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Figure 1. The architecture of our multi-label classification network.

Fig. 1 shows the architecture of our multi-label classification network. Layers before res4b22_relu of ResNet-101 are
shared by the following branches. Both the segmentation and attention branches have the same structure of the res5 part of
ResNet-101. In the classification branch, the output X (€ R14*14x2048) of Jayer res5c is a 14 x 14 x 2048 tensor. The clas-
sification map Yy (€ RI4X14XC) s obtained by feeding X directly into a 2048 x 1 x 1 x C convolutional layer. In the seg-
mentation branch, the output of layer res5c is fed into an atrous spatial pyramid pooling layer, and then a 1280 x 1 x 1 x C
convolutional layer and a softmax layer to obtain the segmentation map Yseg(e R14x14xC)  Normalize the summation of
each channel in f’seg to obtain the attention map Y .. In our atrous spatial pyramid pooling layer, we have four dilated
convolutional layers and one global convolutional layer. The dilations of the four dilated convolutional layers are [1, 2, 4, 6].
All these convolutional layers have 256 channels.

2. Experimental Results

2.1. Semantic Segmentation

Result comparison. We compare our method with existing state-of-the-art algorithms. Table 1 lists the results of weakly
supervised semantic segmentation on the Pascal VOC 2012 validation set. The proposed method achieves 58% mean IoU,
and outperforms all existing algorithms by at least 4.9%.

2.2. Object Detection

Result comparison. We compare object detection results from our method with those from OICR-FRCNN (our own imple-
mentation) on the Microsoft COCO validation set. Our method achieves 19.3% mAP@.5 and 8.9% mAP@][.5, 0.95], which
are 1.9% and 1.2% higher than those achieved by OICR-FRCNN.
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method bg aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train v mloU

DSCM[Y] 767 45.1 246 408 23.0 348 610 519 524 155 459 327 549 486 574 51.8 382 554 322 42,6 39.6 441

F-B[¢] 792 60.1 204 507 412 463 626 492 623 133 497 381 584 490 57.0 48.2 278 551 296 546 266 46.6
SEC[4] 824 629 264 616 276 381 666 627 752 221 535 283 658 578 62.3 525 322 626 321 454 453 507
FCL[7] 858 652 294 638 312 372 696 643 762 214 563 298 682 60.6 66.2 55.8 308 66.1 349 488 471 528
T-P[3] 828 622 231 658 21.1 431 71.1 662 761 213 596 351 702 588 62.3 66.1 358 699 334 459 456 531

Ours+CRF 858 725 29.1 660 557 496 731 614 775 266 685 318 73.6 715 68.8 53.1 31.8 798 357 649 413 580

Table 1. Comparison among weakly supervised semantic segmentation methods on the PASCAL VOC 2012 segmentation val set.

method aero bike bird boat bottle bus  car cat  chair cow table dog horse mbike person plant sheep sofa train tv mAP
OM+MIL+FRCNN][6] 545 474 413 208 177 519 635 461 218 57.1 221 344 505 61.8 162 299 407 159 553 402 395
HCP+DSD+0SSH3|?] 542 520 352 259 150 596 679 587 101 674 273 378 548 67.3 5.1 197 526 435 569 625 437
OICR-Ens+FRCNN[10] 655 672 472 216 221 680 685 359 57 631 495 303 647 66.1 130 256 500 57.1 602 59.0 47.0

Ours+FRCNN w/o clustering 66.7 61.8 553 418 6.7 612 625 728 127 462 409 710 673 64.7 30.9 167 426 560 650 265 485
Ours+FRCNN w/o uncertainty ~ 66.8  63.4 545 422 58 60.5 583 678 78 461 403 710 682 62.6 30.7 165 41.1 552 668 252 475
Ours+FRCNN w/o instances 677 629 531 444 112 624 585 712 83 457 415 71.0 68.0 59.2 30.3 150 424 560 672 268 481

Ours+FRCNN w/o filtering 69.0 67.1 538 393 131 614 643 725 153 480 424 672 68.0 65.5 324 17.1 422 556 67.0 238 493
Ours+FRCNN w/o heatmap 659 659 57.6 403 7.6 61.7 627 734 119 492 443 686 708 64.0 33.6 152 423 545 66.1 234 490
Ours+FRCNN 643 68.0 562 364 231 685 672 649 7.1 541 470 570 693 65.4 20.8 232 507 59.6 652 570 512

Table 2. Average precision (in %) of weakly supervised methods on the PASCAL VOC 2007 detection test set.

method aero bike bird boat bottle bus car cat  chair cow table dog horse mbike person plant sheep sofa train tv mAP
OICR-VGG16[10] 677 612 415 256 222 546 497 254 199 470 181 260 389 67.7 2.0 226 411 343 379 553 379
‘WSDDN-+context[ ] 640 549 364 8.1 126 53.1 405 284 66 353 344 49.1 426 62.4 19.8 152 27.0 331 330 500 353
HCP+DSD+OSSH3+NR[2] 60.8 542 341 149 131 543 534 586 37 531 83 434 498 69.2 4.1 175 438 256 550 501 383
OICR-Ens+FRCNN[ 10] 714 694 551 298 281 550 579 244 172 591 218 266 57.8 71.3 1.0 23.1 527 375 335 56.6 425
Ours+FRCNN 71.0 669 559 338 240 576 580 614 225 584 192 587 619 75.0 112 239 503 449 413 543 475

Table 3. Average precision (in %) of weakly supervised methods on the PASCAL VOC 2012 detection test set.

method aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mCorLoc
OICR-VGG16[10] 817 804 487 495 328 81.7 854 401 40.6 795 357 337 605 88.8 21.8 579 763 599 753 814 60.6
WSDDN-Ens|[ 1] 689 687 652 425 406 726 752 537 297 681 335 456 659 86.1 275 449 760 624 663 66.8 58.0
OM+MIL+FRCNN[6] 782 67.1 61.8 381 361 61.8 788 552 285 688 185 492 641 735 214 474 646 223 609 523 524

HCP+DSD+OSSH3[2] 722 553 530 278 352 686 819 607 116 71.6 297 543 643 88.2 222 537 722 526 689 744 549
OICR-Ens+FRCNN[10] 858 827 628 452 435 84.8 87.0 468 157 822 51.0 456 837 91.2 222 59.7 753 651 768 78.1 64.3

Ours+FRCNN 883 776 748 633 378 782 836 727 194 795 464 781 847 90.4 28.6 436 763 683 779 70.6 67.0

Table 4. CorLoc (in %) of weakly supervised methods on the PASCAL VOC 2007 detection trainval set.

method aero bike bird boat bottle bus  car cat  chair cow table dog horse mbike person plant sheep sofa train tv mCorLoc
OICR-VGG16[10] 862 842 687 554 465 828 749 322 467 828 429 410 68.1 89.6 9.2 539 810 529 595 832 62.1
‘WSDDN-+context[ 1] 783 708 525 347 366 800 587 386 277 712 323 487 762 774 160 484 699 475 669 629 54.8

HCP+DSD+OSSH3+NR[2] 824 68.1 545 389 359 847 731 648 17.1 783 225 570 708 86.6 18.7 49.7 807 453 701 773 58.8
OICR-Ens+FRCNN[10] 89.3 863 752 579 535 840 795 352 472 874 434 438 770 91.0 10.4 60.7 868 557 620 847 65.6

Ours+FRCNN 880 816 758 609 462 853 753 765 472 854 477 743 878 914 21.6 553 779 688 649 750 69.4

Table 5. CorLoc (in %) of weakly supervised methods on the PASCAL VOC 2012 detection trainval set.

method mAP@.5 mAP@[.5,0.95]
OICR-Ens+FRCNN[ 1 0](impl. in this paper) 17.4 7.7
Ours+FRCNN 19.3 8.9

Table 6. Average precision (in %) of weakly supervised methods on the Microsfot COCO 2014 detection validation set.

2.3. Ablation Study

We perform an ablation study on Pascal VOC 2007 detection test set by replacing or removing a single component in
our pipeline every time. First, to verify the importance of object instances, we remove all steps related to object instances,
including the entire instance level stage and the operations related to the instance attention map in the pixel level stage. The
mAP is decreased by 3.1% as shown in Table 2. Second, the clustering and outlier detection step in the instance level stage is
removed. We directly train an instance classifier using the object proposals from the image level stage. The mAP is decreased
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by 2.7%. Third, instead of leaving the labels of a subset of pixels uncertain in the pixel level stage, we assign a unique label
to every pixel even in the case of low confidence. The mAP drops to 47.5%, 3.7% lower than the performance of the original
pipeline. Forth, when removing the clustering and outlier detection step in the instance level stage, we use the original image
classifier without retraining the instance classifier to generate the attention map. The mAP is 49.3% which is 1.9% lower
than the original pipeline. At last, we remove the object heatmap in the pixel level stage, the mAP becomes 49.0%, which
drops by 2.1% compared to the original pipeline.
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Figure 2. Detection and semantic segmentation results on the Pascal VOC 2007 test set. The detection results are obtained by choosing
proposals with the highest confidence within every class. The semantic segmentation results are post-processed by a CRF [5].
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Figure 3. Detection and semantic segmentation results on the Pascal VOC 2007 test set. The detection results are obtained by choosing
proposals with the highest confidence within every class. The semantic segmentation results are post-processed by a CRF [5].
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Figure 4. Detection and semantic segmentation results on the Pascal VOC 2012 test set. The detection results are obtained by choosing
proposals with the highest confidence within every class. The semantic segmentation results are post-processed by a CRF [5].
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Figure 5. Detection and semantic segmentation results on the Pascal VOC 2012 test set. The detection results are obtained by choosing
proposals with the highest confidence within every class. The semantic segmentation results are post-processed by a CRF [5].
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