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A. Additional Analysis
A.1. Examples of All Biased Objects

In Fig. 1, we introduce two observations: (1) The se-
vere FP of some classes causes the performance gap be-
tween existing WSSS methods [22, 8] and FSSS, (2) 35%
of all classes (i.e., problematic classes) activate target ob-
jects (e.g., boat, train, bird, and aeroplane) with biased ob-
jects (e.g., sea, railroad, rock, and vapour trail). Following
Fig. 1(c), we present additional examples of biased objects
for all problematic classes in Fig. A. We hope that our de-
tailed analysis of the biased problem in WSSS encourages
other researchers to develop more robust and future WSSS
approaches related to the biased problem.

A.2. Effect of Selecting Debiased Centroids

In Sec. 3.2, we present selecting target objects among
separated objects of all images after disentangling target
and biased objects using the USS-based clustering in Sec.
3.2. To evaluate the accuracy of debiased centroids, we
measure how many selected centroids are target centroids
among separated centroids of all images for each class in
Fig. 14. Following Fig. 8 in Sec. 4.3, we employ the T-
SNE [21] and the same criterion to classify target and biased
centroids using pixel-wise annotations. In our experiments,
the minimum accuracy for all classes on the PASCAL VOC
2012 train dataset is 85%. These results mean that the pro-
posed selection using background information from other
images successfully chooses target centroids in the group
of target and biased centroids.

A.3. Additional Category-wise Improvements

In line with Fig. 9, we evaluate per-class improvements
of four WSSS methods [1, 22, 12, 8] with our method.

*Correspondence to

All WSSS methods with ours show consistent improve-
ments for top-3 classes (i.e., bicycle, train, and boat) in
our FP analysis in Fig. 1(b). Also, the performance of
non-problematic classes (e.g., person, dog, and cat) are im-
proved by removing minor inconsistent objects (e.g., legs
of the horse) when complementing debiased labels in Sec.
3.4. However, a few categories (e.g., chair, dining table,
and potted plant) show inconsistent improvements due to
the poor quality of initial WSSS labels. As a result, our
method improves less when the WSSS method performs
erroneously, albeit our method improves performance for
most categories.

A .4. Qualitative Analysis with Existing Approaches

In addition to the quantitative comparison (see Tab. 5),
Fig. F illustrates a qualitative comparison of our method,
ADELE [16], and W-OoD [13] using two WSSS methods
[22, 12]. ADELE [16] enlarges biased pixels since it en-
forces consistency of all classes without considering biased
objects (the fourth column). Meanwhile, W-OoD [13] re-
moves biased objects (e.g., railroad) by utilizing extra im-
ages collected from human annotators, but it increases FN
for most classes (e.g., train and aeroplane) due to implic-
itly training biased objects with collected images (the sev-
enth column). Unlike these studies, to find biased pix-
els in WSSS labels, we first match biased objects with
background information from other images by utilizing the
USS features. Our MARS then complements biased pix-
els with the model’s predictions to prevent increasing FN
of non-biased pixels (e.g., legs of animals) in the fifth and
eighth columns. Therefore, our method achieves the fully-
automatic biased removal by explicitly eliminating biased
objects in pseudo labels.

A.5. USS Drawback for Multi-class Scenario.

Sec. 3.3 aims at identifying biased pixels by leveraging
the debiased centroids. Notably, USS fails to distinguish
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Figure A. Examples of all biased objects on the VOC dataset. Red dotted circles indicate the false activation of biased objects.
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Figure B. The shortcoming of USS in a multi-class scenario. USS
removes biased objects (e.g., railroad) but fails to separate between
similar classes (e.g., car and train). To preserve multi-class infor-
mation, we unify them and complement debiased labels.
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Figure C. Analysis of fine-tuning « on the PASCAL VOC 2012
validation set.

similar classes (e.g., car and train) within the same super-
category (e.g., vehicle) in Fig. B. Consequently, we apply
the pixel-wise maximum function to produce a binary mask
in Eq. 4.

A.6. Related to Class-aware o and Background.

Since biased objects (e.g., sea) appear in images across
all foreground classes (e.g., car and boat classes), we use a
single shared background class. In Fig. 10(a), our method
shows robustness against variations in K;,. We also set
K4 to 2 to separate between target and biased objects. Fig.
C shows 1) tuning « results in a marginal improvement, and
2) the optimal « is contingent upon the presence or absence
of biased objects. Nevertheless, in Fig. 10(b), we use a
single « value for automatically eliminating biased objects.

B. Additional Results
B.1. Quantitative Results

We present per-class segmentation results for two pop-
ular benchmarks in Tabs A, B, and C. Our method signif-
icantly improves performance of train (+29.1%) and boat
(+9.1%) classes, which suffer from the biased problem in
Fig. 1, versus the previous state-of-the-art method (i.e.,
RS+EPM [8]). Also, we first demonstrate performance im-
provements for most classes including biased objects on the
MS COCO 2014 dataset. When analyzing performance of
our method on the MS COCO 2014 dataset, we find some
classes (e.g., surfboard, tennis racket, and train) that contain
biased objects (e.g., sea, tennis court, and railroad), causing
performance degradation in existing WSSS methods [7, &].
By contrast, without additional human supervision, our
method achieves significant improvements for most classes
including surfboard (+44.3%), tennis racket (+43%), and
train (+24.6%) versus the latest WSSS method [8].

B.2. Qualitative Results

The qualitative segmentation results produced by the lat-
est method [8] and our MARS are displayed in Fig. G.
Our MARS performs well in various objects or multiple
instances and can achieve satisfactory segmentation per-
formance in challenging scenes. Specifically, our method
removes biased objects for problematic classes (e.g., rail-
road in train, lake in boat, tennis court in tennis racket,
and sea in surfboard), covers more object regions for large-
scale objects (e.g., horse, car, and dining table), and cap-
tures the accurate boundaries of small-scale objects (e.g.,
bird) by complementing debiased labels with online predic-
tions and considering the model’s uncertainty. Our method
shows superior performance in the qualitative and quanti-
tative comparison with the previous state-of-the-art method
(i.e., RS+EPM [8]), demonstrating the effectiveness of our
MARS for the real-world dataset with multiple labels and
complex relationships.
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Figure D. Visualization of selecting debiased centroids for all classes on the PASCAL VOC 2012 train set. Red circles are selected
centroids by our method. The average ratio of target centroids is more than 85%, showing the effectiveness of the proposed selection.
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Figure E. Category-wise comparison with IRNet [1], SEAM [22], AdvCAM [12], RS+EPM [&], and ours in terms of the IoU (%) on
PASCAL VOC 2012 train set.
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Figure F. Examples of final segmentation results on PASCAL VOC 2012 val set for SEAM [22], ADELE [16], AdvCAM [12], W-OoD
[13], and Ours.



Table A. Class-specific performance comparisons with WSSS methods in terms of IoUs (%) on the PASCAL VOC 2012 val set.

» 2 2 B OE % oz . . § oz 2 = ? z : oz g = =
Method £ 3§ 5 £ & & 2 § § 5 5 T § £ EF &2 2 5 % 5 =z LU
EM icev'is [17] 672 292 17.6 286 222 206 470 440 442 146 351 249 41.0 348 41.6 3201 248 374 240 381 316 338
MIL-LSE cver'1s [18] 79.6 502 21.6 409 349 405 459 515 60.6 126 512 11.6 568 529 448 427 312 554 215 388 369 420
SEC Eccv'is [9] 824 629 264 616 27.6 381 666 627 752 221 53.5 283 658 S57.8 623 525 325 62.6 321 454 453 507
TransferNet cver'16 [5] 853 68.5 264 69.8 367 49.1 684 558 773 62 752 143 698 715 6L1 319 255 746 338 49.6 437 521
CRF-RNN cvpr'17 [19] 858 652 294 638 312 372 69.6 643 762 214 563 298 682 60.6 662 558 308 66.1 349 488 471 528
WebCrawl cver'17 [6] 87.0 69.3 322 702 312 584 736 685 765 268 638 29.1 735 695 665 704 468 721 273 574 502 581
CIAN aaar [4] 882 79.5 326 757 568 721 853 729 817 27.6 733 398 764 770 749 668 466 81.0 29.1 604 533 643
SSDD 1ccv'19 [20] 89.0 625 289 837 529 595 77.6 737 87.0 340 837 47.6 841 77.0 739 69.6 29.8 840 432 68.0 534 649
PSA cver'18 [2] 87.6 767 339 745 585 6L7 759 729 78.6 188 70.8 14.1 687 69.6 69.5 713 415 665 164 702 487 59.4
FickleNet cvr19 [11] 89.5 766 32.6 746 515 7.1 834 744 836 241 734 474 782 740 688 732 478 799 370 573 64.6 64.9
RRM AAAr20 [24] 87.9 759 317 783 546 622 805 737 712 305 674 409 718 662 703 726 49.0 70.7 384 627 584 626
SSSS cver20 [3] 88.7 704 351 757 519 658 719 642 8L1 308 733 28.1 816 69.1 62.6 748 486 710 40.1 685 643 627
SEAM cver20 [22] 88.8 68.5 333 857 404 673 789 763 819 29.1 755 481 799 738 7lL4 752 489 79.8 409 582 530 645
AdvCAM cver21 [12] 90.0 79.8 34.1 826 633 70.5 894 760 87.3 314 813 33.1 825 80.8 740 729 503 823 422 741 529 681
CPN icevar [25] 89.9 750 329 878 609 694 877 79.4 889 280 809 348 834 79.6 746 669 564 826 449 731 457 678
RIB Neurps'21 [10] 903 762 337 825 649 731 884 786 887 323 80.1 375 83.6 79.7 758 71.8 47.5 843 446 659 549 683
AMN cver22 [14] 90.6 79.0 33.5 835 60.5 749 900 813 866 30.6 809 538 802 79.6 746 755 547 835 461 63.1 575 69.5
ADELE cver22 [16] 91.1 77.6 33.0 889 67.1 7.7 88.8 825 89.0 266 83.8 44.6 844 778 748 785 438 848 446 561 653 69.3
W-OoD cver22 [13] 912 80.1 340 825 685 729 903 80.8 89.3 323 789 311 836 792 754 744 580 819 452 813 548 69.8
RCA cvpr22 [26] 91.8 884 39.1 851 69.0 757 866 823 89.1 28.1 819 379 859 794 821 78.6 477 844 349 754 586 70.6
SANCE cvpr22 [15] 914 784 330 87.6 619 79.6 90.6 820 924 333 769 597 864 78.0 769 777 6l1 794 475 621 533 709
MCTformer cver22 [23] 919 783 39.5 89.9 559 767 818 79.0 907 32.6 87.1 572 87.0 84.6 774 792 551 892 472 704 588 719
RS+EPM anxiv22 [8] 922 884 354 87.9 638 795 93.0 845 927 39.0 90.5 545 90.6 87.5 83.0 84.0 6l1 856 521 562 602 744
MARS (Ours) 941 89.3 420 888 729 795 927 862 942 403 914 588 911 889 819 84.6 63.6 917 56.7 853 573 717
Table B. Class-specific performance comparisons with WSSS methods in terms of IoUs (%) on the PASCAL VOC 2012 test set.
o - © g %
w9 g ® 5 T < . . 3 2 w Zz £ 3 E g g £
Method £ ¢ £ £ £ 2 £ 35 38 £ %8 % 2 : % i 2 2 % % : Lw
EM iccv'is [17] 763 371 219 41.6 261 385 508 449 489 167 408 294 471 458 548 282 300 440 202 343 460 396
MIL-LSE cver's [18] 78.7 480 212 311 284 351 514 555 528 7.8 562 199 538 503 400 38.6 27.8 51.8 247 333 463 406
SEC Eccv'is [9] 835 564 285 641 23.6 465 706 585 713 232 540 280 68.1 62.1 70.0 550 384 580 399 384 483 517
TransferNet cver'16 [5] 857 70.1 278 737 373 448 714 538 730 67 629 124 684 737 659 279 235 723 389 459 392 512
CRF-RNN cvpr'17 [19] 857 58.8 30.5 67.6 247 447 748 61.8 737 229 574 275 713 648 724 573 373 604 428 422 50.6 S53.7
WebCrawl cver'17 [6] 872 63.9 328 724 267 640 721 705 778 239 63.6 321 772 753 762 715 450 688 355 462 493 587
PSA cver'18 [2] 89.1 70.6 31.6 772 422 689 79.1 665 749 29.6 68.7 561 821 648 78.6 735 508 707 477 639 5Ll 637
FickleNet cver19 [11] 903 77.0 352 760 542 643 766 761 802 257 68.6 502 746 718 783 69.5 538 765 418 700 542 650
SSDD 1ccv'19 [20] 89.5 718 314 793 473 642 799 746 849 308 73.5 582 827 734 764 699 374 805 545 657 503 655
RRM AAAr20 [24] 878 77.5 308 717 360 642 753 704 817 293 704 520 78.6 738 744 721 542 752 506 420 525 629
SSSS cver20 [3] 88.7 704 351 757 519 658 719 642 811 308 733 281 816 69.1 62.6 748 486 710 40.1 685 643 627
SEAM cver20 [22] 88.8 68.5 333 857 404 673 789 763 819 29.1 755 481 799 738 714 752 489 79.8 409 582 530 645
AdvCAM cver21 [12] 90.1 812 33.6 804 524 666 87.1 805 872 289 80.1 385 840 830 79.5 719 475 808 59.1 654 49.7 68.0
CPN 1ccviat [25] 904 79.8 329 857 528 663 872 813 87.6 282 79.7 S0.1 829 804 788 70.6 511 834 554 685 446 685
RIB NeurPs'21 [10] 904 80.5 328 849 594 693 872 835 883 311 804 440 844 823 809 707 435 849 559 59.0 473 68.6
AMN cvpr22 [14] 90.7 828 324 848 594 700 867 830 869 30.1 792 566 83.0 819 783 727 529 814 598 531 564 69.6
W-OoD cver22 [13] 914 853 328 798 59.0 684 88.1 822 883 274 767 387 843 8L 803 728 57.8 824 595 795 526 69.9
RCA cvpr22 [26] 92.1 86.6 400 90.1 604 682 89.8 823 87.0 272 864 320 853 88.1 832 78.0 592 867 450 713 525 7LO
SANCE cver22 [15] 91.6 826 33.6 8.1 606 760 918 830 909 335 802 647 87.1 823 817 783 585 829 609 539 535 722
MCTformer cvpr'22 [23] 923 844 372 828 600 728 780 79.0 894 317 845 59.1 853 838 792 81.0 539 853 605 657 577 7L6
RS+EPM aniv22 [8] 919 89.7 373 880 625 721 935 856 902 363 883 625 863 89.1 829 812 597 892 562 445 594 73.6
MARS (Ours) 93.7 933 403 908 708 71.7 94.0 863 939 404 876 67.6 90.0 873 839 831 642 895 59.6 79.0 551 77.2




Table C. Class-specific performance comparisons with WSSS methods in terms of IoUs (%) on the MS COCO 2014 val set.

Class SEC[9] DSRG[7] RS+EPM[8] MARS (Ours) | Class SEC[9] DSRG[7] RS+EPM[8] MARS (Ours)
background 74.3 80.6 83.6 83.7 wine glass 22.3 24.0 39.8 45.5
person 43.6 - 74.9 56.8 cup 17.9 20.4 38.9 42.0
bicycle 242 304 55.0 59.2 fork 1.8 0.0 4.9 1.7
car 15.9 22.1 50.1 52.0 knife 1.4 5.0 9.0 6.4
motorcycle 52.1 54.2 72.9 75.2 spoon 0.6 0.5 1.1 0.9
airplane 36.6 452 76.5 79.6 bowl 12.5 18.8 11.3 14.1
bus 37.7 38.7 72.5 76.8 banana 43.6 46.4 67.0 67.7
train 30.1 332 47.4 72.0 apple 23.6 243 49.2 479
truck 24.1 25.9 46.5 54.1 sandwich 22.8 24.5 33.7 34.9
boat 17.3 20.6 44.1 521 orange 44.3 41.2 62.3 62.5
traffic light 16.7 16.1 60.8 53.8 broccoli 36.8 35.7 50.4 459
fire hydrant 559 60.4 80.3 80.9 carrot 6.7 15.3 35.0 31.7
stop sign 48.4 51.0 84.1 76.8 hot dog 31.2 24.9 48.3 51.5
parking meter 252 26.3 77.8 74.8 pizza 50.9 56.2 68.6 68.0
bench 16.4 223 41.2 47.2 donut 32.8 34.2 62.3 64.9
bird 34.7 41.5 62.6 72.3 cake 12.0 6.9 48.3 53.3
cat 57.2 62.2 79.2 80.9 chair 7.8 9.7 28.9 30.3
dog 452 55.6 733 76.3 couch 5.6 17.7 44.9 49.1
horse 344 423 76.1 78.2 potted plant 6.2 14.3 16.9 20.6
sheep 40.3 47.1 80.0 83.5 bed 234 324 53.6 55.9
cow 41.4 49.3 79.3 83.2 dining table 0.0 3.8 24.6 17.4
elephant 62.9 67.1 85.6 87.7 toilet 38.5 43.6 71.1 76.5
bear 59.1 62.6 82.9 87.5 tv 19.2 253 49.9 54.9
zebra 59.8 63.2 87.0 87.9 laptop 20.1 21.1 56.6 64.5
giraffe 48.8 543 82.2 83.4 mouse 35 0.9 174 12.9
backpack 0.3 0.2 9.4 11.9 remote 17.5 20.6 54.8 55.3
umbrella 26.0 353 73.4 77.1 keyboard 12.5 12.3 48.8 51.8
handbag 0.5 0.7 4.6 8.4 cell phone 32.1 33.0 60.8 64.6
tie 6.5 7.0 17.2 18.4 microwave 8.2 11.2 43.6 56.9
suitcase 16.7 23.4 53.9 57.2 oven 13.7 12.4 38.0 43.5
frisbee 12.3 13.0 57.7 57.5 toaster 0.0 0.0 0.0 0.0
skis 1.6 1.5 8.2 10.8 sink 10.8 17.8 36.9 40.7
snowboard 53 16.3 24.7 27.7 refrigerator 4.0 15.5 51.8 634
sports ball 79 9.8 41.6 40.4 book 0.4 12.3 27.3 29.2
kite 9.1 17.4 62.6 63.8 clock 17.8 20.7 23.3 19.8
baseball bat 1.0 48 1.5 1.6 vase 18.4 23.9 26.0 31.0
baseball glove 0.6 1.2 0.4 0.3 scissors 16.5 17.3 47.1 47.0
skateboard 7.1 14.4 34.8 349 teddy bear 47.0 46.3 68.8 69.5
surfboard 7.7 13.5 17.0 61.3 hair drier 0.0 0.0 0.0 0.0
tennis racket 9.1 6.8 9.0 52.0 toothbrush 2.8 2.0 19.7 32.2
bottle 13.2 223 38.1 36.6 mlIoU 224 26.0 46.4 494
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Figure G. Qualitative segmentation results of the latest method (i.e., RS+EPM [£]) and the proposed MARS on PASCAL VOC 2012 and
MS COCO 2014 validation sets.
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