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Abstract

This paper presents a DETR-based method for cross-
domain weakly supervised object detection (CDWSOD),
aiming at adapting the detector from source to target do-
main through weak supervision. We think DETR has strong
potential for CDWSOD due to an insight: the encoder and
the decoder in DETR are both based on the attention mech-
anism and are thus capable of aggregating semantics across
the entire image. The aggregation results, i.e., image-
level predictions, can naturally exploit the weak supervi-
sion for domain alignment. Such motivated, we propose
DETR with additional Global Aggregation (DETR-GA), a
CDWSOD detector that simultaneously makes “instance-
level + image-level” predictions and utilizes “strong +
weak“ supervisions. The key point of DETR-GA is very
simple: for the encoder / decoder, we respectively add mul-
tiple class queries / a foreground query to aggregate the
semantics into image-level predictions. Our query-based
aggregation has two advantages. First, in the encoder, the
weakly-supervised class queries are capable of roughly lo-
cating the corresponding positions and excluding the dis-
traction from non-relevant regions. Second, through our
design, the object queries and the foreground query in the
decoder share consensus on the class semantics, therefore
making the strong and weak supervision mutually benefit
each other for domain alignment. Extensive experiments on
four popular cross-domain benchmarks show that DETR-
GA significantly improves cross-domain detection accuracy
(e.g., 29.0% — 79.4% mAP on PASCAL VOC — Clipart 5
dataset) and advances the states of the art.

1. Introduction

The cross-domain problem is a critical challenge for ob-
ject detection in real-world applications. Concretely, there
is usually a domain gap between the training and testing
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Figure 1. To exploit the weak supervision, DETR-GA aggregates
the semantic information across the entire image into image-level
predictions. Specifically, DETR-GA adds multiple class queries /
a foreground query into the transformer encoder / decoder, respec-
tively. The foreground query is correlated with the object queries
but has no position embedding. We visualize the attention score
of some queries, e.g., and “dog”. Despite no position su-
pervision, each class query / the foreground query attends to the
class-specific / foreground regions for semantic aggregation.

data. This domain gap significantly compromises the detec-
tion accuracy when the detector trained on the source do-
main is directly deployed on a novel target domain. To mit-
igate the domain gap, existing domain adaptation methods
can be categorized into supervised, unsupervised [7, 10,39],
and weakly supervised approaches [17,21,33,58]. Among
the three approaches, we are particularly interested in the
weakly supervised one because it requires only image-level
annotations and achieves a good trade-off between the adap-
tation effect and the annotation cost. Therefore, this paper
challenges the cross-domain weakly supervised object de-
tection (CDWSOD), aiming at adapting the detector from
the source to target domain through weak supervision.

We think the DETR-style detector [3,27,67] has high po-
tential for solving CDWSOD. In contrast to current CDW-
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SOD methods dominated by pure convolutional neural net-
work detectors (“CNN detectors”), this paper is the first to
explore DETR-style detectors for CDWSOD, to the best of
our knowledge. Our optimism for DETR is NOT due to its
prevalence or competitive results in generic object detec-
tion. In fact, we empirically find the DETR-style detector
barely achieves any superiority against CNN detectors for
direct cross-domain deployment (Section 4.4). Instead, our
motivation is based on the insight, i.e., the DETR-style de-
tector has superiority for combining the strong and weak
supervision, which is critical for CDWSOD [17,21,58].

Generally, CDWSOD requires using weak (i.e., image-
level) supervision on target domain to transfer the knowl-
edge from source domain. Therefore, it is essential to sup-
plement the detector with image-level prediction capability.
We argue that this essential can be well accommodated by
two basic components in DETR, i.e., the encoder and the
decoder. Both the encoder and the decoder are based on
the attention mechanism and thus have strong capability to
capture long-range dependencies. This long-range model-
ing capability, by its nature, is favorable for aggregating se-
mantic information to make image-level predictions.

To fully exploit the weak supervision in CDWSOD, this
paper proposes DETR with additional Global Aggregation
(DETR-GA). DETR-GA adds attention-based global aggre-
gation into DETR so as to make image-level predictions,
while simultaneously preserving the original instance-level
predictions. Basically, DETR uses multiple object queries
in the decoder to probe local regions and gives instance-
level predictions. Based on DETR, DETR-GA makes two
simple and important changes: for the encoder / decoder,
it respectively adds multiple class queries / a foreground
query to aggregate semantic information across the entire
image. The details are explained below:

1) The encoder makes image-level prediction through
a novel class query mechanism. Specifically, the encoder
adds multiple class queries into its input layer, with each
query responsible for an individual class. Each class query
probes the entire image to aggregate class-specific informa-
tion and predicts whether the corresponding class exists in
the image. During training, we use the image-level multi-
class label to supervise the class query predictions.

Despite NO position supervision, we show these class
queries are capable to roughly locate the corresponding po-
sition (Fig. 1) and thus exclude the distraction from non-
relevant regions. Therefore, our class query mechanism
achieves better image-level aggregation effect than the av-
erage pooling strategy that is commonly adopted in pure-
CNN CDWSOD methods. Empirically, we find this simple
component alone brings significant improvement for CDW-
SOD, e.g., +20.8 mAP on PASCAL VOC — Clipart; ¢t -

2) The decoder gives image-level and instance-level pre-
dictions simultaneously through correlated object and fore-

ground queries. To this end, we simply remove the position
embedding from an object query and use the remained con-
tent embedding as the foreground query. The insight for
this design is: in a object query, the position embedding en-
courages focus on local region [27,31,32], while the content
embedding is prone to global responses to all potential fore-
ground regions. Therefore, when we remove the position
embedding, an object query discards the position bias and
becomes a foreground query with global responses (as visu-
alized in Fig. 1). Except this difference (i.e., with or without
position embedding), the object queries and the foreground
query share all the other elements in the decoder, e.g., the
self-attention layer, cross-attention layer. Such correlation
encourages them to share consensus on the class semantic
and thus benefits the domain alignment along all the classes.

Overall, DETR-GA utilizes the weak supervision on the
encoder and decoder to transfer the detection capability
from source to target domain. Experimental results show
that DETR-GA improves cross-domain detection accuracy
by a large margin. Our main contributions can be summa-
rized as follows:

e As the first work to explore DETR-style detector for
CDWSOD, this paper reveals that DETR has strong poten-
tial for weakly-supervised domain adaptation because its
attention mechanism can fully exploit image-level supervi-
sion by aggregating semantics across the entire image.

e We propose DETR-GA, a CDWSOD detector that si-
multaneously makes “instance-level + image-level” predic-
tions and can utilize both “strong + weak” supervision. The
key point of DETR-GA is the newly-added class queries /
foreground query in the encoder / decoder, which promotes
global aggregation for image-level prediction.

e Extensive experiments on four popular cross-domain
benchmarks show that DETR-GA significantly improves
CDWSOD accuracy and advances the states of the art. For
example, on PASCAL VOC — Clipart,;;, DETR-GA im-
proves the baseline from 29.0% to 79.4% .

2. Related Work

Object detection. Object detection is a fundamental task
in computer vision and attract much attention for years.
The pure CNN-based detectors can be roughly divided into
two-stage methods, e.g., Faster RCNN [36], and single-
stage methods,e.g., YOLO [35] and FCOS [48]. Although
these CNN-based detectors have made significant advance-
ments, they still require numerous hand-designed compo-
nents, e.g., non-maximum suppression (NMS), and anchor
generation. Recently, DETR [3] propose an end-to-end
object detection pipeline without the above hand-designed
components. Many DETR-style detectors [27, 31,32, 67]
are then proposed to further improve DETR. For example,
DAB-DETR [31] proposes to replace the original position
embedding with 4d box anchors. DN-DETR [27] proposes
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Figure 2. Overview of the proposed DETR-GA. DETR-GA tries to transfer the detection knowledge from the fully-labeled source domain
S to the target domain 7 through weak supervision. Based on a DETR-style detector consisting of backbone, encoder and decoder, DETR-
GA adds two modules, i.e., class query and foreground query. In the encoder, multiple class queries aggregate class-specific information
from all the feature tokens through cross-attention. In the decoder, the foreground query and the object queries are correlated with each
other, because they share most processing except that the foreground query has null position embedding. Correspondingly, they make
image-level and instance-level predictions, respectively. Overall, we utilize weak supervision / hybrid (weak + strong) supervision for the
encoder / decoder, therefore aligning the class semantics between the source and target domain.

a denoising training method to accelerate convergence.

So far as we know, this paper is the first to explore
DETR-style detector for CDWSOD. During our prelimi-
nary experiments, we find that DETR presents no obvious
superiority for direct cross domain deployment, though it
usually surpasses the pure-CNN detectors on generic object
detection. For example, on PASCAL VOC — Clipart,;;,
Faster RCNN and DETR respectively achieve 29.0. and
29.2, which are comparable. However, we still believe that
DETR has strong potential for CDWSOD, because its atten-
tion mechanism promotes global aggregation and can bet-
ter exploit weak supervision. Empirically, we show that
the proposed DETR-GA achieves significant improvement
over direct cross-domain deployment, and surpasses the
strongest pure-CNN method by a clear margin(though they
achieve similar direct cross-domain deployment accuracy).

Global aggregation in CDWSOD. Aggregating the se-
mantic information into image-level prediction is critical
for cross-domain alignment in CDWSOD [17,58]. Xu [58]
uses average pooling for global aggregation on the back-
bone feature and proposes a softmax-based aggregation to
merge all the instance-level predictions from the detection
head. ICCM [17] divides each image into semantic clus-
ters and aligns the foreground regions in the target domain
with the labeled region in the source domain. In contrast, in
DETR-GA, the class and foreground queries utilize atten-
tion mechanisms for global aggregation. The query-based
global aggregation has an advantage, i.e., the query is ca-

pable of roughly locating the corresponding regions despite
no position supervision.

Cross-domain object detection. Cross-domain object
detection (CDOD) aims to adapt the detector from the fully-
labeled source domain to the label-scarce target domain.
Previous works mainly focus on the unsupervised domain
adaptation object detection(UDAOD) and related fields [?,
2,4,10,12,14-16,20,30,41,42,45,46,50,52,60,62,66]. The
UDAOD methods can be roughly categorized into image
translation [19,25], self-supervision [23,24,28,34,38], and
adversarial training [6-8, 18,37,39,47,53,55,57,61,64,65].
Recently, SFA [53] utilize adversarial training for domain
alignment based on the DETR-style detector. Compared
with UDAOD, CDWSOD [17, 21, 33] offers more image-
level annotations on the target domain. DETR-GA utilizes
the additional global aggregation to make image-level do-
main alignment and achieves better performance.

3. DETR-GA

3.1. Overview

Task definition. Unlike weakly supervised object de-
tection [1,44,51,59] only utilize the weak supervision on
the target domain, CDWSQOD aims at adapting the detector
from the source domain to the target domain through weak
supervision. In the source domain, each image has instance-
level annotations with object classes and bounding boxes,
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while in the target domain, each image has only multi-class
labels indicating which classes exist.

DETR Revisit. Since DETR-GA is based on the DETR
pipeline, we first give a brief revisit to DETR. DETR con-
sists of a backbone model, a transformer encoder and a
transformer decoder. Given an input image, DETR first
uses a backbone model (e.g., ResNet-50 [13]) to extract the
feature map. Afterward, DETR flattens the feature map
into feature tokens and feeds them into the transformer
encoder. In the encoder, all the feature tokens are up-
dated through self-attention block by block. The final out-
put states of these feature tokens flow into the transformer
decoder, along with multiple (i.e., 300) learnable object
queries. In each decoder block, object queries first perform
self-attention between themselves and then cross-attention
to the feature tokens. For simplicity, Fig. 2 only presents the
cross-attention part. Please refer to the supplementary for a
complete view of the DETR decoder. After multiple blocks
of self-attention and cross-attention, the output states of the
object queries generate instance-level detection predictions
(i.e., the object class end bounding box position), which are
supervised through a detection loss L [3].

Overall structure of DETR-GA. As shown in Fig-
ure 2, DETR-GA takes the mixture of source and target
images as its input. To fully exploit the weak supervision,
DETR-GA supplements the original detector with image-
level predictions in both the encoder and decoder. Given
the image-level prediction capability of the encoder and
decoder, DETR-GA facilitates joint training on the source
and target domain. The encoder aligns the class semantics
across the source and target domain through weak super-
vision. Afterward, the decoder further delivers the object
detection capability from source to target through hybrid
supervision (i.e., strong supervision on the source and weak
supervision on the target).

Specifically, for the encoder, we add multiple class
queries into its input layer, with each query responsible for
an individual class. Each class query searches the entire
image and aggregates class-specific information through
cross-attention. The aggregated outputs predict whether the
corresponding classes exist in the image and are supervised
with a binary cross-entropy loss L.,. For the decoder, we
add a foreground query into its input layer. The foreground
shares the content embedding with all the object queries and
has NO position embedding. Therefore, it can attend to all
the potential foreground without positional bias. Its aggre-
gation output predicts which classes exist in the image and
uses another multi-class binary cross-entropy loss L, for
supervision. In the encoder, the aggregated semantic infor-
mation is naturally used for image-level prediction and can
be trained through weak supervision. Importantly, in the
decoder, the foreground query is correlated with the object
queries, making the image-level and instance-level predic-

tions mutually benefit each other.

Given the additional image-level predictions from the
encoder and decoder, DETR-GA is capable to combine
weak and strong supervision. Specifically, the encoder
receives weak supervision from “source+target” domains
(Lsq).  The decoder receives weak supervision from
“source+target” domains (Ly,), and meanwhile receives
strong supervision from the target domain (Lge:). More-
over, we further add some common practices [53, 58] on
the backbone, i.e., using an adversarial loss L . for domain-
level alignment and an image-level classification loss Lp..

During training, we combine all the described loss func-
tions to optimize DETR-GA in an end-to-end manner:

L= )\bc[’bc + )\d(:[fdc + )\Cl1£cq + )\fqﬁfq + [rdet . (1)
—— N ——
backbone encoder decoder

During inference, DETR-GA does not need the image-
level predictions and thus resumes the standard DETR [3]
pipeline without extra computational cost.

3.2. Encoder with Class Queries

We add C' (the number of total classes) class queries
Q = {q1,q2, -+ ,qc} into the encoder. Each class query
q; is a learnable vector (i.e., q; € R%) and corresponds to
the i-th class. We will use the output state of q; as a binary
indicator to identify the presence of the ¢-th class.

Specifically, let us denote the collection of all the feature
tokens as T, and their position embedding as Pp. In each
transformer block of the encoder, all the class queries Q
are updated through cross-attention to the feature tokens T,
in parallel to the self-attention update of the feature tokens.
Formally, in the k-th (k = 1,2, - - , K) transformer block
of the encoder, the self-attention and the cross-attention up-
date are formulated as:

TF = T + attn(T* ! + P, TF L + Py, TF )

(@)
Qk — Qk—l +attn(Qk_1,Tk_l +PT,Tk_1),

where attn(query,key,value) denotes the attention
layer [49], the superscript & indicates the k-th transformer
block. There are a layer norm and a feed-forward network
(FFN) [49] following the attention layer and are omitted
here for brevity.

Given the output states of the class query, i.e., Q¥ =
{a¥,qf, -+ ,q&} (K is the transformer depth), the en-
coder uses a binary classifier to predict the presence of the
i-th class by:

p; = sigmoid{qf -w; 3)

where w; is the weight vector for the i-th class in the clas-
sification head, *“ - ” is the inner product operation. We
note that Eqn. 3 has a minor difference against the canonical
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multi-class predictor, which uses a single input to simulta-
neously predict the presence of multiple classes. In contrast,
Eqn. 3 has multiple inputs, i.e., each qlK is responsible for
an individual class.

The above classifier is supervised by a standard binary
cross-entropy (BCE) loss L., which is formulated as:

c
Leg = éZ[ﬁUilngi + (1 =y;)(1 = logpi)], (4
i=1
where y; is set to 1 if class ¢; exists, otherwise 0.

We provide an intuitive review of the domain align-
ment procedure in the encoder. Through the cross-attention
in Eqn. 2, each class query absorbs information from all
the feature tokens, therefore facilitating global aggregation.
The aggregation results Q™ are used to predict the presence
of each class through Eqn. 3. The corresponding weak su-
pervision (Eqn. 4) is enforced on both the source and target
domain and thus aligns each class across two domains.

An important advantage of our query-based aggregation
is: though there is no position supervision, each class query
is capable of roughly locating its object regions, there-
fore excluding the distraction from non-relevant regions,
as shown in Figure | and in the supplementary. In con-
trast, CNN CDWSOD methods usually use global average
pooling [58] for aggregation. It inevitably introduces in-
terference among different classes and thus compromises
the domain alignment effect. In an ablation study (Sec-
tion 4.4), we show that our query-based aggregation is sig-
nificantly better (e.g., 9.4 mAP higher on PASCAL VOC —
Clipart. st ) than the average pooling aggregation.

3.3. Decoder with Foreground and Object Queries

In DETR-GA, the transformer decoder has three types
of input, i.e., feature tokens (T output from the encoder),
a newly-added foreground query f € R (which is a vec-
tor), and IV object queries. The object queries consist of the
content embedding O = {01, 09, - - - ,0x } and the position
embedding Pp € RV*4,

In the [-th (I — 1,2,--- , L ) transformer block of the
decoder, the foreground query and the object queries simul-
taneously undergo a self-attention update and a following
cross-attention update.

The self-attention update is formulated as:

O f 7Y = sel (O +PL L F17Y), ()

where “[ ]” is the concatenation operation, sel f is the self-
attention layer. We adopt the same self-attention layer as in
DN-DETR [27] and provide a detailed description in the
supplementary.

The following cross-attention update is formulated as:

0! = 0" +attn(H(O'", P Y, H(TM  Pr), TM),

~ (6)
£l = £ ¢ attn(H(E1,0), H(TM  P7), TM),

where attn(query,key,value) denotes the attention
layer, H is the operation for entangling the content and po-
sition embedding (e.g., the concatenation operation as in
DAB-DETR [31] and DN-DETR [27]). The foreground
query has a null position embedding, as illustrated in Fig. 2
and thus may be viewed as removing the impact of position
embedding. The position embedding update is the same as
in DN-DETR and is omitted here.

The above self-attention (Eqn. 5) and cross-attention
(Eqn. 6) are almost the same as in DAB-DETR and DN-
DETR), except for adding a foreground query with no po-
sition embedding. Although we adopt the DN-DETR as the
direct baseline, we note that Eqn. 5 and Eqn. 6 jointly de-
pict a general DETR decoder and are compatible with other
DETR-style detectors. For example, H for entangling the
content embedding and position embedding can be modi-
fied to “+” operation, as in the original DETR.

Albeit simple, there are two good characteristics, i.e., re-
moving the position embedding for global attention and cor-
relating the foreground and object queries:

e The foreground query has no position embedding and
thus favors global aggregation. In DETR-style detectors,
the position embedding encourages the object query to spa-
tially focus on the local region. In fact, a keynote of recent
state-of-the-art DETR progress [27, 31] is to improve the
position embedding for localizing the objects. Removing
the position embedding removes the potential position bias
and encourages f to consider only the semantic content for
information aggregation. Empirically, we find that adding
position embedding to the foreground query compromises
DETR-GA (Section 4.4).

e The foreground query is strongly correlated with the
object queries because they share almost all the update
elements (e.g., the self-attention layer, the cross-attention
layer, and the same feature tokens). Intuitively, in Eqn. 5
and Eqn. 6, the foreground query may be viewed as a spe-
cific object query with ZERO position embedding. This cor-
relation encourages the foreground query and object queries
to share consensus on the class semantics and thus benefits
class-wise alignment. Empirically, we find removing this
correlation compromises DETR-GA (Section 4.4).

Consequently, the encoder simultaneously gives multi-
ple instance-level predictions (from the object query out-
put) and an image-level prediction (from the foreground
query output). These predictions are respectively super-
vised through L4.; and Ly, as shown in Fig. 2. Ly, is
a standard BCE loss as in Eqn. 4.

4. Experiments
4.1. Dataset

Following existing works [5, 17,21, 39, 58], we use four
datasets, i.e., PASCAL VOC (VOC) [!1], Clipart, Water-
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Method aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mean
WS Group
PCL [43] 34 106 23 1.7 5.2 34 233 12 56 04 78 3.7 5.6 0.3 24.5 197 119 36 92 254| 84
EDRN [40] 27 135 12 42 1.8 103 257 04 84 03 32 27 1.1 0.7 29.4 17.2 5.2 1.6 29 19.1| 76
UDA Group
SWDA [39] | 26.2 485 32.6 33.7 385 543 37.1 18.6 348 583 170 125 338 655 61.6 520 93 249 541 49.1| 38.1
HTD [5] 33.6 589 340 234 456 57.0 398 120 39.7 513 21.1 20.1 39.1 72.8 63.0 43.1 193 30.1 502 51.8| 403
1IOD [54] 41.5 527 345 281 437 585 41.8 153 40.1 544 267 285 377 754 63.7 487 165 30.8 545 487 | 42.1
I3Net [6] 300 67.0 325 21.8 292 625 413 11.6 371 394 274 193 250 674 552 429 195 362 507 393 | 378
DBGL [4] 28.5 523 343 328 386 664 382 253 399 474 239 179 389 783 612 517 262 289 568 445 | 41.6
TIA [63] 422 66.0 369 373 437 71.8 497 182 449 589 182 29.1 407 878 674 497 274 278 571 50.6 | 463
CDWS Group
DT+PL [21] | 50.1 75.0 37.0 387 58.1 834 50.1 38.0 552 673 51.1 348 498 899 60.2 634 288 424 626 709 | 553
ICCM [17] 39.8 66.7 37.2 425 433 481 48.1 213 465 730 290 29.8 573 78.6 67.8 48.7 463 193 428 485 | 46.7
HZ2FA [58] 58.1 73.0 56.8 504 612 98.6 695 578 664 77.1 56.1 841 643 1000 78.1 782 435 654 773 79.7| 69.8
DETR-GA | 86.7 856 642 664 67.4 100.0 755 70.0 722 814 83.8 870 752 1000 828 755 678 761 862 851 | 794
Table 1. Mean AP performance (%) on Cliparta:;.
Method aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mean
WS Group
WSDDN[I] | 1.6 36 06 23 0.1 11.7 45 00 32 0.1 2.8 23 0.9 0.1 14.4 16.0 45 0.7 1.2 183 | 4.4
CLNet [22] 32 223 22 07 4.6 48 175 02 48 1.6 64 0.6 4.7 0.6 12.5 13.1 141 4.1 80 297 | 7.8
UDA Group
DM [26] 285 632 245 424 479 431 375 9.1 470 467 268 249 48.1 78.7 63.0 450 213 36.1 523 534 418
ATF [16] 419 67.0 274 364 410 485 420 13.1 392 751 334 79 412 562 61.4 506 420 250 53.1 39.1 | 421
UMT [10] 39.6 59.1 324 350 451 619 484 75 460 676 214 295 482 759 705 567 259 289 394 436 | 44.1
AT [29] 33.8 609 38.6 494 524 539 567 75 528 635 340 250 622 72.1 77.2 577 272 520 557 54.1| 493
CDWS Group
DT+PL [21] | 51.6 84.0 30.0 41.1 523 820 502 19.0 51.8 583 413 146 470 86.2 619 58.6 249 225 474 528 | 489
PLGE [33] 434 525 294 40.1 304 719 549 36 524 738 535 240 548 89.1 65.1 40.5 323 338 454 61.0| 47.6
H2FA [58] 385 70.6 389 474 59.6 835 470 293 515 763 444 481 473 792 757 544 539 320 56.6 S51.1| 553
DETR-GA 64.1 63.0 42.7 525 56.6 828 57,5 363 56.6 67.1 482 535 419 840 780 623 489 484 752 644 | 59.2
Table 2. Mean AP performance (%) on Clipartces:.
Training Data Source Domain Target Domain Method bike bird car cat dog person mean
Annotions BBox BBox Tag None WS Group
WSOD v PCL [43] 1.2 0.4 8.9 29 23 15.6 5.2
UDAOD v 4 EDRN [40] 1.6 0.5 13.2 72 2.5 13.2 6.4
CDWSOD v v UDA Group
Table 3. The annotations type of different tasks. For example, IS_IVTVS?][ ! 2(5)431 iz:g ;2:2 gg gg:g Zg:g ;Zg
WSOD methods use the target domain data with image-level tag MCAR[64] | 479 205 374 206 245 50.2 335
annotations for training, I®Net [6] 47.5 19.9 332 11.4 19.4 49.1 30.1
DBGL [4] 35.6 20.3 339 16.4 26.6 45.3 29.7
color and Comic [21] for method evaluation. CDWS Group
The general object detection dataset VOC is used as E:T&EL[[ ]] 23;2 ;i; ;‘5‘12 i;;‘ g;; ié;? ;3?
the source domain with instance-level annotations. Specif- PLGE([33] | 550 212 400 351 379 609 417
ically, we use the trainval split of VOC 0712 as the HPFA[5S] | 553 266 459 381 456 668 | 464
DETR-GA 574 36.1 39.9 42.0 494 66.0 48.5

source-domain training data, which provides ~16.5k real-
world images of 20 object categories.

The other three artistic painting datasets are used as the
target domains with image-level annotations. Clipart has
a train split and a test split, both of which contain
500 images of 20 object categories. There are two popu-
lar modes on this dataset: Clipart,;; merges the two splits
for both training and testing [5, 17,39] , while Clipart, .t
uses the former split for training and the latter split for test-
ing [10,21,33]. Both Watercolor and Comic contain 2k im-
ages of 6 classes. We use 1k images from the t rain split
for training and 1k images from the test split for testing.

4.2. Implementation details

Baseline. We choose the DETR version of DN-DETR
[27], which improves the convergence speed and accuracy

Table 4. Mean AP performance (%) on Comic.

of the original DETR [3], as our baseline. We adopt the
evaluation metrics in Detectron?2 [56] for fair compar-
isons with previous works [21, 58]. We use ImageNet [9]
pre-trained ResNet-101 [13] as the backbone in all experi-
ments unless specified. The loss weights Ac,, Ay, Ape and
Age are empirically set to 10, 10, 1 and 0.5, respectively.
Other hyper-parameters are the same as the default setup in
DN-DETR.

Training. All models are trained on 4 GPUs with
AdamW optimizer. We set the weight decay to 1 x 10~
and the initial learning rate to 1 x 10~°. The total batch
size is 16, with 8 images per domain. The training has two
steps. We first train the source-only model on the source
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Method bike bird car cat dog person mean
WS Group
PCL [43] 6.7 28.8 20.2 9.5 5.4 27.4 16.3
EDRN [40] 52 29.3 15.3 1.4 0.9 34.9 14.5
UDA Group
SWDA [39] 82.3 559 46.5 32.7 35.5 66.7 53.3
HTD [5] 69.2 49.5 49.5 349 30.8 61.2 49.2
ATF [16] 78.8 59.9 479 41.0 34.8 66.9 54.9
MCAR [64] 87.9 52.1 51.8 41.6 33.8 68.8 56.0
TIOD [54] 95.8 54.3 48.3 424 35.1 65.8 56.9
UMT [10] 88.2 55.3 51.7 39.8 43.6 69.9 58.1
I3Net [6] 81.1 49.3 46.2 35.0 319 65.7 51.5
VDD [55] 90.0 56.6 49.2 39.5 38.8 65.3 56.6
DBGL [4] 83.1 49.3 50.6 39.8 38.7 513 53.8
AT [29] 93.6 56.1 58.9 37.3 39.6 73.8 59.9
CDWS Group
DT+PL [21] 81.0 49.5 39.5 323 28.4 62.4 48.8
ICCM [17] 86.6 64.2 52.6 32.4 412 67.4 57.4
PLGE [33] 73.7 56.1 50.6 42.5 41.8 74.6 56.5
H2FA [58] 88.6 52.4 53.6 46.4 4.5 73.8 59.9
DETR-GA 80.5 59.5 55.4 48.9 434 72.0 60.0

Table 5. Mean AP performance (%) on Watercolor.

domain dataset. This step takes 50 epochs, and we decrease
the learning rate by a factor of 10 after 40 epochs. Then,
the source-only model is fine-tuned on both source and tar-
get domain data. For the Clipart,;; datasets, the training
takes 30k iterations with a learning rate decay by a factor
of 10 at the 20k iterations. For the other datasets, we train
20k iterations with the learning rate divided by 10 at the 10k
iterations.

4.3. The effectiveness of DETR-GA

Comparison with the state-of-the-art methods. We
compare the proposed DETR-GA with previous state-of-
the-art methods. According to the training data and annota-
tions, we classify all the methods into weakly supervised
(“WSOD”), unsupervised domain adaptive (“UDAOD”),
and CDWSOD methods, as shown in Table 3.

The results on Clipart,;;, Clipart..st, Watercolor and
Comic are summarized in Table 1, Table 2, Table 4 and
Table 5, respectively. We observe that on all these four
datasets, the proposed DETR-GA achieves superior CD-
WSOD accuracy. For example, on Clipart.;;, DETR-GA
achieves 79.4% mAP, surpassing the strongest competitor
(H2FA) by +9.6% mAP. In this paper, we report 79.4%,
59.2%, 60.0% and 48.5% mAP for CDWSOD (with VOC as
the source domain) on Clipart,;;, Clipart..s., Watercolor
and Comic, respectively. These results outperform all the
competing methods (sometimes by a large margin, e.g., on
Clipart,; 1), setting new states of the art.

DETR-GA makes good utilization of the weak super-
vision. Since the DETR-style detectors usually perform fa-
vorably against the pure-CNN detectors on the generic ob-
ject detection tasks, a natural question is: whether the su-
periority of DETR-GA is because DETR itself has higher
base performance than the pure-CNN detectors.

To figure out this question, we investigate the improve-

Based | Method Clipart,;; Cliparties:  Watercolor Comic

source-only | 29.2 29.5 414 19.9
CNN DT+PL [21] | 55.3 +26.1)  48.9 (+194)  48.8 (+7.4 35.0 +15.1)
H2FA [58] | 69.8 106) 553 (:258)  59.9 1185  46.4 (:265

source-only | 29.0 30.6 422 20.4
DETR | DETR-GA | 79.4 +504) 59.2 (+28.6)  60.0 (+17.8)  48.5 (+28.1)

Table 6. While CNN and DETR detectors perform comparably
for direct cross-domain deployment, DETR-GA brings larger im-
provement and achieves higher CDWSOD accuracy.

ment over direct cross-domain deployment. In Table 6,
the “source-only” row indicates the model is trained on
the source domain and directly deployed on the target do-
main. For the pure-CNN detectors, we choose two meth-
ods, “DT+PL” [21] and H?FA [58]. “DT+PL is arguably
the earliest and the most popular CDWSOD method, while
H?FA is the most recent state-of-the-art method. For fair
comparison, we report their results based on the ResNet-
101 backbone. From Table 6, we draw two observations as
below:

First, under the direct cross-domain deployment, the
achieved results of DETR-style detector and pure-CN de-
tector are very close. On Clipart..s:, Watercolor and
Comic, DETR (DN-DETR, in particular) is slightly higher
than Faster RCNN by 1.1%, 0.8% and 0.5% mAP, respec-
tively, while on Clipart,;;, DETR is -0.2% mAP lower. We
thus infer that DETR does not always promise superiority
on the cross-domain object detection task.

Second, DETR-GA achieves larger improvement for
CDWSOD. On these datasets, weakly-supervised domain
adaptation brings 50.4%, 28.6%, 17.8% and 28.1 mAP im-
provement for DETR, which are larger than (or compara-
ble to) the improvement on the pure-CNN detector. There-
fore, though the direct cross-domain deployment results are
close, the proposed DETR-GA achieves higher CDWSOD
accuracy than the pure-CNN detectors. It validates our key
argument, i.e., DETR can better exploit image-level super-
vision for CDWSOD.

4.4. Ablation study

Table 7 investigates the major components of DETR-GA
through ablation on four benchmarks. We use CQ and FQ
to indicate the class query and foreground query for brevity.
The baseline adopts only common practices [53, 58] for
aligning the backbone features. We draw some important
observations below.

DETR-GA gains individual benefit from each com-
ponent, particularly from the proposed CQ and FQ. Com-
paring Lines (c)-(d) against the source-only model in Line
(a), we observe that each component alone brings notice-
able improvement. Moreover, the CQ and FQ make the
most prominent improvement. For example, on Clipart. ¢,
using the CQ and FQ improve the accuracy by +20.8% and
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baseline CQ FQ Comic Clipart; o<+
(a) 20.4 30.6
(b) v 43.3 (+22.9) 49.3 (+18.7)
(c) v 42.5 (+22.1) 51.4 +208)
(d) v 44.3 (4239 53.6 (+23.0)
(e) v v 47.7 (+27.3) 56.6 (+26.0)
f) v v 46.1 (+25.7) 54.4 (+238)
(g) v v 47.8 (+27.4) 58.1 (+27.5)
(h) v v v 48.5 +28.1) 59.2 (+28.6)

Table 7. Effectiveness of different modules in DETR-GA, where
mean AP performance (%) over all classes is reported. We use CQ
and FQ to indicate the class query and foreground query.

80 Source = Average Pooling = Class Query
60
S
o
% 40
£
20
0
aero bike bird boat bottle bus mean

Figure 3. Mean AP (%) performance on Clipart..s-. We compare
the class query with average pooling on the encoder. We only show
the first 6 classes and average accuracy for brevity.

Foreground Query Position Embedding Weight Sharing Map
v 515
v v v 51.6
4 v 53.6

Table 8. Effectiveness of different settings for foreground query.
The mean AP performance (%) on Clipart..s: is reported.

+23.0% mAP, respectively.

Combining these components achieves complemen-
tary benefits. For example, combining CQ and FQ (Line
(f)) is higher than using only CQ (FQ) by + 5.2 (0.8) mAP.
Based on “CQ + FQ”, adding the common practices on the
backbone further brings 0.9 and 4.8 mAP on Comic and
Clipart; .5t , respectively.

Investigation on the class query. We compare two
global aggregation methods for the encoder, i.e., the pro-
posed class query and the popular average pooling. The
results are shown in Figure 3. It is observed that using aver-
age pooling achieves some improvement but is significantly
inferior to the proposed class query. The reason is that the
class query has some capability to exclude the distraction
from non-relevant regions (as shown in Figure 1) and thus
facilitates better global aggregation.

Investigation on the foreground query. The fore-
ground query is correlated with the object queries but has
no position embedding. We validate these two designs in
Table 8. We observe that: 1) canceling the correlation be-
tween foreground query and object queries (the 1st row) de-
creases the mAP by 2.1, and 2) using position embedding

Figure 4. The attention map of (a) the foreground query without
position embedding, and (b) the foreground query with position
embedding. Adding position embedding compromises the global
aggregation capability of the foreground query.

decreases the mAP by 2.0.

Moreover, we visualize the attention map of the fore-
ground query in Figure 4. From Figure 4 (a), it is observed
that the foreground query roughly attends to all the poten-
tial foreground. However, if we add position embedding to
the foreground query (and still maintain the image-level su-
pervision), the foreground query is prone to local focus and
misses some important regions, as shown in Figure 4 (b).

5. Conclusion

In this work, we propose DETR with additional Global
Aggregation (DETR-GA) for cross-domain weakly super-
vised object detection (CDWSOD). The main idea of
DETR-GA is very straightforward: we add multiple class
queries for the encoder and a foreground query for the de-
coder, respectively, to aggregate the semantics into image-
level predictions. The class queries in the encoder are
able to aggregate the global semantics corresponding to
the classes. And the foreground query in the decoder
is correlated with the object queries, thus combining the
strong and weak supervision spontaneously benefits domain
alignment. Extensive experiments show the superiority of
DETR-GA over the competing state-of-the-art.

Limitations. Deformable DETR is another popular
DETR-style detector, which replaces the origin attention
in DETR [3] with deformable attention. Although the cur-
rent class query is compatible to the Deformable DETR en-
coder (in the supplementary material), we think exploring
deformable-attention-based class query might fit it better.
Acknowledgements. This work was supported by the Fun-
damental Research Funds for the Central Universities (No.
226-2022-00051), National Key R&D Program of China
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