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In this supplementary material, we provide further results, both quantitative

and qualitative, in the following order.

— Section [A] reports per-class Average Precision and Correct Localization re-

sults on PASCAL VOC datasets.

— Section [B| compares different proposal generation methods.
— Section [C] demonstrates the robustness of proposed method using similarity

threshold guided by WSCL.

— Section [D] provides overall pipeline of Object Discovery.
— Section [E] provides additional qualitative results on PASCAL VOC and MS-

COCO datasets.

A Detailed Performance on PASCAL VOC

In Tables [d and [f] we provide additional performance of per-class average preci-
sion (AP) using Selective Search (SS) [13] with VGG16 on VOC07 and VOC12 [4].
Our method achieves the second-highest performance on VOCO07 and the highest
performance on VOC12. The proposed method successfully addresses the issue
of missing objects with high performance for the classes with a large number of
objects per image, such as cow, person and sheep in Fig. [7]
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Fig. 7: Analysis of a number of objects per image on PASCAL VOC datasets.
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In Tables [6] and [7}, we report the results of per-class Correct Localization
(CorLoc) scores using SS with VGG16 on VOCO07 and VOC12. CorLoc is an
additional evaluation metric commonly reported in WSOD literature to mea-
sure localization accuracy, equivalent to precision (= postii‘ilfesﬁ;:;eiosimes).
More specifically, it measures the percentage of correct localization predictions
where a prediction is treated as “correct” if the IoU between the prediction and
corresponding ground truth is greater than or equal to 0.5. Our method achieves
the third-best result in CorLoc on both VOC07 and VOC12. Our slightly worse
performance in CorLoc than in mAP is because, as a multiple instance label-
ing method, our approach captures more proposals than argmax-based methods:
this significantly increases recall, but may slightly decrease precision (the only
thing measured by CorLoc).

Table 4: Per-class AP results on VOCO07

Mothod | Acro Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV |mAP
WSDDNE] | 394 50.1 315 163 126 645 42.8 426 10. 357 249 382 344 566 94 147 302 407 547 469 | 348
OICRE 58.0 624 31.1 194 13.0 651 622 284 248 447 30.6 37.8 65.5 15.7 24.1  41.7 469 64.3 62.6 | 41.2
C—\VSL 62.9 648 39.8 28.1 164 69.5 68.2 47.0 27.9 55.8 43.7 43.8 65.0 10.9 26.1  52.7 60.2  66.6 | 46.8
WSRPN[IZ]| 60.3 662 45.0 19.6 266 68.1 684 494 80 56.9 55.0 625 682 20.6 29.0 49.0 541 588 584|479
C-MIL[[4) | 62.5 584 49.5 321 198 705 661 634 200 60.5 52.9 574 689 84 518 587 66.7 63.5 | 50.5
C—MIDN@ 53.3 715 49.8 26.1 203 703 69.9 68.3 287 653 45.1 58.0 71.2 20.0 54.9 549 694 63.5 )
\\'SODQE 65.1 64.8 57.2 39.2 243 69.8 66.2 61.0 29.8 64.6 425 71.2  70.7 21.9 58.6 59.7 522 64.8
OIM[I0) |55.6 67.0 458 27.9 211 69.0 683 705 213 60.2 403 565 700 125 52.9 552 65.0 63.7
SLVE 65.6 714 49.0 37.1 246 69.6 70.3 70.6 308 631 36.0 65.3 68.4 12.4 52.4 60.0 67.6 6
MISTE 68.8 T77.7 57.0 27.7 28.9 69.1 745 67.0 32.1 73.2 481 54.4 3.7 35.0 293 64.1 538 65.3
caspfg) | - - - - - - - - - - - - - - -

Ours | 65.8 79.5 58.1 23.7 286 71.2 75.0 71.7 317 G698 452 557 572 75.7 206 243 610 553 7L.7 72.0

Table 5: Per-class AP results on VOC12

Method [ Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor DPerson Plant Sheep Sofa Tram TV |mAP
OICRE 67.7 61.2 41.5 256 222 546 49.7 254 199 470 181 26.0 389 67.7 2.0 226 41.1 343 379
C-\\'SLE 740 67.3 456 29.2 268 625 54.8 21.5 226 50.6 247 256 574 71.0 2.4 22.8 445 442 452
WSRPN[Z]| - - - - - - - - - - - - - - - - - -
oML | - - - - - - - - - - - -
C-MUJN@ 72,9 689 539 253 29.7 609 56.0 78.3 23.0 578 25.7 73.0 63.5 T73.7 13.1 28.7 51.5 350 56.1
wsop2[is) | - - - - - - - - - - - - - - - -
oM | - - - - - - - - - - - - - - - - - -
SLV[3] - - - - - - - - - - - - - - - -
MIST[] |78.3 73.9 565 304 374 642 59.3 60.3 26.6 66.8 250 550 618 79.3 145 303 615 40.7 564
caspfg | - - - - - - - - - - - - - - - - - -
Ours 73.8 74.7 61.3 32.9 40.0 64.6 59.8 68.1 26.3 67.5 23.0 67.1 628 80.6 17.3 34.1 63.4 44.4 66.2

Table 6: Per-class CorLoc results on VOCO07

Method | Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV | CorLoc
WSDDN2J [ 65.1 588 585 33.1 308 683 602 59.6 348 645 305 43.0 56.8 824 25.5 416 615 55.9 659 63.7 53.5

OICRE 81.7 804 48.7 49.5 81.7 854 40.1 40.6 79.5 357 33.7 60.5 888 21.8 579 763 59.9 753 814 60.6

C—VVSL 85.8 81.2 64.9 50.5 84.3 859 54.7 434 80.1 422 426 605 90.4 13.7 575 82.5 61.8 741 824 63.5
\VSRPN 775 81.2 553 19.7 443 80.2 86.6 69.5 10.1 87.7 68.4 52.1 844 916 57.4 63.4 773 581 570 53.8 63.8

oM@ | - - - - - - - - - R - - - - - .- - | 650
C-MIDN[) | - - - - - - - - - - - - - - - - - | 687
WSOD2[[5] | 87.1 80.0 74.8 60.1 366 792 838 70.6 435 88.4 460 747 874 908 442 524 8L4 618 67.7 T79.9| 69.5
OIM[T0] - - - - - - - - - - - - - - - - - - - - 67.2

SIV[E] | 846 843 733 585 49.2 802 87.0 794 468 836 41.8 79.3 88.8 904 195 597 794 67.7 82.9 83.2| 71.0
MIST[Q] |87.5 824 76.0 580 44.7 82.2 87.5 712 49.1 815 517 533 714 92.8 382 528 794 610 783 T76.0| 688
cAaspfl | - - - - - - - - - - - - - - - - - - - | 704
Ours 86.3 87.8 74.5 47.3 439 85.8 84.6 78.2 49.1 836 494 61.6 745 92.4 42.2 46.9 80.4 62.1 82.9 828 69.8

Table 7: Per-class CorLoc results on VOC12

Method [Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Traim TV | CorLoc
OICRI | - - - - E - E E E E E E E B B E E T 621
C-WSL] | 90.9 811 649 57.6 50.6 84.9 781 20.8 49.7 839 50.9 426 786 87.6 104 581 854 61.0 647 86.6| 64.9
WSRPN[IZ]| 85.5 60.8 62.5 36.6 538 821 80.1 482 149 87.7 68.5 60.7 85.7 89.2 62.9 62.1 87.1 540 451 70.6| 64.9

oML | - - - - - IR - B . , e
C-MIDN[J | - - - - - S B B . , N
wsop2[i3)| - - - - - S B B . , e
OIM[I0) - - - - - - - - - - - - - - - - - - - - | 671
SLV[3] - - - - .- - - - - - - - - - - - - 69.2
MIST[)] |91.7 85.6 717 566 556 886 77.3 63.4 53.6 90.0 516 62.6 793 94.2 327 588 905 57.7 70.9 85.7| 70.9

5
CASD[] | - - - - - - - - - - - - - - - - | 723
Ours__| 88.2_88.3 75.0 50.7 58.0 89.3 732 578 534 880 487 67.5_783 010 318 G616 9017 504 70.0 8id| 712
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B Comparison of Proposal Generation Method

Current WSOD models rely on pre-computed proposal methods such as Selec-
tive Search (SS) [13] and Edge Boxes (EB) [16]. Although the choice of proposal
generation methods has a significant impact on localization performance, most
previous studies still exploit SS for PASCAL VOC and MCG for MS-COCO
datasets. To better understand the effect of using different proposal methods,
we compare our algorithm’s performance to that of several state-of-the-art al-
gorithms with different proposal methods (SS [13], MCG [1], and COB [§]) on
VOCO07 (Table [§) and MS-COCO (Table [9) datasets. Note that COB gener-
ally captures the groundtruths the best among the three proposal generation
methods whereas SS performs the worst.

In general, the better the proposals are, the higher the performance of detec-
tion is regardless of model. In Table [8] Ours performs the best with COB and
then with MCG (COB: 61.8%, MCG: 58.7%, and SS: 56.1%), which is the same
for CASD and MIST. Similarly, COB outperforms MCG with a large margin as
observed on MS-COCO datasets as shown in Table [J} We chose to report only
the performance of SS and MCG in the main paper because additional boundary
information is required to train COB, which violates the definition of image-level
supervision. Based on this experiment, we believe MCG should be the default
proposal generation method for both PASCAL VOC and MS-COCO datasets
unlike the previous convention in WSOD.

Table 8: Per-class AP results with different proposal generation methods on VOCO07

Method | Proposal | Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV | mAP

MISTRJ | SS | 688 77.7 57.0 207 289 601 745 670 321 732 481 452 544 737 350 293 641 538 653 652 ] 54.9
CASD[T]|  sS - - - - - - - - - - - - - - - - - - - | 568
Ours SS | 658 79.5 581 237 286 712 750 7L7 B3L7 69.8 452 557 572 757 206 243 6L0 553 TLT 720 561
MISTRJ | MCG | 65.7 789 565 251 313 745 768 675 161 687 503 360 734 76,7 3L7 307 616 645 749 700 | 56.5
CASD[T]| MCG |651 705 55.6 428 313 724 717 755 160 641 60.2 684 715 70.7 306 275 583 539 63.6 69.2| 574
Ows | MCCG |69.2 81.5 564 285 305 77.6 79.1 716 130 70.8 488 569 749 78.4 349 276 614 65.4 744 73.4 58.
MISTR] | COB | 65.1 748 575 340 450 77.8 80.6 56.1 7

CASD[7] COB 69.1 71.1 63.2 48.5 40.0 764 742 77.1 17.6 674 59.9 76.1 744 704 20.8 302 594 583 67.2 681
Ours COB 68.6 784 62.2 366 49.8 79.2 80.9 77.0 29.4 710 381 62.7 80.6 78.0 40.8 31.6 61.7 628 75.7 69.8

5
5
20,5 71.2 50.0 51.9 58.0 782 27.2  32.6 62.2 634 729 69.8| 57.
54
6

Table 9: Performance with different proposal generation methods on MS-COCO
Dataset | Backbone | Method [Proposal | AP [ AP AP [AP° AP™ AP'[AR' AR™ AR™ [ AR’ AR™ AR

MIST [0 | MCG | 11.4] 243 94 | 36 122 176135 226 239 | 85 254 383
CASD [7]| MCG | 128 264 - ,

VGG16 Ours MCG | 137|277 119 | 44 145 212|147 248 269 | 88 27.8 440

Ours COB |15.1|29.3 13.8 | 4.5 159 23.4|16.0 265 28.2 | 8.9 29.5 46.5

MIST [9 | MCG | 12.6 | 26.1 108 | 37 13.3 199 | 148 237 247 | 84 251 4I8

COCO14| b oiso | CASD | MCG | 139 278 - - - - - - - - - -
et Ours MCG | 139|201 118 | 49 168 223|155 261 280 | 90 318 46.6

Ours COB |15.4|30.4 14.0 | 48 18.0 24.6|16.9 29.2 31.4 | 9.4 35.1 53.1

MIST [9] MCG 13.0 | 26.1 108 | 3.7 13.3 199 | 148 23.7 247 84 251 418
ResNet101 Ours MCG 1441 290 124 | 48 173 238|158 27.0 30.0 9.2 336 510

Ours COB 16.2 | 31.6 14.8 | 5.0 18.7 26.4|17.5 29.6 31.9 |10.0 35.4 53.5
MIST [9] MCG 124 | 258 105 | 3.9 138 19.9 | 143 233 246 9.7 266 39.6
VGG16 Ours MCG 13.6 | 274 122 | 49 155 21.6 | 146 248 26.8 9.2 28.7 438

Ours COB 15.6| 29.9 14.3 | 5.1 17.2 25.1|16.4 27.1 28.7 | 9.8 30.5 47.8
COCO17 ResNet50 Ours MCG 138 | 278 121 | 5.7 17.7 238|151 266 29.7 | 10.1 33.7 50.7
Ours COB 16.0 | 30.5 14.9 | 54 19.0 27.2|17.0 29.1 31.4 |10.4 35.2 53.3
Ours MCG 144 28,7 126 | 54 179 255 | 154 268 29.6 | 10.0 33.3 50.6
ResNet101

Ours COB 16.5| 31.6 15.2 | 5.7 19.6 28.2|17.4 29.7 31.9 |11.3 35.5 54.2
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C Different Criterion for Object Discovery

In Section 4.3, we claimed that the similarity of two proposals in the embedding
space can be large even though they are not similar in classification score. To
justify the necessity of using additional similarity scores for the object discovery
module, Table [10] compares object discovery based on classification score, with
various threshold values, to similarity score. Recall that the “adaptive” threshold
we used for similarity score is determined by the average value of similarity be-
tween the argmax and its augmented samples: 77 =157 5 I lel‘ sim(z" 2o Se.i)-
For object discovery based on classification score, we not only try fixed thresh—
olds but also adaptive threshold defined as 7% = = S’ i Zl‘gfl §'.; where &’ is
the collection of classification scores that are calculated using the augmented
features (same features for S).

In Table the performance of the object discovery based on classification
score is significantly worse than similarity score. Moreover, the best-performing
threshold 7% = 0.4 (57.4%) is dramatically better than a similar threshold value

¥ = 0.2. Thus, unlike similarity score (as shown in Section 5.3), performance
is also very sensitive to the choice of threshold. Note that we train the model
with the same hyperparameters (7,5 = 0.1, A = 0.03) for fair comparison.

Table 10: The results of different criteria for object discovery

Criterion | Threshold (7;*)] mAP

0.2 50.3

0.3 56.2

0.4 57.4

. . 0.5 56.2
Classification Score 0.6 56.1
0.7 55.6

0.8 54.4

Adaptive 53.2

Similarity Score Adaptive 58.7

bird: 0.99

bird: 03359 0.08

Fig.8: Comparison of pseudo groundtruths generated by classification score vs.
similarity score. The left and right images of each pair correspond to pseudo
groundtruths based on classification and similarity scores, respectively.
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D Pseudo Code: Sampling and Object Discovery

Along with Fig.2 in the main paper, we provide the detailed procedure of sam-
pling steps and object discovery. The main purpose of object discovery is to
obtain more pseudo groundtruths in addition to the top-scoring proposals.

Algorithm 1 Sampling steps and object discovery

Network: Rol feature extractor 7(-), similarity head ¢(-)
Input: Proposal Scores: xz’fﬁ” Embedding Vectors: z;,,,
Proposals: R™, Image Labels: Y™, Proposal Labels: YC”,T'f
Output: Updated S., Yc”,,'f
0 S. — @,yﬁ;’ﬁb = O7y$i1),m =1
: forn =1to Ndo
for k =0 to K-1 do
if y2==1 then
m>F = argmax,, xz;(f*l)
if IOU(Tm7TT,n2,k) > Trou,Vm € M"™ then
MPF m
250 = {e(fm) | m e Uiy M2y
D:D;; ~U(0,1) € RF*W
0 ifD< Tdrop

1 otherwise

H
@

Ddrop -

11: - 20e = {em(fin © Darep)) | m € Up—gt M2F}

12: Dnoise : Di,j ~ N(O, 1) S ]RHXW

130 2105 = {eM(fm + fin © Dnoise)) | m € Up—g! MF}
145 8. = Us_y (2755 U0, U Z0.)

15: for n = 1 to N do

16: for k = 0 to K-1 do

17: if y'==1 then

18: ﬁz?’k = argmax,, 3327,7(,?—1)

19: 7' = Avg(sim(2] .k, Se))

20: if sim(z;n,k,z;ﬁ) C> To,Ym € M™ then
21 Se 2

22: if ToU(rm, 7 n) > 0.5,¥m € M™ then

23: Yok =1
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E More Qualitative Results

In Fig. [9] we provide more qualitative results for the three challenges of WSOD
on VOCO07. Columns on the left and right of each pair correspond to qualitative
results from OICR [I1I] and our model, respectively.

In Fig. we compare prediction results of OICR [I1] on the left and Ours
on the right. Our model shows much better results for COCO, which contains
more instances per image. Although the issue of grouped instances is observed
in some cases, our model correctly captures multiple objects and classifies them
correctly, despite extremely complex backgrounds.

Fig. shows failure cases of the proposed method. Our model misclassfies
background objects that looks like a target class, for example human-like statues
or dolls. In addition, the predicted boxes are separated in some cases, even though
the object its full extent is captured.

norse:

‘‘‘‘‘

A

Missing objects

Rasid (i MG

(a) (c)

Fig.9: More qualitative results for the three challenges of WSOD on VOCO07.

Part domination

(b) Group instances
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Kite: 0.53
Lite: 057 kite: 0.7

kite: 0,55

lephant;
elephont: 0.53

Fig. 10: Qualitative results on COCO14.
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Fig. 11: Failure cases of the proposed method.
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