Appendix

In this section, we provide: (1) additional quantitative re-
sults on COCO; (2) per-class detection (AP) and correct lo-
calization (CorLoc) results on VOC; (3) additional qualita-
tive results; (4) proposal statistics; (5) ablation study on the
amount of proposals; (6) implementation details and video
demo of weakly supervised video object detection. Specif-
ically, we show that our approach produces state-of-the-art
results on COCO (see Tab. 8), outperforms all competing
models on VOC 2007 and 2012 (see Tab. 9 and Tab. 10).
We also provide correct localization results in Tab. 11 and
Tab. 12 for completeness and illustrate the necessity of the
sequential batch back-propagation (introduced in Sec. 4.3
of the main paper) in Tab. 13 and Tab. 14. Comprehensive
visualizations are also provided (Fig. 13 to Fig. 16).

A. Additional quantitative results on COCO

In Tab. 8, we report quantitative results at different
thresholds and scales on COCO for different models. The
reported metrics include: Average Prevision (AP) over
multiple IoU thresholds (.50 : .05 : .95), at IoU thresh-
old 50% and 75% (AP®°, AP™), and for small, medium
and large objects (APS, AP™, AP"Y); and Average Recall
(AR) over multiple IoU values (.50 : .05 : .95), given 1,
10 and 100 detections per image (AR', AR, AR'99); and
for small, medium and large objects (AR®, AR™, AR"). The
results in Tab. 8 show that object size is a significant factor
that influences the detection accuracy. The detector tends to
perform better on large objects rather than smaller ones.

B. Additional results on VOC
B.1. Per-class detection results

In Tab. 9 and Tab. 10, we report the per-class detection
APs on the test sets of both VOC 2007 and 2012. Compared
to other WSOD methods we observe: (1) Our method out-
performs all others on most categories (10 classes on VOC
2007, 14 classes on VOC 2012). (2) The classes that are
hard for our approach (e.g., boat, plant, and chair) are also
challenging for other methods. This suggests that these cat-
egories are essentially hard examples for WSOD methods,
for which a certain amount of strong supervision might still
be needed.

Compared to supervised models (Fast R-CNN, Faster R-
CNN) we note: (1) Our weakly supervised model performs
competitively for classes such as: airplane, bicycle, bus,
car, cow, motorbike, sheep, tv-monitor, where the perfor-
mance gap is usually less than 10% AP. Our model some-
times even outperforms supervised models on categories
that are considered relatively easy with small intra-class dif-
ference (bicycle and motorbike in VOC 2007, motorbike
and tv-monitor in VOC 2012). (2) For classes like boat,

chair, dinning table, person, all WSOD methods are signifi-
cantly worse than supervised methods. This is likely due to
a large intra-class variation. WSOD methods fail to capture
the consistent patterns of these classes.

B.2. Per-class correct localization results

In Tab. 11 and Tab. 12, we report the per-class cor-
rect localization (CorLoc) results on the trainval sets of
both VOC 2007 and VOC 2012. Consistent with prior
work [5, 45, 50, 60, 62, 2] this metric is computed on the
training set. Thus it does not reflect the true performance
of the detection models and has not been widely adopted by
supervised methods [15, 35, 17]. For WSOD approaches, it
serves as an indicator of the ‘over-fitting” behavior. Com-
pared with previous state-of-the-art, our method achieves
the third best result on VOC 2007, winning on 2 categories.
We also achieve the second best performance on VOC 2012
and win on 19 categories. We find that: (1) Our model per-
forms well for classes like: airplane, bicycle, bottle, bus,
motorbike, sheep, tv-monitor. This observation aligns very
well with the detection results. (2) The best performing
methods differ across classes, which suggest that methods
could potentially be ensembled for further improvements.

C. Additional qualitative results
C.1. Results on static-image datasets

We show additional results that highlight cases of ‘In-
stance Ambiguity’ and ‘Part Domination’ in Fig. 13 and
Fig. 14, respectively. Following the main paper, we com-
pare our final model to a baseline without the modules pro-
posed in Sec. 4.1 and Sec. 4.2 of the main paper to demon-
strate the effectiveness of these two modules visually. We
show a set of two pictures side by side, the baseline on the
left and ours on the right. From the results, we observe: (1)
we have addressed the ‘Missing Instances’ issue and pre-
viously ignored objects are detected with great recall (e.g.,
monitor, sheep, car, and person in Fig. 13); (2) we have ad-
dressed the ‘Grouped Instances’ issue as our model predicts
tight and precise boxes for multiple instances rather than
one big one (e.g., bus, motor, boat, car in Fig. 13); (3) we
have also alleviated the ‘Part Domination’ issue for objects
like dog, cat, sheep, person, horse, and sofa (see Fig. 14).

We also provide additional visualization of our results
on COCO in Fig. 15. We obtain these results by running the
VGG16 based model on the COCO 2014 validation set. Our
model is able to detect different instances of the same cate-
gory (e.g., car, elephant, pizza, cow, umbrella) and various
objects of different classes in relatively complicated scenes,
and the obtained boxes can cover the whole objects pretty
well rather than simply focusing on discriminative parts.

Thttp://host.robots.ox.ac.uk:8080/anonymous/DCI5GA html



Train Test Model | AP AP AP APS AP™ AP' | ARl AR AR AR' AR™ AR
2014 Train 2014 Val VGGl16 114 243 9.4 3.6 12.2 17.6 13.5 22.6 23.9 8.5 254 38.3
2014 Train 2014 Val ~ R50-C4 12.6 26.1 10.8 3.7 13.3 19.9 14.8 23.7 24.7 8.4 25.1 41.8
2014 Train 2014 Val ~ R101-C4 | 13.0 26.3 11.4 3.5 13.7 20.4 15.4 23.4 24.6 8.5 24.6  40.9
2017 Train minival VGG16 12.4 25.8 10.5 3.9 13.8 19.9 14.3 23.3 24.6 9.7 26.6 39.6
2014 Train ~ Test-Dev ~ VGG16 12.1 24.8 10.2 4.1 13.0 18.3 13.5 25.5 29.0 9.6 30.0  46.7

Table 8: Single model detection results on COCO.
Methods Proposal | Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV AP
Fast R-CNN SS 734 770 634 454 446 751 781 79.8 405 737 622 794 781 73.1 642 356 668 672 704 711 | 66.0
Faster R-CNN RPN 700 806 70.1 573 499 782 804 82.0 522 753 672 803 798 75.0 76.3 39.1 683 673 8l1.1 67.6 69.9

Cinbis [7] SS 358 406 81 7.6 31 359 418 168 14 230 49 141 319 419 193 111 276 12.1 310 40.6 | 224

Bilen [4] SS 462 469 241 164 122 422 471 352 78 283 127 215 301 424 7.8 200 268 208 358 296 | 277

Wang [52] SS 488 410 236 121 111 427 409 355 111 366 184 353 348 513 172 174 268 328 351 456 | 309

Li[27] EB 545 474 413 208 177 519 635 461 21.8 571 221 344 505 618 162 299 407 159 553 402 | 395
WSDDN [5] EB 394 501 315 163 126 645 428 426 101 357 249 382 344 556 9.4 147 302 407 547 469 | 348
Teh [47] EB 488 459 374 269 92 507 434 436 106 359 270 386 485 438 24.7 121 29.0 232 488 419 | 345
ContextLocNet [22] SS 57.1 520 315 7.6 115 550 53.1 341 1.7 331 492 420 473  56.6 15.3 128 248 489 444 478 | 363
OICR [45] SS 58.0 624 311 194 130 651 622 284 248 447 306 253 378 655 157 241 417 469 643 626 | 412

Jie [21] ? 522 471 350 267 154 613 660 543 30 53.6 247 436 484 658 6.6 18.8 519 436 536 624 | 417

Diba [9] EB 495 606 386 292 162 708 569 425 109 441 299 422 479 641 13.8 235 459 541 608 545 | 428

PCL [44] SS 544 690 393 192 157 629 644 300 251 525 444 196 393 677 178 229 466 575 586 63.0 | 435

Wei [56] SS 593 575 437 273 135 639 61.7 599 241 469 367 456 399 626 103 236 417 524 587 566 | 443

Tang [46] SS 579 705 378 57 210 66.1 692 594 34 571 573 352 642 686 328 286 508 495 411 300 | 453

Shen [37] SS 520 645 455 267 279 605 478 597 13.0 504 464 563 496  60.7 254 282 500 514 665 297 | 456

Wan [51] SS 556 669 342 29.1 164 688 68.1 430 250 656 453 532 496 68.6 2.0 25.4 525 568 621 57.1 473

SDCN [28] SS 594 715 389 322 215 677 645 689 204 492 476 609 559 674 312 229 450 532 609 644 | 502

C-MIL [50] SS 625 584 495 321 198 705 66.1 634 200 605 529 535 574 68.9 8.4 24.6 51.8 587 66.7 63.6 50.5
Yang [59] SS 57.6 708 507 283 272 725 69.1 650 269 645 474 477 535 669 137 293 560 549 634 652 | 515
C-MIDN [12] SS 533 715 498 261 203 703 699 683 287 653 451 646 580 712 200 275 549 549 694 635 | 526
Arun [2] SS 66.7 695 528 314 247 745 741 673 146 53.0 461 529 699 708 18,5 284 546 607 67.1 604 | 529
WSOD2 [60] SS 651 648 572 392 243 698 662 610 298 646 425 601 712 707 219 281 586 597 522 648 | 53.6
Ours SS 688 777 57.0 277 289 69.1 745 670 321 732 481 452 544 737 350 293 641 538 653 652 | 549
Table 9: Single model per-class detection results using VGG16 on PASCAL VOC 2007.
Methods Proposal | Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV AP
Fast R-CNN SS 803 747 669 469 377 739 68.6 877 417 71.1 511 860 778 79.8 698 321 655 638 764 617 | 657
Faster R-CNN RPN 823 764 710 484 452 721 723 873 422 737 500 868 787 78.4 77.4 345 70.1  57.1  77.1 58.9 67.0
Li[27] EB 629 555 437 149 136 577 524 509 133 454 40 302 556 670 3.8 231 394 55 507 293 | 359
ContextLocNet [22] SS 640 549 364 8.1 126 53.1 405 284 66 353 344 491 426 624 198 152 270 331 330 500 | 353
OICR [45] SS 67.7 612 415 256 222 546 497 254 199 470 181 260 389 677 2.0 226 411 343 379 553 | 379
Jie [21] ? 60.8 542 341 149 131 543 534 586 37 531 83 434 498 692 4.1 175 438 256 550 50.1 | 383

Diba [9] EB - - - - - - - - - - - - - - - - - - - - 37.9

Shen [37] SS - - - - - - - - - - - - - - - - - - - - 39.1

PCL [44] SS 582 660 418 248 272 557 552 285 166 51.0 175 28.6 497 705 7.1 257 475 366 441 592 | 406

Wei [56] SS 674 57.0 377 237 152 569 49.1 648 151 394 193 484 445 672 2.1 233 351 402 46,6 458 | 400

Tang [46] SS - - - - - - - - - - - - - - - - - - - - 40.8

Wan [51] SS - - - - - - - - - - - - - - - - - - - - 424

SDCN [28] SS - - - - - - - - - - - - - - - - - - - - 43.5

Yang [59] SS 647 663 468 285 284 598 586 709 138 550 157 605 639 692 8.7 238 447 527 415 626 | 468

C-MIL [50] SS - - - - - - - - - - - - - - - - - - - - 46.7
WSOD2 [60] SS - - - - - - - - - - - - - - - - - - - - 472
Arun [2] SS - - - - - - - - - - - - - - - - - - - - 48.4
C-MIDN [12] SS 729 689 539 253 297 609 560 783 230 578 257 730 635 737 131 287 515 350 561 575 | 502
Ours' SS 783 739 565 304 374 642 593 603 266 668 250 550 618 793 145 303 615 407 564 635 | 52.1

Table 10: Single model per-class detection results using VGG16 on PASCAL VOC 2012.

C.2. Results on ImageNet VID dataset

Additional visualizations of our obtained results on Im-
ageNet VID are shown in Fig. 16, where the frames of the
same video are illustrated in the same row. These results
are obtained using the ResNet-101 based model. We ob-
serve: our model is able to handle objects of different poses,
scales, and viewpoints in the videos.

D. Proposal statistics

For consistency with prior literature, we use Selective-
Search (SS) [49] for VOC and MCG [1] for COCO. Both

methods generate around 2K proposals on average as shown
in Tab. 13 but occasionally yield more than 5K on certain
images. Our Sequential batch back-propagation can handle
these cases easily even with ResNet-101, while other meth-
ods quickly run out of memory (Fig. 11 in main paper).

E. Need for redundant proposals

In WSOD, since ground-truth boxes are missing, object
proposals have to be redundant for high recall rates, con-
suming significant amounts of memory. To study the need
for a large number of proposals we randomly sample p per-



Methods Proposal | Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV | CorLoc
Cinbis [7] SS 56.6 583 284 20.7 6.8 549 69.1 20.8 9.2 505 102 29.0 58.0 64.9 36.7 18.7 56.5 132 549 594 38.8
Bilen [4] SS 66.4 593 427 204 213 634 743 596 21.1 582 140 385 495 60.0 19.8 39.2 417  30.1 502 441 43.7
Wang [52] SS 80.1 639 515 149 21.0 557 742 435 262 534 163 567 583 69.5 14.1 383 58.8 472 491 60.9 48.5
Li[27] EB 782 67.1 61.8 38.1 36.1 61.8 788 552 285 688 185 492 641 73.5 214 474 646 223 609 523 524
‘WSDDN [5] EB 65.1 588 585 33.1 39.8 683 602 59.6 348 645 305 430 568 82.4 255 41.6 61.5 559 659 637 53.5
Teh [47] EB 84.0 646 700 624 258 806 739 715 357 8l6 465 713 79.1 78.8 56.7 343 69.8 567 710 727 64.6
ContextLocNet [22] SS 833 686 547 234 183 73.6 741 541 8.6 65.1 47.1 595 67.0 83.5 353 39.9 67.0 49.7 635 65.2 55.1
OICR [45] SS 81.7 804 487 495 32.8 81.7 854 40.1 406 795 357 337 605 88.8 21.8 579 76.3 599 753 81.4 60.6
Jie [21] ? 727 553 530 278 352 686 819 607 11.6 71.6 297 543 643 88.2 222 53.7 722 526 689 755 56.1
Diba [9] EB 839 728 645 44.1 40.1 657 825 589 337 725 256 537 674 71.4 26.8 49.1 68.1 279 645 55.7 56.7
Wei [56] SS 842 741 613 521 321 767 829 66.6 423 706 395 570 612 88.4 9.3 54.6 722  60.0 650 703 61.0
Wan [51] SS - - - - - - - - - - - - - - - - - - - - 614
PCL [44] SS 79.6 855 622 479 370 838 834 430 383 80.1 50.6 309 578 90.8 27.0 58.2 75.3 68.5 757 78.9 62.7
Tang [46] SS 775 812 553 197 443 802 86.6 695 101 877 684 52.1 84.4 91.6 574 634 773 581 570 538 63.8
Li [28] SS 850 839 589 596 431 797 852 779 313 781 506 756 762 88.4 49.7 564 732 626 772 799 68.6
Shen [37] SS 829 740 734 471 609 804 775 788 186 700 56.7 670 645 84.0 47.0 50.1 719 576 833 435 64.5
C-MIL [50] ss - - - - - - - - - - - - - - - - - - - - 65.0
Yang [59] SS 80.0 839 742 532 485 827 862 695 393 829 536 614 724 91.2 224 57.5 835 648 757 77.1 68.0
WSOD2 [60] SS 87.1 80.0 748 60.1 36.6 792 838 70.6 435 884 460 747 874 90.8 442 524 814 618 677 79.9 69.5
Arun [2] SS 886 863 718 534 512 87.6 890 653 332 866 588 659 87.7 93.3 30.9 58.9 834 678 787 80.2 70.9
Ours SS 875 824 760 580 447 822 875 712 491 815 517 533 714 92.8 38.2 52.8 794 610 783 76.0 68.8
Table 11: Single model per-class correct localization (CorLoc) results using VGG16 on PASCAL VOC 2007.
Methods Proposal | Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV | CorLoc
Li[27] EB - B - - - B - B B B - - B B - B - B B B 20.1
ContextLocNet [22] SS 783 708 525 347 366 80.0 587 386 277 712 323 487 762 71.4 16.0 484 699 475 669 629 54.8
OICR [45] ss - - - - - - - - - - - - - - - - - - - - 62.1
Jie [21] ? 824 68.1 545 389 359 847 731 648 17.1 783 225 570 70.8 86.6 18.7 49.7 80.7 453 701 71.3 58.8
PCL [44] SS 772 830 62.1 550 493 83.0 758 37.7 432 816 468 429 733 90.3 214 56.7 844 550 629 82.5 63.2
Wei [56] SS 79.1 839 646 506 37.8 874 740 741 404 80.6 426 536 665 88.8 18.8 54.9 804 604 707 79.3 64.4
Shen [37] SS - - - - - - - - - - - - - - - - - - - - 63.5
Tang [46] SS 855 608 625 366 538 821 801 482 149 877 685 60.7 857 89.2 62.9 62.1 87.1 540 451 70.6 64.9
Li[28] ss - - - - - - - - - - - - - - - - - - - - 67.9
C-MIL [50] SS - - - - - - - - - - - - - - - - - - - - 67.4
Yang [59] SS 824 837 724 579 529 865 782 78.6 40.1 864 379 679 87.6 90.5 25.6 539 850 719 66.2 84.7 69.5
Arun [2] SS - - - - - - - - - - - - - - - - - - - - 69.5
WSOD2 [60] Ss - - - - - - - - - - - - - - - - - - - - 71.9
Ours SS 91.7 856 717 566 55.6 88.6 773 634 536 90.0 516 626 793 94.2 32.7 58.8 90.5 57.7 709 857 70.9
Table 12: Single model per-class correct localization (CorLoc) results using VGG16 on PASCAL VOC 2012.
Data voc07-train voc07-val voc07-test voc12-train vocl2-val vocl2-test s H 4
Avg/Max | 2001/4663 2001/5236 2002/5398 2014/5254 2010/5563 2020/5660 uatlon’ we test on the Standard Vahdatlon Set, Where per-
Data | cocold-train  cocold-val cocol7-train  cocol7-val  coco-test - frame spatia] Object detection results are evaluated for all
Avg/Max | 1957/5143 1958/6234 1957/6234 1961/3774 1947/4411 - .
the videos.
Table 13: Proposals statistics. The two models ‘Ours’ and ‘Ours (MIST only)’ are two
single-frame baselines with or without Concrete DropBlock
> 1 60% 0% 90% 95% | 100% (maln.paper Sec. 4.2). In addl.tlon, thf: memory-efficient se
AP | 484 497 508 521 | 549 quential batch back-propagation (main paper Sec. 4.3) per-

Table 14: Effect of using different number of proposals.

cent of all proposals. A VGG16 based model on VOC 2007
is used. The results are summarized in Tab. 14. Reducing
the number of proposals even by a small amount signifi-
cantly reduces accuracy: using 95% of the proposals causes
a2.8% AP drop. This suggests that all proposals should be
used for best performance.

F. Additional details on video experiments

In this section, we provide additional details of Sec. 5.4.
Following supervised methods for video object detec-
tion [63, 58], we experiment on the most popular dataset:
ImageNet VID [8]. Frame-level category labels are avail-
able during training. For each video, we use the uniformly
sampled 15 key-frames from [63] for training. For eval-

mits to leverage short-term motion patterns (i.e., optical-
flow) to further increase the performance. For ‘Ours+flow,’
we first use FlowNet2 [19] to compute optical flow between
neighboring frames and the reference frame. The estimated
flow maps are then used to warp the nearby frames’ feature
maps to linearly sum with the reference frame for represen-
tation enhancement. The accumulated features are then fed
into the proposed task head (modules after ‘Base’ in main
paper Fig. 2) for weakly supervised training. This method
combines the flow-guided feature warping method as dis-
cussed in [63] to leverage temporal coherence and the pro-
posed WSOD task head to handle frame-level weak super-
vision. Hence it achieves better results than the aforemen-
tioned two baselines (‘Ours’ and ‘Ours (MIST only)’) using
both VGG16 and ResNet-101 as reported in Tab. 7.
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Figure 13: Examples that highlight cases of ‘Instance Ambiguity’. For every pair: baseline (left) and our model (right).
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Figure 14: Examples that highlight cases of ‘Part Domination’. For every pair: baseline (left) and our model (right).
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Figure 15: Additional visualization results of the proposed method on the COCO2014 validation set.



Figure 16: Additional visualization results of the proposed method on the ImageNet VID validation set.



