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A. Discussion of EM-like training algorithm

The reason why EM-like training is necessary is that the
problem is formulated as a bi-level optimization problem,
direct joint training to solve this problem is harmful to gen-
eralization ability of LBBA. And EM-like training can keep
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that of LBBA. Here we state why formulating WSOD prob-
lem as bi-level optimization.
In particular, E-step is used to update latent variable b,

b = arg max log P(y|brent) —

Dlatent

L(blatenta f(L P, ef)) (D)

For WSOD with box regression, y is image class labels, £
is defined as box regression loss (e.g., smooth L1 loss [4]
for bounding box regression), b means latent bounding box
variables, and P(y|bjuent) is probability of y with given
blaene in WSOD training. And f(I,P;6;) is bounding box
output from WSOD network f with corresponding param-
eters 6. We mainly discuss £ in next paragraphs. Then,
M-step is deployed to update the model parameters 6 ¢.

O = argnelinﬁ(f),f(l, P;0y)), 2)
¥

where L is a combination of weakly supervised object de-
tection loss Lys0q and bounding box regression loss Ly,

As mentioned above, previous methods utilize precom-
puted proposals as well as pseudo ground-truth mining in
E-step, and then update box regression branch of WSOD
network in M-step. However, optimizing P(y|bjyen) in E-
step with only image-level supervision to imporve quality
of b is difficult. Besides, when optimizing £ in E-step,
precomputed proposals are designed for generating region
proposals for box regression of object detection, which are
not suitable for final object localization. To tackle this prob-
lem, we want to use extra well-annotated data to supervise a
learnable model, make it generate more precise bin E-step.
Therefore, we aim to introduce a class-agnostic Learnable
Bounding Box Adjuster (LBBA) g(I*™*,P**; §,,) trained on
a full-annotated auxiliary dataset X***. To this end, we sug-
gest to utilize LBBA ¢ to generate latent variable b on
Xaux_

Baux _ g(Iaux7 IP)aux; 0g)
0, = argmin Ly ({6}, g(1%, P 0,))



After introducing LBBA ¢ into WSOD, our WSOD prob-
lem can be transferred into a bi-level optimization prob-
lem, here we state how to build bi-level optimization.
Lower subproblem. During M-step, WSOD network
f is supervised by both image class label y as well as
latent variable Baux, which is output of LBBA network
g(I*, P*%; §, ). Therefore we update parameters of WSOD
network 6 g by minimizing Lysod + Lobr, Which is shown
as Eq. 4. And Eq. 4 also stands for the lower subproblem of
bi-level optimization.

6 jon= arg min(Lusoa+Lonr) (b, fA (T, P™; O ) (4)
Faux
Upper subproblem. Thus, taking above equations into
consideration, WSOD parameters 6y« can be seen as a
function of LBBA parameters 6, (i.e., 6 yux(6,)). Thus, in
E-step the upper subproblem on ¢, is defined for optimizing
Lypa on the WSOD network f2* (I*™, P*™; 0 rax (6,)),

og= arg H;IH Ebba ({baux}7 faux (Iaux, Paux; 0faux (9_(; ) )) (5)

where g generates adjusted bounding box regression for
given proposals from WSOD f2'. Thus upper subproblem
has transferred into a fully-supervised setting. Furthermore,
to ease the training difficulty of the upper subproblem and
improve the precision of Baux, we modify the upper subprob-
lem by requiring LBBA accurately predicts the ground-truth
boxes, resulting in the following bi-level optimization for-
mulation.

Héln Ebba ({baux }7 g (Iaux , faux (]:le])(7 ]P)&UX; e‘faux ) ; Hg ))
g

~aux (6)
s.1.0;= arg min LosoaLoor(B, [ (T, P 6pm)).
f

B. Datasets

To illustrate the effectiveness of our method, we con-
duct experiments on various representative datasets: PAS-
CAL VOC 2007 and 2012 datasets, MS-COCO dataset, and
ILSVRC 2013 detection dataset.

B.1. Auxiliary Datasets

COCO-60 Dataset MS-COCO 2017 [10] is a large-scale
object detection dataset. Note that MS-COCO dataset in-
cludes 80 different object classes. To eliminate semantic
overlap and show the generalization ability of our method,
we construct a subset of MS-COCO by excluding PASCAL
VOC classes instance annotations and call it COCO-60. As
such, COCO-60 dataset contains ~98K training images and
~4K validation images, respectively. Construction details
are shown as Appendix B.4.

ILSVRC-Source Dataset To prove that our method can
be generalized to more categories, we conduct extended ex-
periments on the ILSVRC2013 detection dataset. ILSVRC
detection dataset contains 200 categories, which is much
more than that for PASCAL VOC or COCO-20. To con-
struct the corresponding auxiliary dataset, we select the first
100 classes sorted in alphabetic order as the source classes
in the auxiliary dataset. Construction details are shown as
Appendix B.5.

B.2. Target Datasets

PASCAL VOC Dataset PASCAL VOC 2007 and 2012
datasets contain 9,963 images and 22,531 images collected
from 20 object classes, respectively. For fair comparison,
we use trainval set for training WSOD networks and report
evaluation results on fest set. During the training process,
only image-level labels are used as supervision.

COCO-20 Dataset To verify the generalization ability of
our LBBA, we construct another target dataset from MS-
COCO dataset namely COCO-20 dataset. Note that the
COCO-20 dataset has the same 20 classes as PASCAL VOC
dataset, but containing more complicated scenarios in im-
ages. Construction details are shown as Appendix B.5.

ILSVRC-Target Dataset ILSVRC detection dataset con-
tains 200 categories. To construct the target dataset and
avoid semantic overlaps with the corresponding auxiliary
dataset, we select the last 100 classes sorted in alphabetic
order as target classes in our weakly supervised object de-
tection dataset. Construction details are shown as Ap-
pendix B.5.

B.3. Auxiliary-Target Pairs

From these datasets, we divide them into four dataset-
pair settings, an auxiliary dataset corresponding to a target
dataset, to deploy experiments. Table 6 give the dataset-pair
settings. Setting 1 and Setting 2 are mentioned in section
4 of main paper and we will introduce details of setting 3
and setting 4 in Appendix B.4 and Appendix B.5. Then
we will state more experimental results in Appendix F and
Appendix G.

B.4. Construction of COCO-60/COCO-20

To simplify the statement, we define COCO-60 classes
as the categories in original COCO classes but excluding
PASCAL VOC classes. Then we state how to construct
COCO-60 dataset and COCO-20 dataset.

To construct COCO-60 dataset, we first keep annotations
of COCO-60 classes in COCO 2017 train set, then we se-
lect images which contain at least one instance of COCO-60



Table 1. Single model detection per-class results on PASCAL VOC 2007, where T means the results with multi-scale testing, * means
joint training of WSOD models on the auxiliary dataset and weakly-annotated dataset.

Methods Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV AP
‘WSDDN [2] 394 501 315 163 126 645 428 426 101 357 249 382 344 55.6 9.4 147 302 407 547 469 | 348
OICR™ [18] 580 624 31.1 194 130 651 622 284 248 447 306 253 378 65.5 15.7 241 417 469 643 626 | 412
PCL" [17] 544 69.0 393 192 157 629 644 300 251 525 444 196 393 67.7 17.8 229 466 575 586 630 | 435
Yang et al. ¥ [21] 576 708 507 283 272 725 69.1 650 269 645 474 477 535 66.9 13.7 293 560 549 634 652 | 515
C-MIDN™" [20] 533 715 498 261 203 703 699 683 287 653 451 646 58.0 712 200 275 549 549 694 635 | 526
Arunetal. [1] 66.7 695 528 314 247 745 741 673 146 53.0 461 529 699 70.8 18.5 284 546 607 67.1 604 | 529
WSOD27 [23] 65.1 648 572 392 243 698 662 61.0 298 646 425 60.1 71.2 70.7 219 281 586 597 522 648 | 536
MIST-Full [12] 68.8 777 57.0 277 289 69.1 745 67.0 321 732 48.1 452 544 73.7 350 293 641 538 653 652 | 549
MSD-Ens™ [9] 705 69.2 533 437 254 689 687 569 184 642 153 720 744 65.2 154 251 536 544 456 614 | 511
OICR+UBBR [7] 597 448 540 361 293 721 674 707 235 638 315 615 637 61.9 379 154 551 574 699 63.6 | 52.0
Ours 654 737 531 448 273 731 737 722 298 692 511 687 564 71.8 203 27.1 614 603 655 659 | 56.5
Ours™ 703 723 487 387 304 743 76.6 69.1 334 682 505 67.0 49.0 73.6 245 274 631 589 660 692 | 56.6
Upper bounds:

Faster R-CNN [11] 700 80.6 70.1 573 499 782 804 820 522 753 672 803 798 75.0 763 39.1 683 673 8l.1 676 | 699
Zhong et al. (R50-C4)* [24] 644 450 62.1 428 424 731 732 760 282 786 285 751 746 67.7 575 116 656 554 722 613 | 578
Zhong et al. (R50-C4)™ [24] | 64.8 50.7 655 453 464 757 740 80.1 313 770 262 793 748 66.5 579 11.5 682 59.0 747 655 | 59.7

Table 2. Single model detection results on PASCAL VOC 2012, where * means the results with multi-scale testing, * means joint training
of WSOD models on the auxiliary dataset and weakly-annotated dataset.

Methods Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV AP
OICR™ 677 612 415 256 222 546 497 254 199 470 181 260 389 67.7 2.0 226 411 343 379 553 37.9
PCL* [17] 582 660 418 248 272 557 552 285 166 51.0 175 28.6 497 70.5 7.1 257 475 366 441 592 | 40.6
Yang et al.™ 647 663 468 285 284 59.8 586 709 138 550 157 605 639 69.2 8.7 238 447 527 415 626 | 468
WSOD2" [23] - - - - - - - - - - - - - - - - - - - - 472
Arunetal. [1] - - - - - - - - - - - - - - - - - - - - 48.4
C-MIDN" [20] 729 689 539 253 297 609 560 783 230 578 257 730 635 73.7 13.1 287 515 350 561 575 | 50.2
MIST (Ful)™ [12] | 783 739 565 304 374 642 593 603 266 668 250 550 618 79.3 14.5 303 615 407 564 635 | 52.1
Ours 770 71.0 620 400 375 674 625 683 236 714 256 784 719 74.3 6.7 292 628 506 478 @ 62.1 54.5
Ours™ 78.6 715 627 413 386 688 64.1 71.0 232 705 242 79.1 741 753 6.5 297 634 518 502 639 | 554
Upper bounds:

Faster R-CNN [11] | 823 764 71.0 484 452 721 723 873 422 737 50.0 86.8 787 78.4 774 345 701 571 771 589 ‘ 67.0

classes in COCO 2017 train set to construct our COCO- dataset.

60 rrain set. Next we keep the same steps to build up our
COCO-60 val set.

Besides, we also follow Zhong et al. [24] to define a
COCO-60-clean dataset. Particularly, we select images
which only contain instances of COCO-60 classes in
COCO 2017 train set to construct COCO-60-clean train
set, and obtain only 21987 training images. Compared to
COCO-60 dataset, COCO-60-clean dataset does not exist
objects of VOC classes in the background of images, such
that this dataset is cleaner than our COCO-60 dataset and
easier to learn. We will discuss the difference between
our method and Zhong et al. [24] based on COCO-60 and
COCO-60-clean datasets.

As for COCO-20 dataset, we select images which only
contain instances of 20 PASCAL VOC classes in COCO
2017 train set to construct our COCO-20 train set. Next
we keep annotations of 20 PASCAL VOC classes in COCO
2017 val set, and then select images which contain at least
one instance of 20 PASCAL VOC classes in COCO 2017
val set to construct our COCO-20 val set.

B.5. Construction of ILSVRC-Source/Target

The original ILSVRC dataset contains a training set and
a validation set. Firstly, We split the validation set into vall
validation set and val2 validation set. Then we state how
to construct ILSVRC-Source dataset and ILSVRC-Target

To construct ILSVRC-Source training set, we keep im-
ages of the first 100 categories sorted in alphabetic order
from vall and sample 1000 images per category in the same
100 categories from ILSVRC training set as data augmen-
tation.

To construct ILSVRC-Target training set, we keep im-
ages of the latter 100 categories sorted in alphabetic order
from vall and sample a maximum of 1000 images per cat-
egory in latter categories from ILSVRC training set to aug-
ment it,while keeping only image-level labels. And to con-
struct ILSVRC-Target test set, we keep images of the same
100 categories from val2.

C. Implementation Details
C.1. Overall Implementation Details

For LBBAs, we apply Faster R-CNN [1 1] with backbone
of ResNet-50 [5] and we adopt class-agnostic bounding box
adjusters to eliminate potential semantic information leak
in bounding box refinement. For WSOD network, we ap-
ply OICR [18] with a backbone of VGG-16 [16] and in-
troduce a class-agnostic bounding box regression branch.
Following the settings of [2, 18, 17, 21, 12, 1, 24], we ini-
tialize backbone models of two networks with ImageNet [3]
pre-trained weights while other layers are randomly initial-
ized. As suggested in [12, 21, 17, 18, 23], we use MCG



Table 3. Single model correct localization (CorLoc) results on PASCAL VOC 2007, where * means the results with multi-scale testing, *
means joint training of WSOD models on the auxiliary dataset and weakly-annotated dataset.

Methods Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV | CorLoc
WSDDN [2] 65.1 588 585 331 398 683 602 59.6 348 645 305 43.0 568 824 255 416 615 559 659 637 535
OICR™ 81.7 804 487 495 328 81.7 854 40.1 40.6 79.5 357 337 605 88.8 21.8 57.9 763 599 753 81.4 60.6
PCLT [17] 796 855 622 479 370 838 834 43.0 383 80.1 506 309 578 90.8 270 582 753 685 757 789 62.7
Lit [8] 850 839 589 596 431 797 852 779 313 781 506 756 762 88.4 49.7 564 732 626 7712 799 68.6
C-MIL™ [19] - - - - - - - - - - - - - - - - - - - - 65.0
Yang et al.t 80.0 839 742 532 485 827 862 695 393 829 536 614 724 91.2 224 575 835 648 757 711 68.0
WSOD2™" [23] 87.1 800 748 60.1 366 792 838 706 435 884 460 747 874 90.8 442 524 814 618 677 799 69.5
Arun etal[l] 886 863 718 534 512 876 89.0 653 332 866 588 659 8717 93.3 309 589 834 678 787 802 70.9
MIST (Full)* [12] 875 824 760 580 447 822 875 712 49.1 815 517 533 714 92.8 382 528 794 61.0 783  76.0 68.8
WSLAT-Ens [13] 78.6 634 664 564 197 823 748 69.1 225 723 310 630 749 78.4 48.6 29.4 646 362 759 69.5 58.8
MSD-Ens™ [9] 892 757 751 665 588 782 889 669 282 863 297 835 833 92.8 237 403 856 489 703  68.1 66.8
OICR+UBBR [7] 479 189 63.1 397 102 623 693 610 270 79.0 245 679 79.1 49.7 28.6 128 794 406 61.6 284 47.6
Ours 89.6 820 736 553 489 863 873 831 453 877 483 823 806 90.8 36.3 520 8.7 66.1 817 803 723
Ours™ 892 820 742 532 512 848 875 837 462 870 483 847 799 92.4 403 476 887 656 810 817 725
Upper bounds:

Faster R-CNN [11] 99.6 96.1 99.1 957 91.6 949 947 983 787 986 856 984 983 98.8 96.6  90.1 99.0 80.1 99.6 932 94.3
Zhong et al. (R50-C4)™ [24] 86.7 624 87.1 70.2 664 853 876 881 423 945 323 877 912 88.8 712 20.5 938 516 875 76.7 73.6
Zhong et al. (R50-C4)™ [24] | 87.5 647 874 69.7 679 863 888 881 444 938 319 891 929 86.3 71.5 227 948 565 882 763 74.4

Table 4. Single model correct localization (CorLoc) results on PASCAL VOC 2012, where T means the results with multi-scale testing, *
means joint training of WSOD models on the auxiliary dataset and weakly-annotated dataset.

Methods Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV CorLoc
OICRT [18] R - R R - R - R - R - R R - - - - - - - 62.1
PCL* [17] 772 830 62.1 550 493 830 758 377 432 816 468 429 733 903 214 567 844 550 629 825 63.2
Shen [15] - - - - - - - - - - - - - - - - - - - - 63.5
Lit [8] - - - - - - - - - - - - - - - 67.9
C-MIL* [19] - - - - - - - - - - - - - - - - - - - - 67.4
Yangeralt [21] | 824 837 724 579 529 865 782 786 40.1 864 379 679 876 905 256 539 850 719 662 847 69.5
Arun eral.[l] - - - - - - - - - - - - - - - - - - - - 69.5
WSOD2" [23] - - - - - - - - - - - - - - - - - - - - 71.9
MIST (Ful)* [12] | 91.7 856 71.7 566 556 886 773 634 536 900 516 626 793 942 327 588 905 577 709 857 70.9
Ours 919 874 819 667 585 0912 799 673 500 91.9 496 803 89.6 918 156 588 887 671 702 850 | 732
Ours™ 91.9 872 810 669 613 907 812 668 512 91.9 504 81.0 905 914 161 585 899 678 700 867 73.7
boxes as precomputed proposals for COCO-60 and use Se- C.2. Structure of LBBA

lective Search boxes as precomputed proposals for PAS-
CAL VOC. During training, both two networks are opti-
mized by stochastic gradient descent (SGD) with the batch
size of 1 and initialized learning rate of 0.001. In each stage,
LBBA is trained with 4 epochs, and the learning rate is de-
cayed by 0.1 after 3 epochs. Analogously, WSOD network
is trained within 20 epochs and learning rate is decayed by
0.1 after 10 epochs. All programs are implemented by Py-
Torch toolkit, and all experiments are conducted on a single
NVIDIA RTX 2080Ti GPU.

For the multi-label image classifier, we adopt the ADD-
GCN [22], which builds a Dynamic Graph Convolutional
Network (D-GCN) to model the relation of content-aware
category representations generated by a Semantic Atten-
tion Module(SAM). During training, the ADD-GCN is op-
timized by SGD with batch size of 16. The learning rate
is initially set to 0.05 for training 40 epoch and decayed by
0.1 to train the latter 10 epoch. The best threshold 7 is set to
-3.0. By the way, the setting of the 7 is based on the imple-
mentation of multi-label image classifier. Too high or too
low will be detrimental to the final result, and we will give
the results and analysis in the next section.

All the source code and pre-trained models will be made
publicly available.

Here we briefly introduce the structure of LBBA. In our
solution, we adopt Faster R-CNN [11] with backbone of
ResNet-50 [5] as our LBBA. And LBBA is designed to be
a class-agnostic bounding box regressor to eliminate po-
tential semantic information leak in bounding box refine-
ment. Note that the inside RPN [11] is only used during
EM-like LBBA training to improve the training stabiliza-
tion and generalization ability of LBBA, and will not be
used during the inference stage. We argue that using Faster
R-CNN as adjuster has two merits. (i) For the initializa-
tion of LBBA training, Faster R-CNN exhibits better perfor-
mance than Fast R-CNN. (ii) By combining precomputed
proposals and proposals from RPN, box regression branch
of LBBA can generalize better to various proposals, result-
ing in more precise box refinement results.

D. More Ablation Studies
D.1. Evaluating LBBA Module Separately

In our solution, LBBA module is designed to be class-
agnostic, making that the learned box regressors can be
shared among different object classes and transfered to
newly added classes. Though we have shown the positive
effect of LBBA module in terms of mAP metric, we still
evaluate it separately in a manner of proposal evaluation.



Table 5. Detailed comparison of different methods on COCO-20.

Methods mAP AP50 AP75 APS AP]\/[ APL AR100 ARS AR[W ARL
OICR 9.5 22.8 6.8 24 9.4 17.5 242 8.0 21.8 38.9
OICR+REG 10.4 23.9 8.1 3.9 9.5 17.8 22.3 7.5 19.3 35.1
Ours LBBA 13.0 27.5 11.2 4.1 12.5 21.4 25.1 8.6 233 38.4
Ours LBBA+masking 13.7 29.9 11.5 4.2 13.0 22.1 25.8 8.8 23.9 39.7
Table 6. Experimental settings on auxiliary datasets and target OICR and OICR +[12], our masking strategy improves de-

datasets.

Data Settings | Auxiliary Datasets Target Datasets
Setting 1 COCO-60 PASCAL VOC 2007
Setting 2 COCO-60 PASCAL VOC 2012
Setting 3 COCO-60 COCO-20
Setting 4 ILSVRC-Source ILSVRC-Target

Therefore we calculate mean IoU between refined propos-
als from LBBA module and GT boxes. As a comparison,
we also calculate mloU between precomputed proposals
and GT boxes as a baseline. IoU performance of LBBA
is shown as Table 7. It is clear to conclude that our LBBA
module obtains more precise box refinement ability after
EM-like LBBA training.

D.2. Performance with ideal LBBA

Our observation is that localization attribute is shared
among all kinds of objects, such that a fully supervised box
refinement network trained on an auxiliary dataset can be
utilized during transfer learning. Therefore, to verify our
observation, we build another LBBA-boosted WSOD ex-
periment. During this experiment, we replace pretrained
LBBA network by ground-truth bounding box and keep us-
ing image class labels to supervise MIL branch, because
ground-truth boxes can be seen as an ideal LBBA net-
work to supervise box regression branch of WSOD net-
work during LBBA-boosted WSOD. And then we execute
such LBBA-boosted WSOD with the same training sched-
ule. Detection performance of WSOD with ideal LBBA on
PASCAL VOC 2007 test set is shown as Table 8. Compared
to baseline OICR +[12] as well as our proposed LBBA,
LBBA-boosted WSOD with ideal LBBA ourperforms by
7.0% on mAP and 2.6% on mAP, respectively. This im-
provement verifies our observation, and also encourages us
to develop more effective adjusters.

D.3. Effect of Masking Strategy for Proposal Clas-
sification

Improving the performance of proposal classification
usually benefits to improving the overall detection perfor-
mance of WSOD. Therefore, we also explore the effect
of our masking strategy in our LBBA-boosted WSOD net-
work. To demonstrate the effect of the masking strategy, we
compared LBBA method with masking strategy with pure
LBBA. Table 12 shows the effect of the masking strategy
of proposal classification. Compared to pure LBBA with

tection performance by 1.3% and 0.7% mAP on PASCAL
VOC 2007 test set. We also explore the effect of 7 in mask-
ing strategy, experimental result is shown as Table 13, we
found that 7 = —3.0 is the best selection during our mask-
ing strategy. Above results indicate that classification pre-
dictions from multi-label image classifier are able to select
categories with high scores. By suppressing the bounding
box scores of non-appearing categories, the proportion of
false positives in the final test results is reduced, which is
beneficial to improving the overall detection performance
of WSOD.

D.4. Is One-class Adjuster Necessary?

During our experiments, to simplify overall experimen-
tal settings, we adopt conventional Faster R-CNN [1 1] with
class-agnostic box regression branch as our LBBA funda-
mental structure, and keep the original Rol classification
branch (e.g., 60 classes on COCO-60 dataset). But how
the performance of LBBA-boosted WSOD will be changed
if we use class-agnostic detector as our LBBA? To solve
this question, we train another LBBA whose box regres-
sion branch and Rol classification branch are both class-
agnostic. And then we execute EM-like LBBA training as
well as LBBA-boosted WSOD sequentially using one-class
LBBA mentioned above. Performance of LBBA-boosted
WSOD supervised by one-class LBBA on PASCAL VOC
2007 is shown as Table 9. Compared to WSOD with
our proposed standard LBBA, LBBA with one-class LBBA
achieves a slight performance improvement (56.2% mAP
vs. 55.8% mAP) on PASCAL VOC 2007 test set. How-
ever, using conventional LBBA during our experiment is
convenient and flexible because each pretrained object de-
tection network can be utilized as a pretrained LBBA di-
rectly. Based on this observation, we keep using conven-
tional Faster R-CNN [11] as our LBBA.

D.5S. How to update 60?

During our LBBA-boosted WSOD in Sec. 3, we use
{90...gr} with corresponding parameters {67 ...67 } to
supervise our WSOD network f with 6 progressively. And
to construct a simpler training pipeline, we can directly use
the last gr to supervise f with 6. Therefore we are curious
about the performance gap between updating 0 progres-
sively and updating 6 directly. Corresponding evaluation
results are shown as Table 11. The WSOD network up-



Table 7. Per-class mloU and average mloU of our LBBA with precomputed proposals. It is clear to conclude that LBBA obtains more

precise box refinement ability.

Method Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV | mloU
Precomputed Proposals | 46.1 457 453 453 446 461 457 47.1 458 456 486 462 458 46.1 455 450 450 478 469 450 459
LBBA Module 630 546 655 608 605 683 683 694 574 698 578 690 656 587 593 520 667 645 660 685 | 632

Table 8. Does ideal LBBA improve performance of WSOD?

Methods mAP (VOCO07)
baseline OICR+[12] 514
Ours LBBA 55.8
Ours LBBA (ideal) 58.4

Table 9. Does one-class LBBA improve performance of WSOD?

Methods mAP (VOCO07)
Ours LBBA 55.8
Ours LBBA (one class) 56.2

Table 10. Detailed comparison of different methods on ILSVRC13
Target

Methods AP50
OICR 20.5
OICR+REG 224
LBBA(OICR) 28.0
LBBA(OICR)+masking 30.1

Table 11. Comparison of updating pipeline of f with 6, (here
we set T=3). Evaluation result shows that updating progressively
achieves better performance while updating with last g7 achieves
a similar performance with only one training stage.

Methods Stages | mAP (VOCO07)
updating progressively 4 55.8
updating with last g 1 55.4

dated progressively achieves better performance, while the
WSOD network updated with the last g7 achieves a similar
performance (-0.4% in terms of mAP on VOC 2007 dataset)
with only one training stage. This result indicates that we
can build a lighter LBBA-boosted WSOD training pipeline
by only using the last g7 in practice, but training progres-
sively is usually stable and better.

E. Comparison with State-of-the-arts

We compare our method with several state-of-the-art
WSOD approaches in terms of detection and localization
performance on PASCAL VOC datasets. As suggested in
[2, 18, 17,21, 12, 1, 24], we report detection results on test
set and localization results on trainval set, respectively. Ta-
ble 1 and Table 2 compares the results of different state-
of-the-art WSOD approaches on PASCAL VOC 2007 and
2012 datasets. It can be seen that our LBBA improves OICR
and OICR+REG over 15.3% and 5.0% on PASCAL VOC
2007 dataset, respectively. Furthermore, our method per-
forms better than all competing methods, except Zhong et
al. [24]. Note that [24] uses a stronger backbone model
and knowledge transfer strategy by directly incorporating
source and target datasets. As shown in Fig. 1, our method
has the ability to generate precise bounding boxes. On PAS-
CAL VOC 2012, our LBBA is superior to all competing

methods and obtains more than 1% gains over all WSOD
approaches. Experimental results show that our method is
effective in improving the detection performance of WSOD.
As shown in Fig. 2, our method also has the ability to gener-
ate precise bounding boxes on PASCAL VOC 2012 dataset.

We further evaluate the localization performance of our
method. Table 3 and Table 4 lists the results of several state-
of-the-art WSOD approaches on PASCAL VOC 2007 and
2012. Our LBBA outperforms OICR by 11.7% and also
improves the baseline OICR+REG over 4.3% on PASCAL
VOC 2007 dataset. Besides, our LBBA performs better
than all competing methods. Meanwhile, on PASCAL VOC
2012, our LBBA is also superior to all competing meth-
ods and obtains 1.3% over WSOD 2[23]. In comparison
to Zhong et al. [24], our LBBA-based method employs a
weaker backbone model and avoids the direct joint use of
the source and target datasets, while still achieving compet-
itive CorLoc results under the settings of both single-scale
testing and multi-scale testing. Above results show that our
LBBA-based method is effective in improving the localiza-
tion performance of WSOD.

F. Generalization to COCO-20

We verify the generalization ability of our LBBA method
using a COCO-20 dataset. To this end, we build COCO-20
dataset by collecting the images that only contain instances
belonging to the remain 20 classes from frain and val sets
of COCO 2017 [10], and use them as the corresponding
train and val sets. Comparing with PASCAL VOC, COCO-
20 is more challenging due to more instances and complex
layouts. Here we adopt OICR+REG as WSOD network f,
and compare with OICR and OICR+REG as baseline meth-
ods. We train all models using exactly the same settings in
sec. C, and the results are listed in Table 5. Note that our
LBBA method with masking strategy outperforms OICR
and OICR+REG by 3.5% (4.7%) and 2.6% (3.6%) in terms
of mAP and AP50, clearly demonstrating the generalization
ability of our LBBA method. After adding masking strat-
egy, our LBBA method outperforms OICR and OICR+REG
by 4.2% (7.1%) and 3.3% (6.0%) in terms of mAP and
AP50, which demonstrates the effectiveness of our mask-
ing strategy.

G. Generalization to ILSVRC-Target

To illustrate that our method can be generalized to more
categories, we build the ILSVRC-Target dataset following
Appendix B.5 and conduct experiments on it. The base-



Table 12. Effect of Masking Strategy, where +masking means our
LBBA with masking strategy.

Methods mAP (VOCO07)
LBBA(OICR) 55.1
LBBA(OICR)+masking 56.4
LBBA(OICR+[12]) 55.8
LBBA(OICR+[ | 2])+masking 56.5

Table 13. Varying 7 for Multi-Label Image Classifier. We evalu-
ated 7 on LBBA-Boosted WSOD with OICR head.

T mAP (VOCO07)
+0.5 554
-0.5 55.7
-1.5 56.1
-3.0 56.4
-6.0 56.3
-10.0 56.1
-12.0 55.8
-20.0 553

line models setting is same as Appendix F and results are
listed in Table 10. Note that our LBBA method outper-
forms OICR and OICR+REG by 7.5% and 5.6% in terms
of AP50, which proves that our method can withstand the
test of scenes containing more categories of objects. Fur-
thermore, with the enhancement of masking strategy, the
performance of WSOD network further outperforms pure
LBBA-boosted WSOD by 2.1% in terms of AP50, which
shows that masking strategy is able to improve quality of
proposal classification and can be generalized to more cate-
gories simultaneously.

H. Discussion

In this section, we will discuss our proposed LBBA as
well as some modern weakly supervised object detection
algorithms in different aspects.

H.1. Discussion of our LBBA

Here we discuss several potential merits of the prob-
lem setting and our proposed method. In LBBA-boosted
WSOD, the auxiliary well-annotated dataset is not needed
and only a smaller amount (e.g., 3) of LBBAs are re-
quired. Thus, our problem setting allows deploying LBBAs
to versatile weakly annotated datasets for boosting detection
performance while avoiding the leakage of well-annotated
dataset. In terms of memory consumption, LBBAs are
much more economical than the storage of well-annotated
dataset.

For the sake of generalization ability, we adopt class-
agnostic LBBAs. In comparison to the universal bound-
ing box regressor [7], stage-wise LBBAs are specifically
learned to adjust the region proposals generated by WSOD
towards the ground-truth bounding boxes, and thus are more
effective. To show the generalization ability, the LBBAs
learned from well-annotated dataset can be readily deployed
to the weakly-annotated dataset with non-overlapped ob-

Table 14. Some analysis of Zhong et al. in iteration 0. We keep
auxiliary dataset and weakly annotated dataset isolated to evaluate
performance of Zhong ef al. fairly.

Methods mAP (VOCO07)
Zhong et al. [24] iter 0 54.4
Zhong et al. [24] w/o Test-Time Aug iter 0 41.8
Zhong et al. [24] w/ COCO-60-full iter O ~45

ject classes. Nonetheless, LBBAs also work well when the
weakly-annotated dataset has the overlapped object classes.

Furthermore, the two subtasks, i.e., learning bounding
box adjusters and LBBA-boosted WSOD, can be respec-
tively regarded as a kind of knowledge extraction and trans-
fer. With learning bounding box adjusters, we extract the
knowledge from the auxiliary well-annotated dataset. Con-
sequently, the extracted knowledge, i.e., LBBAs, will be
transferred to the WSOD models for improving detection
performance. In comparison to directly incorporating aux-
iliary dataset with weakly-annotated dataset, we argue that
the separation of knowledge extraction and transfer is prac-
tically more natural, convenient, and acceptable.

H.2. Discussion of ResNet-WS

Shen et al. [14] proposed a novel residual network back-
bone architecture, which combines the advantage of resid-
ual blocks for feature extraction as well as redundant adap-
tation neck like fc6-fc7 of VGG, and leads to better detec-
tion performance of the residual network with the weakly
supervised setting.

Due to hardware limitations, we did not employ ResNet-
WS backbone in our experiments. However, such improve-
ments mainly focus on the backbone of WSOD networks
and are able to easily plug into our framework to improve
the overall performance of our proposed method. We be-
lieve that such method is compatible with ours.

H.3. Discussion of CASD

Recently we noticed that Huang er al. [0] proposed a
novel Comprehensive Attention Self-Distillation approach
to further improve performance of weakly supervised ob-
ject detection. This approach obtains higher detection per-
formance than ours and lower localization performance than
ours. Similarly, as mentioned in the ablation study, our ap-
proach is compatible with various WSOD heads. Naturally,
CASD is also compatible. We also believe that the detection
performance of WSOD can be better when we apply CASD
to our proposed method.

H.4. Discussion of Zhong et al.

Zhong et al. proposed a novel transfer learning based
weakly supervised object detection framework, which uti-
lizes a progressive knowledge distillation training proce-
dure and builds up a universal object proposal generator as
well as the corresponding WSOD network.



This method achieves the state-of-the-art detection per-
formance on PASCAL VOC dataset. However, ththisese
method exists some difference with our proposed method,
which can be listed as follows. First, the Method of Zhong
et al. proposed a kind of proposal generator while our pro-
posed method is a kind of box refinement network. Sec-
ond, during EM-like Multi-stage LBBA training as well
as LBBA-boosted WSOD, we keep auxiliary dataset and
weakly annotated dataset isolated to avoid information leak-
age of weakly annotated dataset. Finally, after LBBA-
boosted WSOD, our WSOD network can generate object
detection results individually without help from LBBA.

Besides, the approach of Zhong er al. also suffers from
three fundamental limitations during applications. First,
when training OCUD in iteration 1 or 2, ground-truth data
from auxiliary dataset and pseudo labels from weakly an-
notated detection dataset are mixed and fed into the OCUD
network jointly. As we discussed in Section H.1, this mix-
ture might introduce information leakage of weakly anno-
tated dataset and longer training time in practice.

Second, to improve detection performance during evalu-
ation, predictions from the MIL network of Zhong et al. are
augmented by adding corresponding objectness scores from
OCUD. When removing Test-Time-Augmentation (same
with using MIL network individually), the performance of
Zhong et al. drops to 41.8% mAP.

Finally, Zhong et al. [24] trains the OCUD on COCO-
60-clean dataset which is mentioned in Sec. B.4, and this
dataset is easier to learn. Different from [24], we optimize
our LBBAs on COCO-60 dataset. For a fair comparison, we
evaluate both two methods with the same COCO-60 dataset
(containing 98K images) as the auxiliary dataset. When
training on our COCO-60 dataset (only removing annota-
tions of VOC classes in COCO dataset) in iteration 0, per-
formance of Zhong et al. drops to ~ 45% mAP on PASCAL
VOC 2007 test set (shown in Table 14). A possible reason
is that the regions with the annotation removed are treated
as background in OCUD, which will reduce the recall rate
for COCO-60-full. Compared to Zhong et al., our LBBA-
boosted WSOD is much more stable with data with noise
(see Table 1 for quantitative results).

In conclusion, our method is different from Zhong et al.,
but can be compatible with each other. We believe that the
detection performance of WSOD can be better when we ap-
ply the method of Zhong et al. into our proposed method.
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