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01 Research Motivations

Our Motivations:
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» Large-scale mask pre-training enables SAM’ s
powerful cross-domain capabilities

» Prompt interactive mode, support point, box,
mask, text and other prompts

M There is speckle noise in the pseudo labels and
has poor structure.

m Speckle noise is difficult to filter out
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01 Research Motivations

Our Motivations:

Target Image Ground Truth
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\Things: Expansion Box Prompt

Experiments have shown that directly using the target domain image and its pseudo-label to prompt
SAM has the following problems:

(1) Using points to prompt SAM is easily affected by pseudo-label noise, which will amplify the noise.

(2) Semantic alignment using SAM segmentation is prone to semantic confusion.
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03 | Method Design
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(a). UDA: GTA — Cityscapes
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(b). UDA: GTA — BDDI100K
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(c). SFUDA: GTA — Cityscapes
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» Experiments show that modeling noise distribution at the connectivity level is easier to discover category and

open set noise than modeling noise distribution at the pixel level.
» As shown in the figure above, by modeling the loss of the connected domain with a two-component

Gaussian mixture model, the low-noise connected domain and the high-noise connected domain can be

clearly distinguished.

XIDIAN UNIVERSITY




N2

/

Experimental Results



04 | Experimental Results

Comparative Experiment:

e . £ u = = i
Ll 2 L¥] = = o s - -
§ 3 = 3 8 2 2 5 P E z E 2 &« B 8 § Z &
] d 3 Unspervised domain adaptation: GTA — Cityscapes
various domain AdvEnt [70] '°CV1® | 894 331 810 266 268 272 335 247 839 367 788 587 305 848 385 445 17 316 324 45.5
adaptation the methods AdvEnt + Ours 920 61.0 870 510 494 489 445 443 867 500 879 633 460 897 576 546 56 477 516 | 589(+134)
I
; . ProDA [90] ©VFR'2L | 915 524 829 420 357 400 444 433 87.0 438 795 665 314 867 411 525 00 454 538 53.7
in this chapter can ProDA + Ours 944 656 878 558 547 568 586 603 902 515 937 727 480 881 513 653 15 603 610 | 64.1(+94)
improve the performance DAFormer [24] °VPR'22 | 957 702 894 53.5 481 496 558 594 899 479 925 722 447 923 745 782 651 559 618 68.2
Al DAFormer+Ours 962 744 909 567 497 605 627 694 924 549 939 7T71 531 966 83.1 822 725 62.6 656 | 73.4(+53)
of eX|Stmg methods. HRDA [25] BCCV'22 | 964 744 91.0 61.6 515 571 639 693 913 484 942 790 529 939 841 8.7 759 639 675 73.8
HRDA+Ours 966 809 924 625 575 610 667 717 924 523 951 806 563 959 86.1 866 768 654 687 | 76.1(+23)
> Our method can also be : : ,
. i Source-free domain adaptation: GTA — Cityscapes
combined with the HCL [28) NIPS'2L | 920 550 804 335 246 371 351 288 830 376 823 594 276 836 323 366 141 287 430 48.1
. . HCL+Ours 946 625 886 484 416 452 435 329 840 453 916 660 475 890 426 588 315 472 562 | S8.8(+10.6)
methods in the previous e
) : i DTST[93] CVPR'2 | 903 478 843 388 227 324 418 412 858 425 878 626 370 825 258 320 298 480 569 52.1
section to Improve their DTST+0urs 949 659 899 482 423 459 489 456 857 462 91.1 682 476 885 449 578 295 507 57.8 | 60.5(+84)
Black-box domain adaptation: GTA — Cityscapes
performance. — ’ .
DINE [43] CVPR'22 | 882 442 835 14.1 324 235 246 368 854 383 853 598 274 847 301 422 00 427 453 46.7
DINE+Ours 896 60.8 841 463 384 440 416 322 821 417 8.6 634 449 839 415 586 00 405 541 | 544(+77)
BiMem [89] !CCV 2 | 942 595 B81.7 352 229 216 100 343 852 424 850 568 264 B856 372 474 02 399 509 482
BiMem+Ours 939 614 876 477 413 440 432 327 832 44 914 669 466 887 426 608 00 462 550 | 56.7(+85)
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Comparatlve Expe”ment' Backbone | Using SAM | Cityscapes BDD-100K Mapillary Average
g pe P

» Our method can provide a new SHADE [96] 1/OV'23 X 46.6 437 45.5 45.3
ht Ivi the d 2 TEDR [35] c9V' X 47.6 449 48.8 47.1
GRIELRCHRO SOIMINGBRIE dommali MoDify [32] '€CV'2 | poNet-101 X 488 442 415 46.8
gengrallzatlon problgm, which can + CLOUDS [4] OVPR'24 . P o cir on
alleviate the semantic and open set + SeCo (Ours) v 52.4 46.1 57.7 52.1
noise problems encountered by HRDA [25] ECCV'22 X 574 49.1 611 550
domain generalization methods + CLOUDS [4] VPR2L | \[TBS v 58.1 53.8 62.3 58.1
> + SeCo (Ours) v 58.8 549 63.6 59.1
when using unlabeled open data. — : — . =
Compound Open Average
SourceGTAS — Rainy Snowy Cloudy | Overcast | Compound + Open Overcast
Source Only | 287 291 331 | 325 | 30.9
Unspervised domain adaptation: GTAS — BDD-100k 5 v ’""""."_'
ML-BPM [56] ECCV'22 | 405  39.9 42.1 40.9 40.9 ' ' '
GSC 15 es 2 - - - - 44.0 :
PyCDA [46] CVPR'20 ‘ 334 32,5 36.7 ‘ 37.8 35.1 Pseudo-labelin OILFiose-sgg data from the BDD dataset.
PyCDA + Ours 436  42.1 49.7 50.7 46.5 (+11.4) .
ProDA [90] CVPR'2L | 403 406 432 | 425 41.7
ProDA + Ours 476 457 519 526 49.5(+78) eSS D fa "
Source-free domain adaptation: GTAS — BDD-100k
SFOCDA [95] T¢SVT'22 | 354 334 414 | 412 37.9
SFOCDA + Ours 417 421 447 47.9 4.1 (+6.2)
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Comparative Experiment:

(1) Use the backbone of SAM to empower CDSS

DAFormer + (SAM VIiT-B) + Ours HRDA + (SAM ViT-B) + Ours
. . G2C 68.2 64.1 (-4.1) 73.4 (+5.2) 73.8 69.1 (-4.7) 76.1 (+2.3)
> Compared W'th various S2C 60.9 60.2 (-0.7) 65.1 (+4.2) 65.8 63.7 (-2.1) 68.5 (+2.3)
methods of using Segment @ Use CLIP + SAM (CSAM) to get the initial pseudo-label
Anything Model, including CSAM | CSAM + DAFormer Ours + DAFormer | CSAM + HRDA Ours + HRDA
- A G2C 43.7 69.1 73.4 135 76.1
ST S,AM - S tralr.nn.g S2C 41.7 61.1 65.1 65.2 68.5
and - le SAM to Optlmlze (3) Use SAM on coarse pseudo-labels
pseudo—labels, the method ‘ Using Source-model’s PL Using UDA’s PL
in this Chapter shows i i Vanilla SAM Ours Vanilla Ours Lty Bound
advantages. AdvEnt [70] ICCV'19 45.5 48.6 (+3.1) 53.9 (+8.4) 50.9 (+5.5) 58.9 (+13.4) 69.1
ProDA [90] €VPR'21 53.7 50.1 -1.7) 58.2 (+4.5) 57.9 (+4.3) 64.1 (+9.4) 69.1
DAFormer [24] ©VPR'22 68.2 67.7 (-0.5) 69.9 (+1.7) 69.7 (+1.5) 73.4 (+5.3) 76.4
HRDA [25] ECCV'22 73.8 72.7 (-1.1) 74.6 (+0.8) 74.6 (+0.8) 76.1 (+2.3) 771
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