

Prompt Adapter. To analyze the effectiveness of the proposed prompt adapter, we study five model
variants. (1) w/o Level Embedding. We remove the level embeddings ¢ and directly regard the output

of the stem Cj as visual prompts. (2) w/o Stem. We first remove the stem module and then repeat
level embeddings to the same shape as visual prompts. The repeated level embeddings are treated
as visual prompts. (3) Singlescale Stem. Only the feature map with medium size (1/4 resolution,
¢y in Cp) is applied for prompt generation. (4) Single Prompt Interactor. We only preserve the
prompt interactor in the first stage of the backbone and prompt interactors of the remaining stages
are removed. (5) w/o Prompt Adapter. We remove the proposed prompt adapter and preserve the
backbone for feature extractions, thus only parameters of the segmentation head are optimized during
self-training with pseudo labels.

Adaptive Pseudo Label Correction. To analyze the impact of the proposed adaptive pseudo-
label correction strategy, we conduct experiments on two model variants. (1) ELR. The model is
learned with pseudo-labels predicted by the frozen source model without any pseudo-label correction
strategies. (2) Ours + offline. We first train the model with pseudo labels predicted by the frozen
source model to get the training IoU curve for each category, and then correct pseudo labels with our
strategy only once.

Multiscale Consistency Loss. To analyze the effect of feature consistency L. and prediction
consistency L. in multiscale consistency loss L,,.: we conduct three objectives. (1) w/o feature
consistency. The feature consistency term is removed from the final objective which is defined as
L = Ly + Ly. (2) wlo prediction consistency. We remove the prediction consistency term and the
learning objective is described as £ = L 4+ L. (3) w/o multiscale consistency loss. The final loss
function only contains self-training loss, i.e., L = L.
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Algorithm 1 The overall training procedure of universal unsupervised visual prompt tuning.

Input: Uni-UVPT model f with trainable parameters 6 (The backbone is frozen.), memory queue
M with length r, target data with pseudo labels predicted by source model f: (x4, §:), label set
Cs

Define: Fitting interval 4, relative change threshold 7, predictive confidence threshold +, multiscale
consistency loss weights: « and S, total training iterations 7’;

1: for Ty € Dt,yAt = fs(xt) do

2 while length of M < r do

4: end while

5: t() = 0;

6: repeat

7 for each category c in C do

8: if t mod § = 0 and ¢ — ty > one epoch then

9: Calculate total IoU of M and store its value;
10: Fit IoU with g(t) = at® + bt? + ct + d;
11: if 7@’(@,/)(;%"(15” > 7 then

0

12: Correct the pixel-level pseudo label § of category ¢ with predictive confidence
13: over v %;
14: to =1;
15: end if
16: end if
17: delete M (0);
18: M = MUIoU(f(z),9);
19: Update 6 by minimizing £ = L + Lo,
20: end for
21: until ¢t > T
22: end for

Output: model parameters 0;

B Additional Experimental Results

B.1 Hyperparameter Analysis.

Pseudo-label Correction Margin 7 and ~. As shown in Figure we explore two important
hyperparameters, 7 and . 7 decides when to perform pseudo-label correction for each category.
~ controls which pixel’s pseudo label should be corrected. For smaller 7, we observe a small
performance drop, illustrating that correcting the pseudo labels too early (7 < 0.9) leads to suboptimal
performance. Therefore, a relatively high 7 is preferable, so we set 7 = 0.9 for all experiments.
Besides, if « is smaller than 0.65, the pseudo-label correction brings too much noise, leading to
significant performance degradation. Thus, We set v = 0.65 for all experiments.

Memory Queue Length r and Evaluation Interval . We analyze the influence of the maximum
length 7 of the memory queue and the curve updating interval 6. As shown in Figure we find
that higher r leads to better performance but brings more computing cost. To balance the computing
efficiency and performance, we set = 1000 in our experiments. Meanwhile, we find that the model
achieves the best performance when setting & = 200.

Loss Weight o and 3. « is the weight of feature consistency L ;. while 3 represents the weight of
prediction consistency £,.. The mloU performances under different values of o and 3 are shown
in Figure [6(c)} For o, we observe that too small weight (o < 1) leads to a significant performance
drop, illustrating that feature consistency plays an important role in helping prompt adapter learn
scale-robust representations. As for 3, too large weight(3 > 10~3) leads to suboptimal mIoU, which
may enhance the negative effect of noisy pseudo labels via self-training loss. Thus, we set &« = 1 and
B = 1073 in our experiments.

Learning Rate of the Prompt Adapter. As shown in Figure|6(d), when the learning rate of the
prompt adapter is five times of the head, the model obtains the best performance.
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Memory Queue Length and Curve Update Interval
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Figure 6: Hyperparameter Analysis: (a) 7 and -; (b) r and J; (c) « and 3; (d) Learning rate of prompt
adapter.

B.2 Quantitative analysis

To quantitatively demonstrate the effectiveness of our approach, we have provided mloU performance
in the main manuscript (see Section 3.2). Here, we provide class-wise IoU results on the GTAS
— Cityscapes and SYNTHIA — Cityscapes benchmarks for semantic segmentation in Table [6]
and Table [/ We obtain state-of-the-art performance without fine-tuning the parameters of the
backbone. Besides, as shown in Table [§]and Table [0} we conduct comparative results via fine-tuning
all parameters including the backbone. Our approach could further improve model generation for the
target domain and outperforms other state-of-the-art competitors.

B.3 Qualitative analysis

We provide extended qualitative results of our proposed approach with two backbones (Swin-B and
MiT-BS5) and two different pre-training methods (Standard Single Source and Source-GtA) on GTAS
— Cityscapes and SYNTHIA — Cityscapes tasks. Visualization results on eight different settings
are shown in Figure [THT4]
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Table 6: Quantitative evaluations on GTAS — Cityscapes. Different segmentation architectures: F
(FCN8s VGG-16), D (DeepLabv2 ResNet-101), S (Swin-B), M (MiT-BS). FB: whether the backbone
is frozen. Params (M): number of trainable parameters. Bold: the best results based on different
source pre-trained models. Underline: the state-of-the-art results. SSS: Standard Single Source.

Method ~ Arch FB Params (M) mIOU 1 g(%) road sidewalk building wall* fence* pole* light sign veg. terrain sky person rider car truck bus train motor bike

SFDA F X - 358 818 354 823 216 202 253 17.8 47 80.7 246 804 505 92 784 263 198111 67 43
GtA F X 1345 459 929 569 825 204 60 30.8 347332846 17.0 889 623 30.7 85.1 15.3 40.6 102 30.1 50.4
URMA A X 474 451 923 552 816 30.8 188 37.1 17.712.184.2 359 83.8 57.7 24.181.7 27.5443 69 24.1 404
SRDA A X - 458 905 47.1 828 328 280 29.9 35934.8833 39.7 76.1 57.3 23.679.5 30.7 402 0.0 26.6 30.9
SFUDA A X - 494 - oo
BDT A X 438 526 - - - ..o oo
GA A x 438 534 917 534 861 37.6 321 37.4 382356867 48.5 89.9 62.6 34.387251.050.8 42 427 539
Sss S X 907 505 808 295 851 368 310 362 46.135287.2 414 868 632 26.8 85.6 43.3 55.3 17.4 40.5 322
CPSL S v 39 511 760 269 847 306 267 30.1 43845986.8 41.8 88.1 63.7 27.1 84.8 47.6 53.023.3 44.4 448
VPT+ELR S v 70 535 857 352 859 403 29.5 38.0 46.937.388.0 452 90.7 64.0 30.6 86.7 45.1 59.9 282 39.8 39.9
Ous S v/ 286 562 932 540 874 419 342 41.6 46543.088.6 447 90.9 65.8 27.989.0 47.0 61.225.8 40.3 454
SSS M X 852 525 853 233 862 353 352 382 45427.487.6 432 89.0 65.8 31.389.6 49.9 59.8 38.7 38.1 28.5
CPSL M v 37 525 859 215 858 319 369 32.8 44.127.187.3 46.8 883 63.9 31.0 885 53.6 60.441.9 38.1 32.1
VPT+ELR M / 7.6 541 858 225 868 338 38.1 39.8 48.827.088.5 457 89.7 67.0 32.9 90.0 54.5 60.0 42.6 38.5 36.0
Ous M v/ 123 542 894 229 873 389 343 41.0 45830.388.8 442 90.1 67.0 32.490.1 52.9 60.4 37.1 37.7 38.6
Source-GtA S X 1104 528 878 409 862 443 319 389 43.632.787.8 47.6 844 64.1 29.7 885 45.8 56.7 19.8 36.1 36.6
CPSL S v 39 535  89.01 442 855 321 351 34.7 42340.186.8 467 85.1 63.2 31.487.0 475 60.229.9 34.1 415
VPT+ELR S v 70 551 905 47.1 868 402 320 404 448328883 50.2 865 65.2 33.589.3 49.1 57.133.5 38.5 41.7
GtA S v 236 561 900 454 877 453 37.0 42.0 46337.888.6 49.8 88.0 65.9 34.3 883 482 60.029.1 33.7 48.1
Ous S / 286 569 934 539 872 435 355 392 43934.687.8 503 85.8 654 334885 53.7 61.9323 39.0 51.3
Source-GtA M X 1037 530 844 321 867 480 33.6 39.5 46.531.687.7 483 865 647 29.889.2 51.7 55.235.8 32.7 23.8
CPSL M v 37 532 863 353 859 415 343 343 448309872 50.2 86.6 62.8 26.8 88.4 57.3 58.4 383 32.8 27.9
VPT+ELR M / 7.6 544 855 317 870 487 328 40.2 47.631.288.1 482 87.7 65.6 30.790.0 59.3 59.6 31.3 34.9 32.7
GA M v/ 223 552 863 330 874 433 356 424 49.033.588.6 49.6 885 66.3 31.989.0 53.6 57.1 39.1 33.6 40.7
Ous M v/ 123 561 874 356 878 485 367 411 47.538.488.3 494 88.0 66.4 31.189.7 54.6 58.9 354 357 459

Table 7: Quantitative evaluations on SYNTHIA — Cityscapes. Different segmentation architectures:
F (FCN8s VGG-16), D (DeepLabv2 ResNet-101), S (Swin-B), M (MiT-B5). FB: whether the
backbone is frozen. Params (M): number of trainable parameters. Bold: the best results based on
different source pre-trained models. Underline: the state-of-the-art results. SSS: Standard Single

Source.

Method  Arch FB Params (M) mIOU1 (%) mloU1 3(%) road sidewalk building wall* fence* pole* light sign veg. sky person rider car bus motor bike

GtA F X 1345 413 489 899 488 809 29 25 28.1 195262837849 574 178756289 43 172
URMA A X 474 39.6 450 593 246 770 140 1.8 315 18.332083.1804 463 17.8 767 17.0 18.5 34.6
SFUDA A X - - 3

BDT A X 438 - 567 - - - oo
GtA A X 438 52.0 60.1 905 500 816 133 28 347 25733.1838892 660 34.9 853534 461 466
Sss S X 907 44.6 498 718 317 775 265 08 37.8 37.029.179.9 827 59.7 23.6 66.947.0 22.1 19.1
CPSL S v 39 46.4 523 722 320 799 295 19 311 409 30.877.972.3 63.5 315 64.843.5 354 356
VPT+ELR S v 70 417 532 768 353 796 309 12 394 408324818851 61.8 252 713498 263 25.7
Ours S v 286 52.6 594 881 461 844 284 1.5 392 41.8 356852860 63.6 269 84.950.7 37.0 423
SSS M X 852 48.6 550 849 360 815 235 2.1 379 37.834.079.7832 63.5 292 775460 34.8 26.8
CPSL M v 37 50.5 572 862 381 819 278 12 356 384358815849 639 305 79.648.5 41.5 325
VPT+ELR M v/ 76 51.6 580 854 377 826 287 33 388 41.137.882387.0 662 342 764482 388 36.5
Ous M v 123 526 593 875 405 833 287 22 394 40.1 379833888 623 30.0 86.0 52.3 37.6 41.6

Source-GtA S X 1104 4838 550 853 370 810 254 1.8 39.1 38.530.378579.6 611 30.5 827424 309 37.3
CPSL S v 39 49.6 562 817 368 823 338 33 258 41.037.082.180.2 550 31.6 803 36.3 36.8 49.9

VPT+ELR S v 70 51.6 582 866 397 821 264 2.1 404 42.831.780383.1 63.3 345852474 368 43.6

GtA s v 236 525 587 869 388 828 323 34 402 419335798820 66.5 32.9 855467 357 50.6
Ours S v 286 53.8 604 883 436 844 326 28 403 434296835875 675 34.9 85.649.8 34.0 538

Source-GtA M X 103.7 50.0 562 849 423 820 293 2.1 381 355344820865 61.7 302 81.6444 328 323
CPSL M v 37 522 587 864 440 830 345 20 353 38.335.683887.3 623 315853472 393 39.7

VPT+ELR M v/ 76 53.0 595 886 464 822 344 20 384 382348829879 650 337 86.147.6 41.0 39.2

GA M v/ 223 53.6 59.7 879 463 839 352 38 414 350354839806 68.0 33.0 850447 372 465
Ous M v/ 123 538 60.1 886 478 840 368 3.0 39.8 37.335483987.2 662 313 85.050.6 39.1 450
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Table 8: Quantitative evaluations without freezing backbone on GTA5 — Cityscapes. Different
segmentation architectures: S (Swin-B), M (MiT-B5). FB: whether the backbone is frozen. Params
(M): number of trainable parameters. Bold: the best results based on different source pre-trained
models. Underline: the state-of-the-art results. SSS: Standard Single Source.

Method ~ Arch FB Params (M) mIOU g (%) road sidewalk building wall* fence* pole* light sign veg. terrain sky person rider car truck bus train motor bike

sss S X 907 505 808 205 851 36.8 31.0 362 46.135287.2 414 868 632 26.8 85.6 43.3 553 17.4 40.5 32.2
CPSL S X 907 53.0 825 311 862 343 312 379 45546.687.1 41.6 877 65.7 29.7 88.1 48.1 53.724.6 33.6 51.4
VPT+ELR S X 938 548 840 351 867 432 35.1 383 492387884 454 902 65.8 31.1 882 47.7 63.634.5 42.1 347
Ous S X 1154 570 936 560 87.6 455 37.0 412 48.136.888.8 454 903 67.1 32.189.0 53.5 63.927.0 38.8 40.6
SSS M X 852 525 853 233 862 353 352 382 45427487.6 432 89.0 658 31.389.6 49.9 59.8 38.7 38.1 28.5
CPSL M X 852 529 856 23.6 859 327 37.8 327 44.026787.5 477 883 63.8 30.589.0 56.5 60.336.7 40.9 34.4
VPT+ELR M X  89.1 544 856 229 868 28.8 362 404 47.829.5882 462 90.1 66.5 32.9 90.3 52.2 64.849.4 41.5 337
Ous M X 937 559 899 268 877 448 363 39.7 48.130.788.5 456 90.1 66.8 32.490.9 60.5 65.941.8 37.1 38.6
Source-GtA S X 1104 528 878 409 862 443 319 389 43.632787.8 47.6 844 64.1 29.7 885 45.8 56.7 19.8 36.1 36.6
CPSL S X 907 559  89.8 432 862 345 310 392 452439869 462 858 643 32.389.8 50.1 65.140.8 38.3 50.2
VPT+ELR S X 938 560 899 454  87.1 454 350 399 474351884 503 869 659 34.589.4 534 63.522.5 41.5 42.6
GA S X 1301 579 899 464 881 482 402 427 475359889 51.6 884 66.9 36.5 88.6 53.8 63.3 36.8 37.9 48.0
Ours S X 1154 575 930 557 87.1 479 395 380 43231.587.1 512 833 654 36.088.7 5.5 64.735.3 40.5 49.4
Source-GtA M X 1037 530 844 321 867 480 33.6 39.5 46.531.687.7 483 86.5 64.7 29.889.2 517 55235.8 32.7 23.8
CPSL M X 852 531 855 312 861 418 342 348 452300872 50.0 86.7 62.9 27.189.1 59.5 61.7 34.5 35.1 27.1
VPT+ELR M X  89.1 552 864 343 870 467 343 41.1 499331882 50.0 88.7 66.0 28.3 90.6 634 62.8 34.6 35.6 27.8
GA M Xx 123 554 864 311 87.6 446 352 417 47.834.188.8 47.7 89.0 659 30.9 89.5 58.0 59.542.9 36.5 35.9
Ous M X 937 573 873 323 880 48.5 383 41.8 48.035888.8 51.5 89.0 66.1 31.890.0 57.8 67.843.4 38.7 43.4

Table 9: Quantitative evaluations without freezing backbone on SYNTHIA — Cityscapes. Different
segmentation architectures: S (Swin-B), M (MiT-B5). FB: whether the backbone is frozen. Params
(M): number of trainable parameters. Bold: the best results based on different source pre-trained
models. Underline: the state-of-the-art results. SSS: Standard Single Source.

Method  Arch FB Params (M) mIOU (%) mloUj 3(%) road sidewalk building wall* fence* pole* light sign veg. sky person rider car bus motor bike

Sss S X 907 44.6 498 718 317 775 265 08 37.8 37.029.179.9 827 59.7 23.6 66.9 47.0 22.1 19.1
CPSL S X 907 46.0 520 775 358 792 347 14 244 416325803 79.0 553 257 643455 31.3 274
VPT+ELR S X 938 479 535 748 356 795 307 1.1 402 402348815843 634 277 66.751.8 28.5 262
Ours S X 1154 527 592 880 470 839 315 12 408 432342840860 647 27.1 85.656.1 31.7 384
SSS M X 852 486 550 849 360 815 235 2.1 379 37.834079.7832 63.5 292 775460 348 26.8
CPSL M X 852 50.8 579 861 363 819 242 07 352 387355817846 646 31.9 82.6492 453 34.2
VPT+ELR M X  89.1 51.8 588 862 370 832 216 3.0 39.6 40.3 383820844 659 345814504 456 352
Ours M X 937 527 594 879 399 841 280 34 40.1 39.7 38.582986.5 66.6 31.7 85.846.8 42.4 39.5
Source-GtA S X 1104 488 550 853 370 810 254 1.8 39.1 38.530.378579.6 61.1 30.5 827424 309 37.3
CPSL S X 907 49.0 559 834 381 813 285 28 272 33.639.481.1728 57.6 33.9 83.037.7 343 50.0
VPT+ELR S X 938 524 50.1 878 415 830 278 20 40.1 434337809823 64.1 33.6 85.648.8 39.6 44.7
GiA S X 1301 53.1 597 871 398 829 306 27 404 44.031.980984.1 67.9 335 85.1502 37.3 518
Ours S X 1154 544 61.1 877 416 829 357 32 382 456357814840 682 362 86.050.5 37.8 56.3
Source-GtA M X 103.7 50.0 562 849 423 820 293 2.1 381 355344820865 61.7 302 81.6444 328 323
CPSL M X 852 52.1 588 884 466 827 323 1.6 347 38.835583787.5 625 30.8 85.148.6 37.6 37.2
VPT+ELR M X  89.1 52.7 589 836 393 830 338 3.1 399 38.137.8824889 650 33.1854492 386 41.6
GA M Xx 1223 533 598 865 427 839 315 27 418 39.636.083.688.7 68.1 34.1 844452 414 432
Ours M X 937 54.6 60.8 879 461 849 393 33 399 37.739.984980.6 67.1 325862504 383 452

18



Target Image GtA (Deeplabv2) VPT+ELR Ground Truth

D

Figure 7: Qualitative results on GTAS — Cityscapes (Swin, Standard Single Source).
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GtA (Deeplabv2) Standard Single Source VPT+ELR Ground Truth

Figure 8: Qualitative results on SYNTHIA — Cityscapes (Swin, Standard Single Source).
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Target Image GtA (Deeplabv2) Standard Single Source VPT+ELR Ground Truth

Figure 9: Qualitative results on GTAS — Cityscapes (MiT-BS5, Standard Single Source).
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Target Image GtA (Deeplabv2) Standard Single Source VPT+ELR Ground Truth
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Figure 10: Qualitative results on SYNTHIA — Cityscapes (MiT-BS5, Standard Single Source).
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Target Image GtA (Deeplabv?) Source-GtA CPSL VPT+ELR Ours Ground Truth

Figure 11: Qualitative results on GTAS — Cityscapes (Swin, Source-GtA).
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GtA (Deeplabv?) Source-GtA CPSL VPT+ELR GtA Ours Ground Truth

Target Image

i

Figure 12: Qualitative results on SYNTHIA — Cityscapes (Swin, Source-GtA).
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GtA (Deeplabv?) Source-GtA CPSL VPT+ELR GtA Ours Ground Truth

Target Image

B

Figure 13: Qualitative results on GTA5 — Cityscapes (MiT-B5, Source-GtA).
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GtA (Deeplabv?) Source-GtA VPT+ELR Ground Truth

Target Image
o

Figure 14: Qualitative results on SYNTHIA — Cityscapes (MiT-B5, Source-GtA).
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