Supplementary material

Additional results on PASCAL VOC

In Tab. [ST]and Tab.[S2] we report the per-category detection APs and localization CorLocs on the
test and trainval splits of PASCAL VOC 2007, respectively. Compared to other WSOD methods
without external modules or data, we observe: (1) Our UWSOD outperforms all others on most
categories (19 categories for APs and CorLocs). (2) The largest improvement in terms of AP is from
category cow, which has gains of 37.9. (3) The performance of hard categories in our UWSOD, i.e.,
boat, chair and plant, still surpass other methods by 10.3, 0.3 and 5.0 AP points, respectively. With
class-agnostic ground-truth bounding-box known, we observe that the per-category performance of
proposed UWSOD is competitive to that of Fast/Faster RCNN.

Table S1: Comparison with the state-of-the-art methods on PASCAL VOC 2007 in terms of AP (%)
on fest.

Method | Backbone | aero bicy bird boa bot bus car cat cha cow dtab dog hors mbik pers plnt she sofa trai v | Av.

WSOD with external object proposal modules or additional data

Multi-Fold MIL 16 AlexNet | 393 430 288 204 8.0 455 479 221 84 335 236 292 385 479 203 358 308 41.0 20.1 | 302
WSDDN 17 VGGI16 | 394 50.1 315 163 126 645 428 426 10.1 357 249 382 344 556 94 30.2 407 547 469 | 348
ContextLocNet 129 VGG-F |57.1 520 315 7.6 115 550 531 341 1.7 331 492 420 473 566 153 248 489 444 478|363
WCCN (641 | VGGI6 | 495 60.6 386 292 162 708 569 425 109 441 299 422 479 641 138 459 541 608 545|428
Jie et al. (341 | VGGI6 | 522 47.1 350 267 154 613 660 543 3.0 536 247 436 484 658 6.6 519 436 536 624|417
TST 156 AlexNet - - - - - - - - - - - - - - - - - - - 33.8
SGWSOD 78 VGGI16 | 484 615 333 300 153 724 624 591 109 423 343 531 484 650 205 40.6 46.5 54.6 551 | 435
TSC2 (321 | VGGI6 | 593 57.5 437 273 135 639 61.7 599 241 469 367 456 399 626 103 417 524 587 56.6 | 443
Ccscces 131 VGGI16 | 514 620 352 187 279 66.7 535 514 162 436 430 467 200 584 311 436 488 654 535|430
WS-IDS 148 VGGI16 | 520 645 455 267 279 605 478 597 13.0 504 464 563 496 60.7 254 50.0 514 665 29.7|45.6
OICR I8 VGGI16 | 58.0 624 31.1 194 130 651 622 284 248 447 306 253 378 655 157 417 469 643 626 | 412
K-EM 180 VGGI6 | 59.8 646 478 288 214 677 703 612 172 515 340 423 488 659 93 53.6 514 547 507 | 46.1
MELM (41 VGGI6 | 556 669 342 29.1 164 688 68.1 430 250 656 453 532 496 686 2.0 525 568 62.1 57. (473
ZLDN 138 VGG16 | 554 685 50.1 168 208 627 668 565 2.1 578 475 40.1 697 682 21.6 534 561 525 582 |47.6
GAL-fWSD512 147 VGG16 | 584 638 458 240 227 67.7 657 589 150 58.1 470 537 238 643 362 46.7 503 70.8 551|475
ML-LocNet |42 VGG16 | 593 689 457 290 245 648 684 593 18.6 49.1 502 43.1 658 702 199 48.1 542 628 418 | 484
WSRPN L1 VGGI16 | 579 705 378 57 210 66.1 692 594 34 571 573 352 642 686 328 50.8 49.5 41.1 300 | 453
PCL [36] | VGGI6 | 544 69.0 393 192 157 629 644 300 251 525 444 196 393 677 178 46.6 575 586 63.0 435
Kosugi er al. 371 | VGGI6 | 615 648 437 264 171 674 624 678 254 510 337 476 512 652 193 44.6 541 656 595|476
C-MIL 143 VGG16 | 625 584 495 321 198 705 66.1 634 200 605 529 535 574 689 84 51.8 587 66.7 63.5 | 505
Pred Net |44 VGG16 | 66.7 69.5 52.8 314 247 745 741 673 146 53.0 461 529 699 708 185 546 60.7 67.1 604 | 529
OICR W-RPN 12 VGGl16 - - - - - - - - - - - - - - - - - - - 46.9
SDCN 149 VGGI6 | 59.8 67.1 320 347 228 67.1 638 679 225 489 478 605 517 652 118 42.1 547 608 64.3 | 483
Sona et al. (81 VGGI6 | 62.1 557 420 311 172 676 652 508 204 515 363 341 462 658 123 48.8 554 602 657|454
WSOD? IS VGGI6 | 65.1 648 572 392 243 698 662 61.0 298 64.6 425 60.1 712 707 219 586 597 522 648 | 53.6
OICR+GAM+REG (35 VGG16 | 552 66.5 40.1 31.1 169 69.8 643 678 27.8 529 470 330 608 644 138 440 557 689 655|486
C-MIDN 150 VGG16 | 533 715 49.8 261 203 703 699 683 287 653 451 646 580 712 200 549 549 694 635|526
OIM+IR 139 VGG16 | 556 670 458 279 21.1 69.0 683 705 21.3 602 403 545 565 70.1 125 529 552 650 63.7|50.1
Ren et al. 120; VGGI6 | 68.8 77.7 570 277 289 69.1 745 67.0 321 732 481 452 544 737 350 64.1 538 653 652|549
Zeni et al. (821 | VGGI6 | 68.6 624 555 272 214 711 716 567 247 603 474 561 464 692 2.7 415 477 711 69.8 | 49.7
PG-PS L3 VGGI16 | 63.0 644 50.1 275 17.1 706 66.0 71.1 258 559 432 627 659 641 102 225 481 538 722 674|511
‘WSOD without external object proposal modules or additional data

Beam Search 162 VGGI16 - - - - - - - - - - - - - - - - - - - - 257
OM+MIL (331 | AlexNet | 372 357 258 138 127 362 424 223 143 242 94 131 279 389 37 187 20.1 163 36.1 184|234
OPG (84 VGG16 | 489 499 256 140 6.1 47.1 225 527 34 196 332 333 553 302 99 91 148 258 508 247|288
SPAM-CAM 163 VGG16 - - - - - - - - - - - - - - - - - - - - 275
UWSOD ‘ VGGl6 ‘ 577 727 464 243 112 604 723 292 146 587 29.1 594 726 686 1.4 237 356 403 518 498 ‘ 44.0

WSRI8 | 59.1 689 47.1 183 282 651 723 314 7.6 621 449 466 681 704 189 235 499 405 662 105 | 450

FSOD
Fast RCNN 185 VGGI16 | 745 783 69.2 532 366 773 782 820 407 727 679 79.6 792 730 69.0 30.1 654 702 758 658|669
Faster RCNN 2 ‘ VGGl16 ‘ 70.0 80.6 70.1 573 499 782 804 82.0 522 753 672 803 798 750 763 39.1 683 673 811 67.6 ‘ 69.9
WSOD with Cls-agnostic GT-bbox Known

OICR + GAM + REG|33 VGGI6 | 66.1 640 556 253 372 756 699 536 174 632 622 490 651 693 508 189 52.1 547 695 662|543
Ren et al. 120 ‘ VGG16 | 702 76.1 57.7 462 423 738 720 785 353 694 460 721 765 724 647 305 651 592 693 66.0 ‘ 62.2
UWSOD ‘ VGGl16 ‘ 740 776 662 57.8 51.0 780 747 815 432 705 676 778 812 711 677 367 59.0 66.1 786 72.0 ‘ 67.7

WSRI8 | 732 776 69.6 644 507 814 777 839 441 710 695 793 816 723 700 420 634 69.1 822 709 | 69.7
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Figure S1: Proposal objectness score maps of different resampling rate o™ in MRRP on PASCAL
VOC 2007 test.
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Table S2: Comparison with the state-of-the-art methods on PASCAL VOC 2007 in terms of CorLoc
(%) on trainval.

Method [ Backbone [ aero bicy bird boa bot bus car cat cha cow dab dog hors mbik pers pint she sofa tral v [ Av.

‘WSOD with external object proposal modules or additional data

Multi-Fold MIL [6] | AlexNet | 653 550 524 483 182 664 778 356 265 67.0 469 484 705 69.1 352 352 69.6 434 646 437|520
WSDDN 7] | VGG16 |65.1 588 585 331 398 683 602 59.6 348 645 305 430 568 824 255 416 615 559 659 637535
ContextLocNet VGG-F | 833 686 547 234 183 736 741 541 86 651 471 595 670 835 353 399 670 497 635 652|551
WCCN 164] | VGG16 |839 728 645 441 401 657 825 589 337 725 256 537 674 774 268 49.1 681 279 645 557|567
Jieeral’ 17 34] | VGG16 | 727 553 53.0 278 352 686 819 607 116 716 297 543 643 882 222 537 722 526 689 755 |56.1
TST AlexNet - - - - - - - - - - - - - - - - - - - - | 595
SGWSOD 78] | VGG16 |71.0 765 549 497 541 780 874 688 324 752 295 580 673 845 415 490 781 603 628 789 | 62.9
TS2C 32] | VGG16 |842 741 613 521 321 767 829 666 423 706 395 570 612 884 93 546 722 600 650 703|610
CSCC5 VGG16 | 76.1 753 61.8 420 541 747 788 674 328 731 465 599 37.6 780 560 425 719 673 824 656 | 622
WS-IDS 48] | VGG16 |829 740 734 471 609 804 775 788 186 70.0 567 670 645 840 470 501 719 57.6 833 435 | 645
OICR [8] | VGG16 |81.7 804 487 49.5 328 817 854 40.1 406 795 357 337 60.5 888 218 579 763 599 753 814 |60.6
K-EM VGG16 | 798 77.8 667 503 57.0 80.1 899 715 299 759 305 589 732 902 254 518 802 603 724 789|650
MELM 41l | VGG16 - - - - - - - - - - - - - - - - - - - - | 614
ZLDN VGGI6 | 740 778 652 370 467 758 837 588 175 731 49.0 513 767 874 306 478 750 625 648 688|612
GAL-fWSD512 VGG16 | 78.6 819 63.6 403 488 807 853 763 303 780 545 653 484 865 563 469 760 681 839 73.1|66.1
ML-LocNet 42] | VGG16 |78.6 823 682 420 533 785 885 703 364 702 605 580 80.5 882 388 592 750 69.0 782 645 |67.0
WSRPN [ | VGG16 |77.5 812 553 197 443 802 866 69.5 101 877 684 521 844 916 574 634 773 581 570 538|638
Kosugi ef al. VGGI6 | 855 79.6 68.1 551 336 835 83.1 785 427 798 378 615 744 886 326 557 779 637 784 741|667
C-MIL VGG16 | - - - - - - - - - - - - - - - - - - - - | 650
Pred Net |44] | VGG16 |88.6 863 718 534 512 876 89.0 653 332 866 588 659 877 933 309 589 834 678 787 802|709
OICR W-RPN [12] | vGGle | - - - - - - - - - - - - - - - - - - - - | 665
SDCN VGG16 | 858 83.1 562 585 447 802 850 779 296 788 53.6 742 731 884 182 57.5 742 608 761 792|668
WSOD? (18] | VGG16 |87.1 800 748 60.1 366 792 838 70.6 435 884 460 747 874 908 442 524 814 618 677 799 | 69.5
OICR+GAM+REG (33| | VGG16 | 817 812 589 543 37.8 832 862 770 421 83.6 513 449 782 908 205 568 742 66.1 81.0 860 | 66.8
C-MIDN VGG16 | - - - - - - - - - - - - - - - - - - - - 687
OIM+IR 1391 | VGGl16 - - - - - - - - - - - - - - - - - - - - 672
Ren et al. 20] | VGG16 |87.5 824 760 580 447 822 875 712 491 815 517 533 714 928 382 528 794 610 783 760 | 688
Zeni et al. VGG16 | 867 733 724 553 469 832 875 645 446 767 464 709 67.0 880 9.6 564 69.1 524 798 828|657
PG-PS 3] | VGG16 |854 804 69.1 580 359 827 867 826 455 849 441 802 840 892 123 557 794 634 821 821|692
‘WSOD without external object proposal modules or additional data

Shi et al. (831 - 673 544 343 178 13 466 607 689 25 324 162 589 515 646 182 3.1 209 347 634 59 |362
OM + MIL [33] | AlexNet | 643 543 427 227 344 581 743 362 243 504 110 292 505 661 113 429 396 183 540 39.8 | 412
OPG VGGI6 | 571 432 539 238 123 479 488 69.1 166 475 390 613 547 608 321 220 49.0 441 594 277|435
UWSOD ‘ VGG16 ‘ 778 858 660 560 39.0 742 914 414 303 819 330 789 905 856 7.6 464 688 67.0 761 617|630

WSRIS | 804 853 79.4 420 655 784 907 49.7 188 739 485 63.1 878 908 374 474 771 541 819 234|638

‘WSOD with Cls-agnostic GT-bbox Known

VGGI16 | 919 827 872 654 697 927 922 828 459 884 804 847 899 908 79.8 594 895 792 905 835|813
VGG16 | 953 945 93.0 831 685 928 918 930 698 864 712 89.1 929 963 889 754 938 826 924 894|871

VGGI6 | 984 968 96.6 98.0 819 966 967 97.1 782 986 825 963 973 952 951 803 979 915 985 921933
WSRI8 | 99.1 966 978 914 813 938 955 945 701 957 907 97.0 98.6 975 947 812 100.0 91.0 97.6 86.0 | 92.5

OICR + GAM + REG|
Ren et al.

UWSOD ‘

Additional analysis of MRRP

In Fig.[ST] we show the proposal objectness score maps of different resampling rates in MRRP with
n™ = 3 and o™ = {1, 2,4}. We accumulate the objectness scores of proposals with the same height
and width from PASCAL VOC 2007 test. Then we map the accumulated objectness scores to the jet
colourmap. We find that different resampling rates tend to favour different sizes of proposals. With
large resampling rates, the number of the large proposals with high objectness scores is much more
than that of small ones. And small resampling rates, e.g., a™ = 1, predict more small proposals
with high objectness scores. It demonstrates that our MRRP uses the in-network feature hierarchy to
handle large scale variation.
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