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Abstract

Domain Adaptive Object Detection (DAOD) transfers knowl-
edge from a labeled source domain to an unannotated tar-
get domain under closed-set assumption. Universal DAOD
(UniDAOD) extends DAOD to handle open-set, partial-set,
and closed-set domain adaptation. In this paper, we first un-
veil two issues: domain-private category alignment is crucial
for global-level features, and the domain probability hetero-
geneity of features across different levels. To address these is-
sues, we propose a novel Dual Probabilistic Alignment (DPA)
framework to model domain probability as Gaussian distribu-
tion, enabling the heterogeneity domain distribution sampling
and measurement. The DPA consists of three tailored mod-
ules: the Global-level Domain Private Alignment (GDPA),
the Instance-level Domain Shared Alignment (IDSA), and
the Private Class Constraint (PCC). GDPA utilizes the global-
level sampling to mine domain-private category samples and
calculate alignment weight through a cumulative distribution
function to address the global-level private category align-
ment. IDSA utilizes instance-level sampling to mine domain-
shared category samples and calculates alignment weight
through Gaussian distribution to conduct the domain-shared
category domain alignment to address the feature heterogene-
ity. The PCC aggregates domain-private category centroids
between feature and probability spaces to mitigate negative
transfer. Extensive experiments demonstrate that our DPA
outperforms state-of-the-art UniDAOD and DAOD methods
across various datasets and scenarios, including open, partial,
and closed sets.

Code — https://github.com/zyfone/DPA

Introduction

Object detection has made significant progress in recent
years (Li et al. 2021b; Jia et al. 2023; Zhao et al. 2024).
However, the well-trained object detector failed to general-
ize in novel domain scenarios due to domain shift. Domain
Adaptive Object Detection (DAOD) (Krishna, Ohashi, and
Sinha 2023; Huang et al. 2024) transferring from the source
domain to the unlabelled target domain to overcome domain
shift and has been widely applied in medical analysis (Pu

“These authors contributed equally.

Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

10644

Domain-private Category 4
25% 50%
06 o.
Source Domain

75%

Mean
0% “Probability, Gap; |
0.0081 ¥

Mean
o| “Probability Gap:
0.0252 ) JyiN
Vel/‘nx“r“""”’ Uil

Mean
51 “Probability Gap:

A e i
A ot s
VY w] W

00237,

Global-level

Iy

E

05 5
1000 >0 200 400 00 800 1000°° 6 200 400 00 800 1000

06 06]

Mean

Probability Gap:
L 0171 A
Ay Wil

n“‘./* P

Mean

Mean
Probability Gap:

Probability an:l
it

0,173
th‘v*“l A

10,172
g

L) " i
e Aokt A
i S VY v

= Instance-level

3

03 . . o.
6 200 400 600 80 1000 -~ 6 200 400 600 80 1000 0 6 200 400 660 800 1000

Figure 1: The visualization of domain probability in the do-
main discriminator!. (a) As the number of domain-private
categories increases, a more distinct gap emerges between
the two domains at the global level, suggesting the align-
ment of the domain-private category. (b) With the in-
creases of the domain-private category, the mean probability
gap remains approximately constant at the instance level, in-
dicating the alignment of domain-shared category.

et al. 2024; Ali et al. 2024; Liu, Li, and Yuan 2023), au-
tonomous driving (Cai et al. 2024; Shi, Zheng, and Chen
2024) and robotic understanding (Chapman et al. 2023; Li
et al. 2024). However, DAOD is limited by the closed-set
assumption (Ben-David et al. 2010; Li et al. 2023c¢) failing
to generalize to real-world scenarios. To address this, Uni-
versal DAOD (UniDAOD) endows DAOD with open-set do-
main adaption capabilities to overcome label shifts without
prior knowledge of categories. The former work, US-DAF
(Shi et al. 2022), leverages the threshold filter mechanism
and the scale-sensitive domain alignment. CODE (Shi et al.
2024b) adopts virtual domain alignment to avoid aligning
domain-private category samples to mitigate negative trans-
fer. Other methods (Lang et al. 2023; Shi et al. 2024a) adopt
dynamic weighting for domain-private categories to facil-
itate positive transfer. Essentially, existing UniDAOD ap-
proaches align shared categories at both the global and in-
stance levels while ignoring the alignment of domain-private
categories.

Despite significant progress in recent years, the current

"The horizontal axis is training iteration (x 100), and the verti-
cal axis is the probability of domain discriminator.



UniDAOD paradigm encounters two major issues that result
in suboptimal domain alignment. The first issue is that they
overlook global feature alignment with domain-private cat-
egories. Due to the agnostic prior category knowledge, ex-
isting methods (Lang et al. 2023; Shi et al. 2024a) primarily
focus on estimating the domain-shared category set to mit-
igate negative transfer, wrongly assuming that both global
and instance features fairly contribute to the domain-shared
alignment. For the first time, we empirically reveal the issue
of this assumption in Fig. 1. We claim the fact is that global-
level features tend to align domain private categories, while
instance-level features tend to align domain shared cate-
gories, which can also be thoroughly justified in Fig. 4. This
phenomenon motivates us to revisit the UniDAOD domain
alignment, focusing on the domain-private category align-
ment at the global level for UniDAOD.

The second issue is the heterogeneity of features at differ-
ent feature levels. Since the global feature is a rough repre-
sentation of entire input images, while the instance feature
corresponds to object instances, the feature gap results in
significant differences in domain probabilities. Existing ap-
proaches address this by employing different thresholds and
entropy functions, but these methods require manual param-
eter tuning. In addition to that, adopting advanced UniDA
frameworks such as clustering (Saito et al. 2020; Li et al.
2021a), optimal transport (Chang et al. 2022), and mutual
learning (Lu et al. 2024) are complex and challenging to
adapt to detection tasks.

To address these issues, we propose a novel Dual Prob-
abilistic Alignment (DPA) framework. For the first issue,
we conduct a theoretical analysis to unveil that domain-
private alignment is crucial for global-level features. There-
fore, we propose a Global-level Domain Private Alignment
(GDPA) module that includes global-level sampling, align-
ment weight calculation, and global-level domain alignment.
Global-level sampling aims to mine domain-private cate-
gory samples. Alignment weight calculation involves the cu-
mulative distribution function to refine the distribution dis-
tance estimation as the weight, thereby conducting global-
level domain alignment to address the domain-private align-
ment issue. For the second problem, we conduct a tailored
domain-shared category alignment at the instance-level fea-
tures. To effectively obtain the domain-shared category, we
propose a novel unsupervised clustering perspective. We set
the domain label as the center and map samples to domain
probabilities to calculate the gradient norm (distance). We
then model the frequency of the gradient norm as a Gaussian
distribution using bins. The continuous frequency bins of
the samples represent those within a certain radius (the sum
of bins). Therefore, we propose an Instance-level Domain
Shared Alignment (IDSA) method consisting of instance-
level sampling, alignment weight calculation, and instance-
level domain alignment. The instance-level sampling utilizes
a Gaussian distribution modeling to select domain-shared
category samples. Alignment weight calculation involves
the Gaussian distribution statistical properties as the weight,
thereby conducting instance-level domain alignment to ad-
dress the heterogeneity of features across different levels.
According to the upper bound obtained by theoretical anal-

10645

ysis, the PCC module aggregates domain-private category
centroids and conducts cross-space consistency in the pri-
vate category to mitigate negative transfer. In conclusion,
our key contributions are as follows:

* We first reveal that domain-specific alignment is crucial
for global-level features. Additionally, we provide a the-
oretical analysis of the upper bound of UniDAOD to sup-
port this observation.

A novel unsupervised clustering perspective is proposed
to sample the instance samples through continuous fre-
quency bins of the gradient norm as the sampling radius
on the Gaussian distribution modeling.

* We propose a novel Dual Probabilistic Alignment (DPA)
framework. DPA aligns domain-private categories at the
global and domain-shared categories at the instance level.
In addition, the DPA aggregates domain-private cate-
gories centroid between feature and probability spaces
to mitigate negative transfer.

Extensive experiments across open-set, partial-set, and
closed-set scenarios demonstrate that the DPA frame-
work achieves state-of-the-art performance, significantly
surpassing existing UniDAOD methods.

Related Work
Domain Adaptive Object Detection (DAOD)

DAOD addresses the covariate shift from labeled data in
the source domain to the unlabeled target domain un-
der the closed-set categories. Existing DAOD methods can
be categorized into adversarial training and mean teacher
paradigms. As for adversarial training, DAF (Chen et al.
2018) incorporates global and instance alignment modules
based on the Faster-RCNN detector, while incremental vari-
ants (Krishna, Ohashi, and Sinha 2023) improve global and
instance alignment. ATMT (Li et al. 2023a) explores the
potential of self-supervised learning, and EPM (Hsu et al.
2020) introduces a new FCOS detector. Li et al. propose
graph-based alignment methods (Li et al. 2022; Li, Liu, and
Yuan 2022b) to align class-conditional features, with IGG
(Li et al. 2023b) enhancing graph generation by effectively
addressing non-informative noise. As for the mean teacher
paradigm, existing works (Chen et al. 2022b; Deng et al.
2023; Cao et al. 2023; Li, Guo, and Yuan 2023; Liu et al.
2022) focus on generating pseudo-labels for the target do-
main. In general, existing DAOD works have limited gener-
alizability in open-world scenarios.

Universal Domain Adaptation (UniDA)

UniDA (You et al. 2019) is a general paradigm for partial-
set (Zhang et al. 2018), open-set (Panareda Busto and Gall
2017), and closed-set domain adaptation (Tzeng et al. 2017).
The existing UniDA can be categorized into four paradigms,
including threshold, clustering, optimal migration, and mu-
tual learning. The threshold methods (You et al. 2019; Fu
et al. 2020; Chen et al. 2022a) estimate inter-sample un-
certainty to identify shared categories, often relying heav-
ily on manually set thresholds. Clustering-based UniDA
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Figure 2: Illustration of the proposed DPA framework. (a) GDPA establishes the global-level embedding feature to sample the
outlier in the feature space, then applies a CDF of Gauss distribution to weighting the probability distribution. (b) IDSA obtains
the gradient norm of instance probability and models it as a Gauss distribution for sampling and weighting. (c) PCC obtains the
domain-private common centroid and constraints distances of samples to the centroid between feature and probability spaces.

methods (Saito et al. 2020; Li et al. 2021a) have been de-
veloped to distinguish shared categories. UniOT (Chang
et al. 2022) introduces optimal transport to detect shared
categories. Despite diversity advancements in classification
tasks, UniDAOD remains in its early stages. US-DAF (Shi
et al. 2022) conducts scale domain alignment and uses
thresholds for sample mining. Recently, UCF (Lang et al.
2023) and W-adapt (Shi et al. 2024a) employ weighting
mechanisms to mitigate the negative transfer of private cate-
gories. CODE (Shi et al. 2024b) leverages virtual domain la-
bels to avoid domain-private samples alignment. In general,
existing UniDAOD methods perform domain-shared cate-
gory alignment at both the global and instance levels but
overlook the alignment of domain-private categories.

Theoretical Motivation

We theoretically analyze the error risk upper of UniDAOD
for shared and private categories based on Unsupervised Do-
main Adaptation (UDA) Theory (Ben-David et al. 2010).

Definition 1. Universal Domain Adaptation (UniDA). We
define source and target domains with data x/, with distri-

bution {Ds /t|Pe~p, # PzNDt}, and a label function ) :
x — {c,c*}, where c is the domain-shared categories and
* is the domain-private categories. For simplicity, we omit
the s/t notation unless explicitly indicated. The goal of
UniDA is to train a model h that can minimize the er-
ror risk of shared categories in target domain e.(h)
min K, ()~ [h(z) # ¢(x)].
Definition 2. Private and Shared Category Error Risks.
Given the input z draw from the distribution D with the label
function v, we can get the error risk as follows:

|—/|h Z)| Pa,p dz. (1)

We can decompose Eq. (1) into the domain-shared cate-
gories and domain-private categories and let Fj, ,, denote

€(h) = Eonp |h(z)
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|h(z) — ()] as follows:

h) = / -F}L,’L/) ,P:c,‘gb d13+/ ‘F}L,’di ,PCC,‘LP dl’ = ec(h)+60* (h)7
@)

where e.(h) and €. (h) are the error risk for domain-shared
and domain-private categories. Then, we define a symmetric
hypothesis space H based on the error risks upper bound of
UDA (Ben-David et al. 2010) and combined with Eq. (2) to
obtain the error risks upper bound for UniDAQOD as follows:

eb(h) < €' (h) — ehe (h) + d5, (DS, D) + dy (D™, D5™)
N~~~ > —

Lpcc LappPA

¥s(z )]+Ex~1>c [the(z) — s ()] -

at instance-level
z~DE

Ldet

+ EacwD‘* [¢t( )

L at global-level
pc

arg ming arg ming
T~

3

Remark 1. Existing UniDAOD methods (Shi et al. 2022;
Lang et al. 2023; Shi et al. 2024b,a) employ the domain
shared category domain alignment d5, (D5, Dy ) for both the
global and instance level features, ignore domain-private
category alignment d$; (DS*, D* ) and maximize target do-
main error risk €%. (h) of the domain-private categories. This
oversight leads to an increase in the upper bound of the
domain-shared categories, denoted as €. (h), in the target do-
main. In UniDAOD, this issue pertains to the global-level
domain-private category alignment and the instance-level
domain-shared category alignment. This conclusion is con-
sistent with the observations in Fig. 1.

Dual Probabilistic Alignment Framework

Overview. The proposed DPA framework is depicted in Fig.
2. To minimize the upper bound €% (h) of the domain-shared
category of the target domain, DPA comprises GDPA, IDSA,
and PCC to optimal the terms in Eq. (3). GDPA minimizes



the domain-private category ¢* domain distribution discrep-
ancy dg_z (Dg* , Df*) for global-level features, and IDSA
minimizes domain-shared category domain distribution dis-
crepancy d5, (D5, Dy) for instance-level features. Addition-
ally, PCC maximize the domain-private category risk error
et.(h) of target domain.

c*

Global-level Domain Private Alignment (GDPA)

To align global-level domain-private category features, we
sample outliers in feature space and model the batch samples
as Gauss distribution for the cumulative distribution function
to estimate the domain distribution as the weights.

Global-level Sampling. The global-level sampling pro-
cess involves constructing the dynamic feature centroid and
updating the learnable radius. The embedding feature x.
through the encoder of the domain discriminator computes
the dynamic feature centroid and the learnable radius. The
dynamic feature centroid, denoted as C = M(yy), is derived
from the memory bank M € R2%<", The learnable radius ap-
plies the softplus activation function to calculate the bound-
ary d = log(1 + eV¥), where V € R? represents the
learnable boundary parameters and y, is the domain label.
Subsequently, we can calculate the distance from the sam-
ple to the feature centroid and perform sampling with the
learnable boundaries as follows:

Qg ={i | llws — Cll2 > d},

o5 _ (i @)
Qg ={i | |z = Cll2 < d},

where 25 represents the negative sample indexs and Q5
represents the positive sample indexs. Finally, we update the
feature centroid and the learnable radius. The memory bank
M(yq) = M(yq) -7 +Z. - (1—7) is adjusted using a momen-
tum update as T = M
Zello- IM(ya)ll
represents the mean of the current batch of embedding fea-
tures. Additionally, the learnable radius is updated based on
the boundary loss Lyoung as follows:

where 7, = 1 Y "z ;

S e (d- i~ Cl) + (1) (e — €l — d)

1=1

5)
where ¢; = 1(i € Q?) is indicator function. In contrast to
the existing UniDAOD threshold methods (Shi et al. 2024b,
2022), GDPA sampling is data-driven adaptive updating.
Calculating Alignment Weight. We obtain the domain
probability of embedding feature p, = Fp, (x.) through the
global level domain discriminator D,. To model the Gaus-
sian distribution for the probabilities of the current batch, we
estimate expectation 1, = + > " pgy; and variance o2 =
L 5" (pg,i — Hg)*. After that, we adopt the cumulative dis-
tribution function (CDF), which is calculated as the weight
for domain alignment as follows:

ﬁbound =

(©)

where erf(-) is the Gauss error function, and z is the mean
of the probability distribution for adversarial training. As il-
lustrated in Fig. 5, we observe that as the shared category
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ratio 5 = ggg: decreases, the weights % exhibit

increased scaling to accommodate a substantial domain gap.

Global-level Domain Alignment. To achieve global-level
alignment, the gradient reversal layer is employed with focal
loss as follows:

Tneg

1 P
Lgppa = — (1 —ps,;)" logps,i
nee 4 [ 1-9 ’ ’
Tneg <= L s + ( t) o
(1 _(I’t) ¥
UL S E A |
Y e <I)t)pz,l( 0g pt,i)

where vy is the gamma parameter, p is the probalibity of the
domain discriminator, and nye, € €2g°* represents the nega-
tive samples numbers.

Instance-level Domain Shared Alignment (IDSA)

To efficiently align the domain-shared category at the in-
stance level, we calculate the gradient norm of the instance
samples to model a Gaussian distribution to discard outlier
samples and estimate the weight of the domain-shared cate-
gory samples to improve domain alignment.

Instance-level Sampling. The instance-level sampling pro-
cess involves constructing the probability space and the
sampling criteria. First, we build the probability space to
model the Gaussian distribution. The number of 7 instance-
level features x, is generated by the domain discrimi-
nator Fp, to calculate the domain probabilities p,
Sigmoid (Fp, (z,)). The domain probabilities are used to
compute the gradient norm 7,, for each instance as 7,
|pv — ya|, where y4 is the domain label. We then con-

struct the gradient norm bins {2 {i- i € Z} to cal-
culate the gradient norm frequencies 7, which model the
Gaussian distribution with the minimum interval v
argmin { (g — pin) - pstd 61, where § is the hyperpa-
rameter. For the sampling criteria, we leverage the statistical
characteristics of the Gaussian distribution. The first sam-
pling criterion involves filtering out samples in noncontin-
uous frequency bins. The second criterion is related to the
characteristic of the Gaussian distribution, where the fre-
quency of filtered bins is lower than that of continuous bins.
The sampling process is as follows:

WP ={i|7 >0, ij11 —i; =1,Vj},
G ={i|i g B>, 1 <1},

®)

where 7,, denotes the frequency in the first and last continu-
ous bins in positive samples (2P°°. The sum of the bins rep-
resents the sampling radius from the feature centroid in the
feature space, which dynamically adjusts the bins following
a Gaussian distribution of the source or target domain data
during adversarial training.

Calculating Alignment Weight. These negative instances
are excluded from the instance alignment through the in-
stance weight as follows:

|

mean
v

W, € %8,
W, € Q3%

0,
mean _

|n 0.5
I-= 0.5 )

©)

where 7 is the mean value of the gradient norm 7,,.



Methods

‘boat bottle bus car cat chair

cow table dog horse motor person plant sheep sofa‘mAP

Source Only 31.8 412 31.1 347 5.1 337
DAF (Chen et al. 2018) 372 38.0 269 359 23 352
MAF (He and Zhang 2019) | 24.2 429 35.1 323 11.0 41.7
HTCN (Chen et al. 2020) |25.9 47.8 36.0 32.8 11.3 394
UAN (You et al. 2019) 26.6 37.7 482 31.5 86 328
CMU (Fu et al. 2020) 147 419 525 347 9.2 365
SFA (Wang et al. 2021) 252 305 243 22.1 1.6 283
US-DAF (Shi et al. 2022) |34.9 40.8 28.9 364 17.7 384
UCF (Lang et al. 2023) 36.2 443 283 37.1 22 360
CODE (Shi et al. 2024b) | 36.8 45.1 42.0 37.7 184 445

23.0 20.7 83 430 527 496 406 17.0 13.8]29.8
240 285 42 338 547 594 584 134 179|313
224 326 6.7 400 59.1 527 410 241 179|322
51.7 18.7 10.5 409 563 579 494 213 204|347
2377 31.6 24 366 56.6 428 448 147 16.4] 30.3
38.1 21.0 7.6 37.0 486 557 445 17.7 21.1]| 32.1
375 234 26 199 431 470 390 16.8 22.0]| 255
64.6 28.0 103 458 645 625 52.1 258 24.8]| 384
619 27.7 40 399 647 642 526 209 269| 36.5
47.7 331 84 457 692 61.7 50.7 255 246|394

DPA (Ours) [329 46.0 62.1 414 42 420

644 333 81 405 671 642 578 321

25.1| 41.4

Table 1: Comparison on Pascal VOC to Clipartlk (Open-set: 8 = 75%,Cs N Cy # 0, Cs \ Cy # 0,0y \ Cs # 0).

Methods | bus car cat chair cow table dog horse motor person | mAP
Source Only 433 330 84 321 240 287 69 349 518 42.5 30.6
DAF (Chen et al. 2018) 375 328 102 403 272 313 41 410 555 52.0 332

MAF (He and Zhang 2019) | 37.1 31.1 9.7 38.1
HTCN (Chen et al. 2020) 29.5 344 173 338

UAN (You et al. 2019) 489 264 146 36.7
CMU (Fu et al. 2020) 333 328 81 415
SFA (Wang et al. 2021) 294 283 144 305
US-DAF (Shi et al. 2022) 3.3 419 73 429
UCF (Lang et al. 2023) 324 374 40 335
CODE (Shi et al. 2024b) 50.0 388 195 42.0

199 291 25 373 507 50.0 30.6
50.6 140 3.6 469 747 58.5 36.3
499 300 32 399 56.1 52.0 35.8
555 246 56 433 549 60.4 36.0
294 130 3.1 268 61.6 29 27.9
643 300 57 448 695 61.9 40.0
593 402 44 390 58.1 61.7 37.0
469 345 135 437 643 529 40.6

DPA (Ours) | 45.0 413 137 38.0

64.9 300 138 458 74.0 60.2 | 42.7

Table 2: Comparison on Pascal VOC to Clipartlk (Open-set: 8 = 50%, Cs N Cy # 0, Cs \ Cy # 0,Cy \ Cs # 0).

Instance-level Domain Alignment. This processing aims
to provide instance-level features into the domain discrimi-
nator for adversarial training to achieve domain alignment.
Based on the obtained weights W,,, the loss function of the
IDSA module is as follows:

1 n
= —= v 1— ul v v Pu 1-1 v) ),
Lipsa ﬁz;w (1= puv)log(pv) + W - pu(1 —log(py))

(10)
where 7 is the number of instance proposals. By optimizing
the function Lipga in adversarial training, the IDSA module
mitigates negative transfer caused by domain-private feature
alignment. It calibrates the domain-shared feature distribu-
tion according to a Gaussian distribution to enhance positive
transfer between source and target domains.

Private Class Constraint (PCC)

Given the instance-level feature z,, and the domain prob-
abilities p,,, we first perform a classifier head to establish
domain-private categories for both the source domain and
the target domain: {c} | 9, N sz = (}7". To aggregate the
centroids of domain-private categories in feature and prob-
ability spaces, we calculate the feature centroid z,, and the
probability centroid p,,. We then conduct the cosine simi-
larity distance G; = ||x,,; — ||, and probability samples
gi = |[pv,i — Pvl|, to centroid to measure intra-domain dis-
tances. To measure the intra-domain distance, we use cosine

similarity, defined as e/, = - > ;" AP F{nally,
we employ the mean squared error (MSE) loss function to
minimize the inter-domain distance, as follows:

Lrcc = (65 — &) (11)

The loss function Lpcc optimizes the network by adopting
a gradient detach for the source domain.

Optimization
The training loss of the DPA is represented as Lppa, which
consists of the following loss terms:

Lppa = Laet + Lappra + Lipsa + aLlpcc, (12)

where Lge; is the Faster-RCNN detector loss. Lgppa and
Lipsa are the domain alignment losses for the GDPA and
IDSA modules at the global and instance levels, respectively.
The Lppa is optimized using the SGD optimizer. The bound
loss Lpouna 1S optimized using the Adam optimizer with a
learning rate set to 0.1. The hyperparameter of « is O for the
initial epoch and 0.1 thereafter.

Experiments
Implementation Details

We conduct extensive experiments following the setting (Shi
et al. 2022) for three benchmarks: open-set, partial-set, and
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Methods | plane bicycle bird boat bottle| mAP
Source Only | 33.2 55.7 254 29.2 41.6 | 37.0
DAF 31,5 425 252 344 50.8 | 36.9
MAF 293 57.0 27.1 339 41.8 | 37.8
HTCN 325 530 24.1 27.0 484 | 370
UAN 356 559 27.1 28.2 442 | 382
CMU 455 527 28.8 294 40.1 | 39.3
SFA 284 324 272 342 342|313
US-DAF 442 57.5 279 322 40.5 | 40.5
UCF 358 529 28.6 20.8 55.7 | 38.8
CODE 42.1 614 262 32.1 44.1 | 41.2
DPA (Ours) ‘ 40.8 58.1 282 33.7 52.0 ‘ 42.5

Table 3: Comparison on Pascal VOC to Clipartlk (Open-set:
ﬁ = 25%7Cémct 7é ®7CS\Ct 7& 07015\08 7é w)

Methods  |bicycle bird car cat dog person|mAP
Source Only| 29.8 50.2 47.1 62.2 51.5 57.8 |49.8
DAF 29.5 53.8 50.6 58.1 48.1 56.5 |49.4
MAF 28.5 50.0 46.8 59.4 50.2 58.6 |48.9
HTCN 26.4 43.0 46.5 50.8 44.0 53.9 |44.1
UAN 33.6 52.1 53.8 62.4 52.2 56.1 |51.7
CMU 369 51.2 53.3 59.3 51.7 599 |52.0
CODE 39.6 53.1 54.7 57.6 56.1 57.8 |53.1
SFA 44 174 11.1 149 20.1 184 | 144
US-DAF 35.0 52.4 52.7 63.1 54.3 59.8 |52.9
UCF 34.8 52.0 53.8 61.9 54.2 60.5 |52.9
DPA (Ours) ‘ 31.3 55.2 56.4 61.1 62.1 583 ‘ 54.1

Table 4: Comparison WaterColor to Pascal VOC (Partial-set:
B =30%,Cs C Cy).

Methods  |bicycle bird car cat dog person|mAP
Source Only| 82.4 51.7 48.4 39.9 30.7 59.2 | 52.0
DAF 734 519 43.1 35.6 28.8 63.1 |49.3
MAF 70.4 503 44.3 36.7 30.6 62.9 |49.2
HTCN 74.1 49.8 51.9 35.3 35.3 66.0 | 52.1
UAN 78.0 53.6 50.4 36.4 35.8 65.6 | 53.3
CMU 82.0 53.9 48.6 39.6 33.1 66.0 | 53.9
SFA 37.1 393 323527 9.9 34.1 |34.2
US-DAF 86.5 54.1 50.0 43.0 34.0 63.2 |55.2
UCF 84.8 52.1 49.8 40.6 33.8 63.2 | 54.1
CODE 87.9 553 50.7 38.9 347 67.5 |55.8
DPA (Ours) ‘ 86.1 53.550.3 44.1 38.1 65.6 ‘ 56.3

Table 5: Comparison on Pascal VOC to WaterColor (Partial-
set: 8 = 30%, Cs D C}).

closed-set. The baseline approach (Chen et al. 2018) adopts
Faster-RCNN as the base detector with the focal loss, and
the backbone is ResNet-101 (He et al. 2016) or VGG-16 in
(Simonyan and Zisserman 2014) pre-trained on ImageNet
(Deng et al. 2009), which adopt VGG-16 in Cityscape to
Foggy Cityscape and other benchmarks adopt the ResNet-
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Methods DA Settings mAP
SFA (Wang et al. 2021) DAOD 413
SCAN++ (Li, Liu, and Yuan 2022a) DAOD  42.8
SIGMA++ (Li, Liu, and Yuan 2023) DAOD  44.5
US-DAF (Shi et al. 2022) UniDAOD 37.8
UCF (Lang et al. 2023) UniDAOD 34.2
CODE (Shi et al. 2024b) UniDAOD 42.1
DPA (Ours) UniDAOD 46.3

Table 6: Comparison on Cityscape to Foggy Cityscape
(Closed-set: 8 = 100%, Cs = C).

101. The DPA model optimized training iterations are 100k,
with an initial learning rate of le-3 and a subsequent de-
cay of the learning rate to 1e-4 following 50k iterations. The
detection performance is evaluated with the mean Average
Precision (mAP) metric, and the threshold of mAP follows
the setting (Shi et al. 2022) to set 0.5.

Datasets and Domain Adaptation Settings

We evaluate our DPA framework on five datasets across
three domain adaptation scenarios (open-set, partial-set,
and closed-set): Foggy Cityscapes (Sakaridis, Dai, and
Van Gool 2018), Cityscapes (Cordts et al. 2016), Pascal
VOC (Everingham et al. 2010), Clipart1k (Inoue et al. 2018),
and Watercolor (Inoue et al. 2018). In the open-set sce-
nario, there are shared and private categories in both the
source and target domains. We introduce mutil ratios 5 =
{0.25,0.5,0.75} to construct different shared category ra-
tios § = % benchmarks. In the partial-set scenario, the
category set of the source domain is the subset for the tar-
get domain, and vice versa. In the closed-set scenario, the
categories in the target and source domains are identical.

Comparisons with the State-of-the-Arts

Open-set scenario. Tables 1, 2, and 3 present the open-set
domain adaptive object detection performance from Pascal
VOC to Clipartlk under different category overlap ratios
B. The proposed framework consistently achieves state-of-
the-art performance across various category settings com-
pared to other methods. Compared to related DAOD meth-
ods (HTCN, MAF, DAF, SFA), the proposed DPA frame-
work demonstrates significant performance advantages. Ad-
ditionally, in comparison with UniDAOD methods (CODE,
US-DAF, CMU, UAN, and UCF), the proposed DPA frame-
work also exhibits superior performance.

Partial-set scenario. The results of the partial-set domain
adaptation are presented in 4 and 5. In the partial-set
scenario, the private categories are exclusively present in
the source or target domain, leading to negative transfer.
The proposed DPA method effectively addresses this issue
and outperforms other approaches by a significant margin,
achieving 54.1% and 56.3% mAP. For the domain-private
category in the target domain (Cs C C}), DPA enhances
performance by 1.2% compared to the UniDAOD method
(US-DAF), as shown in Table 4. For the domain-private cat-



Ratio 8 5% 50% 25%
Baseline 339 379 382
DPA w/o GDPA 383 39.7 40.1
DPA w/o IDSA  36.3 40.1 39.9
DPA w/o PCC 40.7 424 394
DPA (Ours) 414 427 425

Table 7: Ablation study on Pascal VOC to Clipartlk (Open-
set: 8 = 75%, 50%, 25%).

egory in the source domain (Cs D C}), DPA improves per-
formance by 4.2% compared to the DAOD method (HTCN).
Closed-set scenario. The closed-set scenario results are
shown in Table 6 show that although existing UniDAOD
methods (Shi et al. 2024b,a) integrated with advanced
DAOD methods achieve notable performance improvements
on closed-set, the DAOD methods significantly outperform
the UniDAOD methods. This advantage comes from DAOD
under the closed-set assumption, while UniDAOD priori-
tizes dealing with label shifts in open environments. The
proposed DPA framework exhibits satisfactory performance
in closed-set scenarios through probability modeling.

Ablation Study

We conduct ablation experiments on each submodule, with
the corresponding results presented in Table 7. In these ex-
periments, each module of the proposed DPA framework im-
proves performance. The GDPA and IDSA modules provide
significant gains when the domain-shared categories ratio is
high (8 = 50%, 75%), while the PCC module leads to more
substantial improvements when the ratio is low (8 = 25%).

Category-wise Performance Analysis

To compare the performance of the proposed method with
existing DAOD and UniDAOD methods in terms of posi-
tive and negative transfer, we present the performance gains
of DAOD and UniDAOQOD relative to the source-only model
in Fig. 3. The DAOD methods exhibit significant negative
transfer, where DAF, MAF, and HTCN drop by approxi-
mately 2%, 4%, and 1% AP in class 0, respectively. In con-
trast, the UniDAOD methods mitigate negative transfer, with
CODE and DPA achieving positive transfer of around 3%
and 10% in class 4, respectively. This category-wise perfor-
mance analysis proves that the proposed method effectively
combats negative transfer and strengthens positive transfer.

Qualitative Open-set Alignment Analysis

We further analyze the probability gap in our DPA frame-
work for open-set alignment. As shown in Fig. 4(a), the
global-level mean probability gap is more pronounced in
our DPA, highlighting its effectiveness in distinguishing
domain-private categories. In contrast, Fig. 4(b) shows a
smaller mean probability gap at the instance level, demon-
strating that our DPA better aligns domain-shared cate-
gories. Additionally, we perform a weight quantitative anal-
ysis of global-level domain-private alignment, as illustrated
in Fig. 5. As the ratio of domain-private categories increases,
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Figure 3: Category-wise performance gain over the source-
only model (classes are plane, bicycle, bird, boat, and bot-

tle). Positive transfer is green, and negative transfer is red.
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Figure 4: Qualitative analysis of category alignment in terms
of the mean probability gap: (a) global-level features and (b)
instance-level features. The horizontal axis represents train-
ing iterations (x 100), and the vertical axis shows the proba-
bility of the domain discriminator. The benchmark is Pascal
VOC to Clipartlk. (8 = 25%).
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Figure 5: The weight quantitative analysis of global-level
domain-private feature. The horizontal axis is training it-
eration (x100), and the vertical axis is weight values

Qs /(1=Dy) - .
F.F(1=®,) in source and target domains.

the mean weight gap also increases, indicating that adver-
sarial training adaptively penalizes features associated with
domain-private categories through weight adjustments.

Conclusion

We propose a DPA framework for universal domain adap-
tive object detection with two kinds of probabilistic align-
ment. Inspired by a theoretical perspective, we propose a
GDPA module for aligning global-level private samples and
an IDSA module for aligning instance-level domain-shared
samples. To combat negative transfer, we propose a PCC
module to confuse the discriminability of private categories.
Extensive experiments are conducted on open, partial, and
closed set scenarios and demonstrate our DPA outperforms
state-of-the-art UniDAOD methods by a remarkable margin.
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