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1. Details of WSOD Models

Our object proposal generation strategy can be applied
to different WSOD methods to boost their detection per-
formance. In the main paper, we show two representative
WSOD models — the widely-used OICR [19] and the state-
of-the-art CASD [9]. Here, we highlight the main model-
ing elements of OICR and CASD. Additional details can be
found in [19, 9].

As mentioned in Sec. 3.4 of the main paper, we obtain
d-dimensional object proposal feature vectors V; € RZ*M:
for each input image X;, where M; is the number of the
proposal bounding boxes associated with X;. These ob-
ject features are fed into the detection head of OICR [19]
or CASD [9] to classify and localize objects. Both models
contain a core multiple instance detection network (MIL)
and P instance refinement classifiers.

1.1. Core MIL Head

As shown in Fig. 1, the core multiple instance detection
network conducts the image-level multiple instance clas-

sification supervised by image-level labels Y{*). In the
core multiple instance detection network, the object pro-
posal feature vectors V; of image X; are branched into
two parallel classification and detection streams to gener-
ate two matrices x(°'®) and x(d°) ¢ RE*M: by two FC
layers, where C' is number of classes in 7. Then, x(cls)
passes through a softmax layer along the category direction
(column-wise), while x(4¢) passes through another soft-
max layer along the proposal direction (row-wise), leading
to o(x(?®)) and o (x(4°Y)), respectively. The instance-level
classification score for the object proposals is computed as
the element-wise product x(©) = ¢(x(°1%)) ® o(x(det)). Fi-
nally, the image-level classification score for class c is ob-
tained as p, = Zf\i"l x£02 We train the core instance clas-
sifier using a multi-class cross-entropy loss L1c. By using
the instance-level classification scores x(9), we select pro-
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posals as detected objects. However, the core MIL head
focuses on most discriminative object instances.

1.2. OICR

To address this issue, OICR [19] introduces multi-stage
instance refinement classifiers to refine the core instance
classifier. As shown in Fig. 1, V, is fed into P refine-
ment instance classifiers. Each p-th refinement classifier
comprises of an FC and a softmax layers along the cate-
gory direction, and produces a proposal score matrix x(?) €
R(CHDXM: - where the (C' + 1)-th category is the back-
ground class. We train the p-th refinement instance classi-
fier via a log loss L7 . supervised by instance-level pseudo-
labels, which are selected from the top-scoring proposals in
the previous stage.

The loss for training the OICR network Lo;, is defined

as
P

Loicr = Lante + Xa D LD, M
p=1

where )\ is the trade-off hyperparameter.
1.3. CASD

To further improve OICR, CASD [9] employs an
attention-based feature learning method for WSOD model
training. In addition to the Ly;., loss, CASD includes a pro-
posal bounding box smooth £, regression loss L, for p-th
refinement instance classifier by following [23, 14].

To encourage consistent representation learning of the
same image under different transformations (horizontal flip-
ping and scaling), we consider the Input-wise CASD fol-

lowing [9]. For each image X,, we construct a set of
images X7 = {X{*1 x{MPtD) 1 xlen) x (fip(sm)y
where ngz) is its scaled image at si scale,
is the horizontally flipped image of the scaled image,
and n is the number of scales. Then, by feeding the
set of images X! into the same feature extractor F Fj

Xgﬂip(si))
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Figure 1: The architecture of our main weakly-supervised object detection stage.

in the WSOD model, we obtain a set of image feature
maps Fir = {F{*V) et plen) ety go
each object proposal r, we compute the proposal fea-
ture vectors cropped from F!", and use all proposal fea-
ture vectors to obtain a set of object proposal attention
maps Af«T _ {ASASI), A.S«ﬂip(S]-)), . ,Agsn)’ Agﬂﬂip(sn))} by
channel-wise average pooling and element-wise sigmoid
function. We use the aggregated attention maps AW =
maz(AL"), where max(-) is the element-wise max opera-
tor, to update the feature extractor F'E5 in the p-th refine-
ment step. During training, we add the L’fw loss, which is
an L5 loss between AZ" and each object proposal attention
map in A"

To encourage balanced representation learning of the
same image produced at different feature extractor layers,
we consider the Layer-wise CASD following [9]. The
feature extractor F'E5 consists of ) number of convolu-
tional blocks FE5; = {Bi,...,Bg}. The original im-
age X, is fed into each of them to output a set of feature
map FZ = {FP' ... ,FfQ}. For each object proposal
r, we compute the proposal feature vector in each block
and use all the feature vectors to obtain a set of object pro-
posal attention maps A = {ABr . AR }. Similarly to
Input-wise CASD, we obtain the aggregated attention maps
AW = maz(AY). To update the feature extractor F' Es in
the p-th refinement step, we add the L7, loss, which is an
L5 loss between AZW and each object proposal attention
map in A%,

The loss for training the CASD network L,sq is defined

as

P
»Ccasd - »lec + Z()\d‘cfef + )‘g‘cfeg + )\Z‘C%)W + )\Z‘Ci\)\/)’

p=1
2
where A4, Ag, and \; are the trade-off hyperparameters. For
additional details please refer to [19, 9].

2. Benchmarks

We evaluate our method on five dual-domain im-
age benchmark pairs: SyntheticPizzal0 [12] — Re-
alPizzalO [12], ClipartlK [10] — VOC2007 [4], Wa-
tercolor2K [10] — VOC2007-sub, Comic2K [10] —
VOC2007-sub, and ClipartlK — MS-COCO-sub [11]
datasets. Each synthetic pizza contains up to 10 toppings.
The total 16,340 SyntheticPizzalO images are split into
14,802 training and 1,538 testing. RealPizzalO is split
into 5,029 training and 552 testing images. Both Cli-
part1K and VOC2007 contain 20 object classes. Both Wa-
tercolor2K and Comic2K contain 6 classes: bike, bird,
car, cat, dog, and person, the subset of classes in the
VOC2007. The Watercolor2K and Comic2K domains are
split into two subsets: 1,000 training and 1,000 testing im-
ages. The VOC2007-sub dataset includes 3,487 training
and 3,457 testing images. The MS-COCO-sub domain in-
cludes 95,279 training images and 4,031 testing images.
Challenge of SyntheticPizzal0) — RealPizzal0 bench-
mark. One of our contributions is that we construct the
dual-domain benchmark SyntheticPizzal0 — RealPizzalO
for WSOD. Compared with existing WSOD benchmarks



(VOC2007 and MS-COCO), RealPizzal0 is more challeng-
ing for the following reasons. First, there are more objects
per image. On RealPizzal0 each image contains 20 objects
on average, while on VOC2007 there are 2 objects per im-
age on average. Second, there is strong variation in appear-
ance. For example, the toppings in Pizza images exhibit
complex changes in appearance. Third, there are layered
object occlusions due to the topping objects. Such diffi-
culty is further reflected in the low detection performance
of baselines on RealPizzalO (e.g., Faster R-CNN achieves
only 4.3% mAP on RealPizzal0O, while 22.8% mAP on
VOC2007 and 13.9% mAP on MS-COCO-sub, as shown
in Tables 1 and 2 in the main paper). We hope Pizzal0 can
serve as a new WSOD benchmark.

3. Additional Implementation Details

Implementation Details. All models and experiments
were implemented in Pytorch. The VGG16 [17] and
ResNet-50 [6] models pre-trained on ImageNet [16] were
used as FSOD feature extractor and WSOD feature extrac-
tor. VGG16 was used as Faster R-CNN feature extractor
and ResNet-50 was used as Sparse DETR feature extractor.
Because VOC2007 and MS-COCO lack clean background,
we run experiments on ClipartlK — VOC2007, Water-
color2K — VOC2007-sub, Comic2K — VOC2007-sub,
and ClipartlK — MS-COCO-sub without the 3rd adapta-
tion step FSOD-3 on augmented intermediate domain G- in
our warm-up stage. In the main stage, the maximum num-
ber of training iteration was set to be 100K for all target
domains.

Copy-Paste Augmentation. As stated in Sec. 3.3 of the
main paper, we employ an object-aware data augmenta-
tion method based on copy-paste [22] to map images X,
to Xg,. For each image X, , we randomly copy several
foreground object instances from Gy, with resizing and flip-
ping transformations, and paste them onto the real-world
target background images from 7 to generate X ,. The
flipping transformation includes horizontal and vertical flip-
ping transformations. The resize ratio is a random value be-
tween 0.8 to 1.2. The PL step can be in principle performed
for K times to generate instance-level pseudo-annotations.
In our experiments, we found that running the PL step twice
has achieved satisfactory performance. After the second PL
step, we apply the copy-paste augmentation with resizing
and flipping transformations for the pseudo-labeled target
images. According to the statistic information of Clipartlk
— VOC2007 reported in Table 1, for each class, there is a
maximum of two objects in an image. Therefore, we copy
each pseduo-labeled object and randomly paste it O or 1
time onto the original image. On SyntheticPizzal0 — Re-
alPizzal0, according to the statistic information reported in
Table 2, we copy each pseduo-labeled object and randomly

paste it maximum 20 times onto the original image. All the
pasted objects and original objects have no overlapping.

CycleGAN. We trained CycleGAN [24] with the learning
rate of 1.0 x 107> for the first ten epochs and a linear de-
caying rate to zero over the next ten epochs following [10]
to generate intermediate images. We followed the original
paper [24] for remaining hyperparameters.

Faster R-CNN. We trained Faster R-CNN [13] on images
of a single scale. The short edge of input images was re-
scaled to 600, and the longest image edge was capped to
1000. We employed a learning rate, which is the same as
the final learning rate for the previous step, to progressively
fine-tune Faster R-CNN on (1) a transfer-labeled intermedi-
ate domain Gy, (2) augmented transfer-labeled intermediate
domain G, and then on (3) the pseudo-labeled target domain
T and (4) augmented pseudo-labeled target domain 7.

Sparse DETR. The number of object queries is 300 and
we only use 10% of the encoder tokens on all benchmarks.
We followed the original paper [15] for the other hyper-
parameters. Each adaptation step was conducted with the
learning rate equal to the final learning rate of the prior step.

OICR and CASD. We followed the original papers [19,
] for the hyperparameters.

Object Proposals. The number of instances for each
class in SyntheticPizzal0 — RealPizzal0 and Clipart1K —
VOC2007 is unbalanced and the statistics information is re-
ported in Table 1 and Table 2, respectively. The statistics
information of object proposals mentioned in the main pa-
per is shown in Table 3.

Cost of Training and Computing Resources. We train
D2F2WOD based on Faster R-CNN on a Tesla K80 GPU.
As shown in Table 4, we have the following observations.
(1) The warm-up stage takes much less time than the main
stage, indicating our domain adaptation to be lightweight.
(2) Standard CycleGAN training brings in the most addi-
tional computation overhead.

4. Additional Main Results

In Sec. 4.1 of the main paper we show the main re-
sults based on mAP values. Here, we list the whole mAP
with per class AP values. Table 5a and Table 5b sum-
marize the detection results on ClipartlK — VOC2007
and SyntheticPizzal0 — RealPizzal0O based on Faster R-
CNN FSOD backbone, respectively. D2F2WOD incorpo-
rated with OICR is denoted as D2F 2WOD,jc;, with CASD is



Table 1: Statistics of Clipartlk — VOC2007 (train+test): number of images (#img), number of instances (#ins), and relative size of
human-labeled object instances on average (%size).

Clipart vVOC Clipart VOC
Name Name
#img  #ins  Ysize  Himg  #ins  Tosize #img  #ins  Ysize  #img  #ins  %size

Aero 41 73 14.7 442 591 26.3 Table 106 115 19.7 390 421 333
Bike 27 36 20.1 482 690 22.0 Dog 51 54 9.2 839 999 34.1
Bird 135 265 9.4 612 945 20.2 Horse 46 79 17.4 561 710 30.2
Boat 88 129 12.1 353 553 17.2 Mbike 16 17 51.2 467 664 28.3
Bottle 60 121 3.5 456 974 5.8 Person 521 1185 14.5 4015 9218 16.5
Bus 20 21 31.7 360 442 28.9 Plant 100 178 5.6 469 994 11.6
Car 103 202 11.0 1434 2451 19.8 Sheep 27 76 8.1 193 499 13.0
Cat 43 50 8.4 659 734 41.9 Sofa 42 52 19.1 452 487 35.6
Chair 181 340 8.6 862 1554 12.2 Train 45 46 40.3 520 579 36.9
Cow 30 46 19.1 268 503 18.4 Tv 65 80 8.4 485 632 12.8
Total 1000 3165 12.9 9963 24640 199

Table 2: Statistics of SyntheticPizzal0 (train+test) — RealPizzalO (only test set is annotated, so here we report test statistic): number of
images (#img), number of instances (#ins), and relative size of human-labeled object instances on average (%size).

Dataset

Pepperoni  Mushroom  Pepper  Olive Basil  Bacon  Broccoli Pineapple Tomato  Onion Total

#img 3741 3894 3901 3729 3868 3725 3904 3638 3979 3931 16340

Synthetic ~ #ins 29113 31723 29336 29001 36846 36113 31853 28675 31374 29561 313595
osize 2.4 22 2.4 2.4 1.4 1.3 22 2.3 2.3 2.7 2.1

#img 197 96 94 70 152 24 10 8 161 76 552

Real #ins 3638 1455 1239 841 1145 289 110 152 1697 706 11272
Yosize 1.3 1.0 1.0 0.6 1.4 1.8 1.5 0.9 1.3 12 1.2

Table 3: Statistical information of the number of object proposals per image generated by the Faster R-CNN backbone in source domains.

Datasets Min Max Mean Std

PASCAL VOC 2007 train ~ 300.0  1800.0 437.3 1955
PASCAL VOC 2007 test 300.0 1500.0 4248 185.0
RealPizzal0 2007 train 300.0 1800.0 441.0 2257
RealPizzal0 2007 test 300.0 1500.0 482.6 236.7

Table 4: Training time for different stages on ClipartlK — VOC2007 (Clip — VOC), SyntheticPizzal0 — RealPizzalO (SPizza —
RPizza), Watercolor2ZK — VOC2007-sub (Water — VocS), and Comic2K — VOC2007-sub (Comi — VocS) based on Faster R-CNN

FSOD backbone. ‘-’ denotes that we run experiments without the 3rd adaptation step FSOD-3, since VOC2007 and MS-COCO lack clean
background.

Training time Dataset Warm-Up Stage Main Stage | CycleGAN
Stage FSOD-1 | FSOD-2 | FSOD-3 | FSOD-4 | FSOD-5 CASD
SPizza — RPizza 14 10 13 2 2 79 216
hour Clip — Voc 7 6 - 3 3 102 144
Water — VocS 8 8 - 2 2 81 144
Comi — VocS 4 4 - 8 8 81 144

denoted as D2F 2WOD 54, and with CASD+W?2N is denoted
as D2F2WODcasdsw2n. The results of our warm-up stage are
denoted as D*F 2WOD warm-up-

The detection performance does not benefit from using
OICR or CASD twice (once for proposal and once for ob-
ject detection), since doing so does not improve the gener-
ated proposals. The result of training CASD two times is
denoted as CASD?. As shown in Table 5a, on Clipart1K

— VOC2007, D2F2WOD,eq reaches 64.8% mAP, outper-
forming the original CASD by 7.8% mAP, while CASD?
reaches 57.4% mAP, outperforming the original CASD by
0.4% mAP. The detection result of using OICR twice will be
the same as using OICR once, because OICR directly uses
the proposals produced by selective search without refine-
ment on their bounding boxes. D2F2WODcasdsw2n eaches
66.9% mAP, outperforming the original CASD+W2N by



1.5% mAP. This further validates that D> F2WOD is a gen-
eral framework that can be combined with different WSOD
methods to improve their object proposal generation and
thus overall performance.

5. Additional Ablation Study

In Sec. 4.2 of the main paper we show the ablation study
results based on the mAP values. Here, we list the whole
mAP values with per class AP values.

» Effectiveness of Progressive Adaptation. As shown
in Table 6, each adaptation step in our warm-up stage
is not only helpful in terms of mAP, but it also benefits
for each class.

Impact of Adaptation Order. Table 7 shows that our
progressive adaptation order that gradually reduces do-
main gap achieves the best performance — it is better
to first fine-tune the FSOD on intermediate images or
pseudo-labeled images, and then fine-tune on the aug-
mented images.

¢ Generalizability of the Warm-up Stage across
FSODs. As shown in Table 8, our D2F2T/\YOD‘Wm_up
and D2F2WOD,,sq based on Sparse DETR yield 0.6%
and 1.1% improvement in terms of mAP, respectively,
compared with Faster R-CNN backbone.

¢ Main Stage Configurations. As shown in Table 9,
two key components of our method are both effec-
tive and complementary to each other. Note that the
current transformer-based detectors rely on relatively
large amounts of annotate data; therefore, we found
that it was difficult to train Sparse DETR on Cli-
partlK with only 500 training images; by contrast,
Sparse DETR worked reasonably well on Synthet-
icPizzalO with 14,802 training images. Accordingly,
for the experiment on the ClipartlK — VOC2007
datasets, we mainly focus on Faster R-CNN. We leave
the investigation of Sparse DETR on ClipartlK —
VOC2007 as interesting future work, by either explor-
ing additional synthetic data to increase the synthetic
training dataset size or leveraging more data-efficient
transformer-based detectors.

Identifying Object Detection Errors. We use
TIDE [3] to analyse the classification, localization,

) , background,
and missed GT errors in DT+PL, CASD, and our
model. Each chart shows the relative percentage of
each type of error. As shown in Fig. 2, D2F2WOD ef-
fectively reduces the localization error compared with
other two baselines. Here classification error indi-
cates object localized correctly but misclassified; lo-
calization error indicates object classified correctly but

DT+PL CASD Ours

o

Cls

Loc
Loc Cls

Figure 2: Summary of errors on DT+PL, CASD and our method.

mislocalized; both Cls and Loc error indicates ob-
ject misclassified and mislocalized; duplicate detec-
tion error indicates object matched with a GT which
has already matched with another higher confidence
scoring prediction; background error indicates back-
ground detected as foreground; missed GT error indi-
cates ground-truth that not matched with any predic-
tions.

6. Additional Qualitative Analysis

Fig. 3 shows the representative images generated by Cy-
cleGAN on different benchmarks.

Fig. 4 illustrates some examples used for FSOD-3 train-
ing on SyntheticPizzal0 — RealPizzalO.

Fig. 5 and Fig. 6 illustrate detection results produced by
our D?F2WOD and CASD on RealPizzal0 and VOC2007
datasets, respectively. There, it can be observed that
D2F2WOD does not only locate most objects, but that it also
produces more accurate bounding boxes. Specifically, in the
RealPizzal0 images it can be appreciated bounding boxes
provided by our method (left) closely align with the objects
of interest, while for CASD (right) bounding boxes are of-
ten imprecise (either wrong shape or big/small). Similar
observations can be made for VOC2007 where CASD often
fails to locate objects or produces spurious bounding boxes.

Fig. 7 illustrates some challenging cases on the Re-
alPizzalO dataset where the performance of both our
D2F2WOD and the baseline CASD still lags. We hypothe-
size this is because in these cases, the corresponding cat-
egories (e.g., bacon, broccoli and pineapple) have signifi-
cantly smaller number of training examples.



Table 5: Results (AP in %) for different methods on ClipartlK — VOC2007 and SyntheticPizzal0 — RealPizzal0. We denote as
Upper-Bound the FSOD (Faster R-CNN or Sparse DETR) results, trained and tested on fully-annotated target domain to indicate the weak
upper-bound performance of our methods. Our warm-up stage is compared with CD models and our main stage is compared with SD
models. The upper part shows the results using CD models. The lower part shows the results using SD methods. Faster R-CNN in CD
means we trained our network on fully-annotated source and test on fully-annotated target domains. The best and second best results for
D?F2WOD compared with baselines are shown in red and blue.

(a) Clipart1K — VOC2007.

Type‘ Method ‘mAP ‘ Aero Bike Bird Boat Bottle Bus  Car Cat Chair Cow Table Dog Horse Mbike Person Plant Sheep Sofa  Train Tv
| Upper-Bound [13] [ 69.9 | 69.8 791 675 565 544 772 822 809 50.1 784 645 784 837 72.3 77.2 38.3 70.9 666 775 719

Faster RCNN[13] | 22.8 | 107 397 305 86 193 274 480 45 237 212 79 190 219 215 450 174 161 225 255 250

cp DT+PL[10] 346 | 188 558 332 204 188 472 562 158 274 455 107 259 541 543 476 106 354 423 470 259
PADOD [7] 242 | 133 403 288 126 202 322 467 75 259 240 138 193 212 175 340 176 172 244 285 294

Ours | DZF2WODwarmup 373 | 207 608 372 194 250 511 597 172 304 444 173 274 558 568 476 129 384 455 503 276
WSDDN [2] 348 | 394 501 315 163 126 645 428 426 101 357 249 382 344 556 94 147 302 407 547 469

OICR [10] 12 | 580 624 311 194 130 651 622 284 248 447 306 253 378 655 157 241 417 469 643 626

PCL[17] 35 | 544 690 393 192 157 629 644 300 251 525 444 196 393 617 178 229 466 575 586 630

WeakRPN [20] 453 | 579 705 378 57 210 661 692 3594 34 571 573 352 642 686 328 286 508 495 411 30.0

CMIL 1] 505 | 625 584 495 321 198 705 661 634 200 605 529 535 574 689 84 246 518 587 667 635

b | WSOD2(Reg) 23] | 536 | 651 648 572 392 243 698 662 610 298 646 425 601 712 707 219 281 586 597 522 648
Pred Net [1] 529 | 667 695 528 314 247 745 741 673 146 530 461 529 699 708 185 284 546 607 671 604

C-MIDN [5] 526 | 533 715 498 261 203 703 699 683 287 653 451 646 580 712 200 275 549 549 694 635
MIST(+Reg) [ 7] | 549 | 688 777 570 277 289 690 745 670 321 732 481 452 544 737 350 293 641 538 653 652

CASD [0] 570 | 672 715 578 415 234 729 703 755 215 648 538 718 650 725 326 250 566 585 605 682

CASD 574 | 561 646 614 600 351 590 760 566 278 736 512 601 705 725 344 540 705 451 531 637
CASD+W2N [7] 654 | 740 817 712 489 510 786 823 835 291 769 515 821 769 701 285 343 650 642 752 748

ours DZF2WOD cgsd 648 | 627 649 699 479 579 743 857 596 434 822 396 672 840 718 740 506 746 488 667 646
DZF2WODemarwzn | 069 | 586 69.1 770 493 781 732 890 649 396 835 330 777 952 770 759 507 744 448 666 610

(b) SyntheticPizzal0) — RealPizzal0.

Type | Method | mAP | Pepperoni Mushroom Pepper Olive Basil Bacon Broccoli  Pineapple Tomato  Onion
Faster R-CNN [13] 4.3 12.1 0.4 9.6 5.0 34 0.3 1.0 1.0 9.7 0.9
CD DT+PL [10] 14.9 30.7 43 11.6 253 42.7 1.3 3.6 2.4 214 52
PADOD [7] 8.1 19.5 0.2 34 11.8 30.2 0.2 1.1 0.5 133 0.8

ours DZF 2WODwarm-up 17.9 31.0 8.3 11.8 28.1 45.5 0.8 9.8 9.8 21.5 12.7
. OICR [19] 4.7 0.2 1.3 4.5 0.1 0 8.8 19.4 11.0 1.0 0.8
CASD [9] 12.9 12.7 19.5 14.8 10.5 13.7 10.4 10.1 14.5 11.7 10.7

ours DZF 2WOD¢ysd 25.1 43.9 35.1 14.9 27.3 41.8 9.2 12.5 8.5 28.4 29.2

Table 6: Effectiveness of progressive adaptation: each adaptation step in our warm-up stage is helpful not only in terms of mAP, but also
benefits for each class.

FSOD Step mAP Pepperoni Mushroom Pepper Olive Basil Bacon Broccoli Pineapple Tomato Onion
FSOD-1 4.3 12.1 0.4 9.6 50 34 03 1.0 1.0 9.7 0.9

FSOD-2 9.7 22.3 0.8 9.6 145 332 0.8 0.7 0.8 134 1.0

Faster R-CNN  FSOD-3 10.3 23.0 1.0 10.1 154 357 038 0.8 0.6 14.4 1.1
FSOD-4 15.0 28.7 4.6 11.0 222 399 93 1.8 9.6 16.6 6.3

FSOD-5 17.9 31.0 8.3 11.8 281 455 038 9.8 9.8 21.5 12.7

FSOD-1 37 10.0 0.2 0.8 202 07 02 0.4 0.6 1.0 2.6

FSOD-2 9 27.0 1.7 06 245 19.1 0.1 2.3 2.5 8.3 4.0

Sparse DETR FSOD-3 10.3 30.40 0.9 1.2 281 27.7 0.0 1.2 1.3 9.2 2.5
FSOD-4 18.2 47.7 4.7 59 398 460 0.0 1.7 3.1 25.1 7.8

FSOD-5 18.5 48.3 6.0 53 430 431 0.1 14 2.4 26.1 9.2

Table 7: Impact of adaptation order (Faster R-CNN backbone).

Adaptation Domain mAP  Pepperoni Mushroom Pepper Olive Basil Bacon Broccoli Pineapple Tomato Onion

S 4.3 12.1 0.4 9.6 50 34 03 1.0 1.0 9.7 0.9
S—G1 =02 10.3 23.0 1.0 10.1 154 357 08 0.8 0.6 144 1.1
S—G>—= G 5.9 5.8 1.1 9.7 69 204 0 23 0.5 9.1 32

Go — T — Aug.T 17.9 31.0 8.3 11.8 281 455 0.8 9.8 9.8 21.5 12.7
Go — Aug. T =T 17.3 32.6 6.3 83 284 473 0.6 49 10.4 224 11.3




Table 8: Generalizability of the warm-up stage across FSODs.

FSOD Stage mAP Pepperoni Mushroom Pepper Olive Basil Bacon Broccoli Pineapple Tomato Onion
raster mocyy  D2F2WODwamap 179 310 8.3 118 281 455 0.8 9.8 9.8 215 127
aste DZF2WODcasd 251 439 35.1 49 273 418 92 125 85 284 292
comrse pErr  D2F2WODwamap 185 483 6.0 53 430 431 0.1 1.4 24 261 92
parse DZF2WODcasd 262 5190 355 189 331 474 112 96 54 203 201

Table 9: Ablation study of D2F2WOD main configurations on (a) Clipart1K — VOC2007 (Faster R-CNN backbone), (b) SyntheticPizzal0
— RealPizzal0 (Faster R-CNN backbone) and (c) SyntheticPizzal0 — RealPizzal0 (Sparse DETR backbone). “FE” and “OP” denote
the domain specific pre-trained feature extractor and weakly-supervised object proposal generator, respectively.

(a) Clipart1K — VOC2007 (Faster R-CNN backbone).

Type Method mAP aero bike bird boat bottle  bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
SD OICR 412 58.0 624 31.1 194 13.0 651 622 284 248 447 306 253 378 65.5 15.7 24.1 417 469 643 626
+FE 447 538 525 41.1 374 278 539 635 39.1 305 595 407 426 476 52.1 23.5 36.1 559 400 451 50.7

D2F2WODyie; ~ +OP 472 234 544 469 346 465 69.4 780 10.1 447 656 277 259 528 64.3 65.3 32.5 547 421 528 523
+FE+OP 527 39.1 606 562 374 480 678 810 186 518 675 381 313 720 67.8 70.2 40.0 60.6 409 564 493

SD CASD 570 672 715 578 415 234 729 703 755 215 648 538 718 650 725 32.6 25.0 566 585 695 68.2

+FE 60.0 51.0 711 72.1 38.1 27.5 76.1 716 740 272 643 588 81.6 88.1 71.0 63.1 19.5 532 587 694 640
D2F2WODgq  +OP  60.1 383 67.6 632 454 620 777 889 241 563 769 449 414 768 77.4 75.1 422 68.6 524 622 614
+FE+OP 648 627 649 699 479 579 743 857 59.6 434 822 396 672 840 778 74.0 50.6 746 488 66.7 64.6

(b) SyntheticPizzal0 — RealPizzal0 (Faster R-CNN backbone).

Type Method mAP  Pepperoni Mushroom Pepper Olive Basil Bacon Broccoli Pineapple Tomatoes Onion
SD OICR 4.7 0.2 1.3 4.5 0.1 0 8.8 19.4 11.0 1.0 0.8

+FE 8.5 44 12.5 122 72 61 74 8.6 13.2 5.1 7.9

D2F 2WOD e +OP 12.6 23.0 18.5 85 147 208 50 2.3 39 13.9 15.8
+FE+OP 13.8 243 19.7 100 152 219 37 7.5 3.6 16.3 15.4

SD CASD 12.9 12.7 19.5 148 105 137 104 10.1 14.5 11.7 10.7
+FE 14.8 10.2 11.3 146 10.1 10.0 19.0 30.9 21.0 10.9 10.5

D2F2WODcaq +OP 24.0 45.8 36.7 148 258 374 32 12.3 3.5 32.1 28.3
+FE+OP 25.1 439 35.1 150 273 418 92 12.5 8.5 28.4 29.2

(c) SyntheticPizzal0 — RealPizzal0 (Sparse DETR backbone).

Type Method mAP Pepperoni Mushroom Pepper Olive Basil Bacon Broccoli Pineapple Tomatoes Onion
SD OICR 59 12.1 9.9 2.8 54 127 1.0 0.3 0.1 55 9.4
+FE 10.8 21.7 17.1 9.3 11.6 152 04 4.5 0.8 15.6 12.1

D2F2WOD gicr +OP 134 22.1 16.8 9.0 135 237 109 5.5 22 15.6 143
+FE+OP 15.4 28.0 13.2 95 215 241 80 14.0 7.7 19.6 8.3

SD CASD 13.4 252 17.0 8.3 149 21.0 100 59 0.5 18.0 12.8
+FE 15.8 26.7 22.1 143 166 202 54 9.5 5.8 20.6 17.1

D2F 2WOD 4q +OP 25.1 44.5 35.0 14.6 2877 462 8.6 8.5 3.8 31.7 29.1

+FE+OP 26.2 51.9 355 189 331 474 112 9.6 5.4 29.3 20.1
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Figure 4: Representative images used for FSOD-3 training.
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Ours vs. CASD

Figure 5: Example of success cases for our D?F2WODasa vs. CASD in the test set of RealPizzal0 dataset. We only show instances with

scores over 0.3 to maintain visibility.
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Figure 6: Example of success cases for our D2F2WODeasa VS. CASD in the test set of VOC2007 dataset. We only show instances with
scores over 0.3 to maintain visibility.
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Figure 7: Challenging cases in the test set of Realpizzal( dataset where both our D2F2WODcasd and the baseline CASD fail. We hypothesize
this is because these three categories have significantly smaller number of training examples. We only show instances with scores over 0.3
to maintain visibility.
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