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Abstract

Universal Domain Adaptation (UniDA) targets knowl-
edge transfer in the presence of both covariate and la-
bel shifts. Recently, Source-free Universal Domain Adap-
tation (SF-UniDA) has emerged to achieve UniDA with-
out access to source data, which tends to be more prac-
tical due to data protection policies. The main challenge
lies in determining whether covariate-shifted samples be-
long to target-private unknown categories. Existing meth-
ods tackle this either through hand-crafted thresholding or
by developing time-consuming iterative clustering strate-
gies. In this paper, we propose a new idea of LEArn-
ing Decomposition (LEAD), which decouples features into
source-known and -unknown components to identify target-
private data. Technically, LEAD initially leverages the or-
thogonal decomposition analysis for feature decomposition.
Then, LEAD builds instance-level decision boundaries to
adaptively identify target-private data. Extensive experi-
ments across various UniDA scenarios have demonstrated
the effectiveness and superiority of LEAD. Notably, in the
OPDA scenario on VisDA dataset, LEAD outperforms GLC
by 3.5% overall H-score and reduces 75% time to derive
pseudo-labeling decision boundaries. Besides, LEAD is
also appealing in that it is complementary to most existing
methods. The code is available at https://github.
com/ispc-lab/LEAD.

1. Introduction
Deep neural networks (DNNs) have yielded impressive re-
sults in a variety of computer vision tasks [12, 18, 22, 42].
However, DNNs often fail to generalize well to new do-
mains due to the discrepancy between training (source) and
test (target) data distributions (i.e., covariate shift). Such
a shift poses significant challenges for some safety-critical
applications like autonomous driving [9, 10], or medi-
cal imaging [13, 31]. Unsupervised Domain Adaptation
(DA) [16, 23] aims to address this challenge by transferring
task-specific knowledge from a labeled source domain to an
unlabeled target domain. Despite promising results, most
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Figure 1. (a) Pseudo-label accuracy curves for target-private data
in the OPDA scenario on VisDA dataset. An observation is that
clustering-based GLC does not work well in deriving decision
boundaries for target-private data. This may be due to the curse
of dimensionality, leading K-means to faintly discerning clusters.
(b) Frequency distribution for the normalized feature magnitude of
target data in the source-unknown space (orthogonal complement
of the space spanned by source model weights). Features are on
task (A → D) in the OPDA scenario of Office-31. The results
show that target-private data are expected to involve more compo-
nents from source-unknown space, even with covariate shifts.

existing favorable DA methods [16, 20, 27, 45] assume that
the label spaces are identical across the source and target
domain, thus being only applicable to closed-set scenarios
and limiting applicability to practical applications.

To handle generalized cases, Universal Domain Adapta-
tion (UniDA) [47] was proposed to allow all potential label
shifts between source and target domains. Different from
existing methods specialized for Partial Domain Adaptation
(PDA) [3, 4], Open-set Domain Adaptation (OSDA) [35,
46], or Open-Partial Domain Adaptation (OPDA) [44, 54],
in UniDA, we have no prior knowledge about the label shift,
e.g., information on matched common classes or the num-
ber of categories in the target domain. Nonetheless, most
existing UniDA works [7, 25, 47] necessitate concurrent ac-
cess to source and target data. This requirement becomes in-
creasingly impractical in light of strict data protection poli-
cies [50]. In this paper, we focus on Source-free Univer-
sal Domain Adaptation (SF-UniDA) [28, 41], where only a
pre-trained source model is provided for knowledge transfer
rather than labeled source data.

The primary objective for UniDA is to recognize tar-
get data belonging to common categories and separate
them from target-private “unknown” data. Existing meth-
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ods have designed various criteria based on instance-level
predictions, e.g., entropy-based [14, 47, 54], confidence-
based [15, 24, 44]. However, defining a universal threshold
for all scenarios is challenging and often sub-optimal. To
mitigate tedious parameter-tuning, some methods start to
perform source and target consensus clustering to achieve
common and private data separation [7, 25]. Considering
that SF-UniDA is inaccessible to source data, GLC [41]
devises an iterative one-vs-all clustering strategy to realize
target-private data identification. Regardless of progress,
iterative clustering can be computationally intensive. Be-
sides, due to the curse of dimensionality [2], methods like
K-means are prone to overfitting and faintly discerning clus-
ters. This can be implied to some degree from Figure 1 (a).

In this paper, we propose to address the SF-UniDA prob-
lem from a new perspective, i.e., feature decomposition.
Our launching point is that, even though target data might
have shifted in the feature space, target-private data from
unknown categories are likely to exhibit a higher proportion
of components from the orthogonal complement (source-
unknown) space spanned by source model weights. The
frequency distribution of normalized feature magnitudes in
the source-unknown space depicted in Figure 1 (b) basi-
cally demonstrates our argument, which has been rarely ex-
plored in the literature. To materialize our idea, we pro-
pose the LEArning Decomposition (LEAD) framework. In
particular, LEAD initially leverages the orthogonal decom-
position to construct source-known and -unknown space.
The projection on source-unknown space is then regarded
as the discriminative representation with respect to target-
private categories. Different from existing thresholding
methods introducing a fixed global hand-crafted threshold
for all scenarios, LEAD deliberately considers the distance
to the target prototypes and source anchors to establish
instance-level decision boundaries. We analyze and evalu-
ate our LEAD under a variety of SF-UniDA scenarios, rang-
ing from PDA, OSDA, to OPDA. Extensive experiments
demonstrate the effectiveness and superiority.

The main contribution is the proposal of a LEArning De-
composition (LEAD) framework for source-free universal
domain adaptation (SF-UniDA). This solution leads to ele-
gant views for identifying target-private unknown data with-
out tedious tuning thresholds or relying on iterative unstable
clustering. Remarkably, in the OPDA scenario on VisDA,
LEAD attains an H-score of 76.6%, surpassing GLC [41]
by 3.5%. Besides, LEAD is complementary to most exist-
ing SF-UniDA methods. For instance, in the OPDA sce-
nario on Office-Home, LEAD advances UMAD [28] with
H-score improvement from 70.1% to 78.0%.

2. Related Work
Unsupervised Domain Adaptation. When DNNs en-
counter data from a distribution that differs from their train-

ing data, inevitable performance degeneration is commonly
observed. To address this issue, domain adaptation (DA)
[16, 23] has been introduced, leveraging labeled data from
source domains to train DNNs for unlabeled target domains
in a transductive learning manner. Existing DA methods can
be broadly categorized into two paradigms, namely moment
matching [11, 34, 48] and adversarial learning [16, 19, 21].
Regardless of their effectiveness in various applications
such as object recognition [16, 27, 39], semantic segmen-
tation [19, 48], and object detection [8, 21], most existing
approaches assume that label spaces are identical across the
source and target domains, limiting their applicability.

Universal Domain Adaptation. There have been some ap-
proaches introduced to deal with label-shift scenarios, such
as open-set domain adaptation (OSDA) [32, 35, 46], partial-
set domain adaptation (PDA) [3, 4], and open-partial-set
domain adaptation (OPDA) [15, 44, 54]. However, these
methods are often tailored to specific scenarios and may not
be readily applicable to other label shift situations. Uni-
versal domain adaptation (UniDA), on the other hand, is
designed to facilitate adaptation across all potential label
shift scenarios. Despite the progress in UniDA, many ex-
isting methods [5, 7, 44] necessitate simultaneous access
to both source and target data, making them impractical
for applications with stringent data protection policies. To
address this challenge, source-free universal domain adap-
tation (SF-UniDA) [28, 41] has been proposed, wherein
source data are only utilized for pre-training and are inac-
cessible during target adaptation. To promote the distinction
between common and private data, existing methods often
resort to manually defined thresholding or the introduction
of global clustering techniques. Nevertheless, selecting an
appropriate threshold for all scenarios can be both laborious
and sub-optimal. Additionally, K-means clustering tends to
be unstable when applied to high-dimensional data due to
the curse of dimensionality [2]. Our work delves into these
limitations and proposes a novel and elegant solution from
the perspective of feature decomposition.

Feature Decomposition. As a fundamental technique in
machine learning, feature decomposition is applied to de-
construct complex data into simpler and more interpretable
components. In the field of domain adaptation and domain
generalization, feature decomposition has been leveraged in
various studies [6, 26, 30, 33, 38, 40] to enhance feature
alignment or facilitate domain-invariant feature learning by
breaking down features into content and style components.
Nonetheless, the content and style decomposition design is
less applicable for UniDA, as the primary challenge lies in
distinguishing common and private data. In this paper, we
approach the problem from the perspective of orthogonal
feature decomposition and employ Independent Component
Analysis to decompose features into two orthogonal parts,
thereby facilitating the intended objective.
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Figure 2. (a) Illustrations of traditional universal domain adaptation (UniDA) and source-free universal domain adaptation (SF-UniDA).
Traditional UniDA methods necessitate data from both source and target domains concurrently. In SF-UniDA, source data are solely
utilized for pre-training. Adaptation is performed by harnessing target data and the source model fs

θ = hs
θ ◦ gsθ . (b) An overview of

our Learning Decomposition (LEAD) framework. Pseudo-labeling is an important technique for UniDA and SF-UniDA. The primary
objective is to recognize target data associated with common label sets and exclude data within the target-private label space. Different
from existing methods that perform private data identification by hand-crafted thresholding on predictions or iterative global clustering, we
tackle this from the viewpoint of feature decomposition. The rationale is that despite potential shifts in the feature space, target-private data
are expected to encompass more components from the orthogonal complement (source-unknown) space of the source model. Technically,
LEAD first performs orthogonal decomposition to decompose target features into source-known and -unknown parts, i.e., zti,knw and
zti,unk. ∥zti,unk∥2 is considered as an indicator for private data. Next, LEAD employs a two-component Gaussian Mixture Model to
estimate the distribution of ∥zti,unk∥2. Thereafter, LEAD devises a metric named “common score” ϵi,c that accounts for distances to both
target prototypes and source anchors (derived from ht

θ) to facilitate deriving instance-level decision boundary ρi,c. LEAD provides an
elegant solution to distinguish target-private data, mitigating the need for tedious hand-crafted threshold tuning or dependence on time-
consuming iterative clustering. LEAD could also serve as a complementary approach to most existing SF-UniDA methods.

3. Methodology
3.1. Preliminary

In this paper, we consider a generalized and challenging
case in domain adaptation: universal domain adaptation
(UniDA), which aims to achieve knowledge transfer in the
presence of both covariate and label shifts. In UniDA, there
is a labeled source domain Ds = {(xs

i ,y
s
i )}

Ns
i=1 where

xs
i ∈ X s ⊂ RX ,ys

i ∈ Ys ⊂ RC , and an unlabeled tar-
get domain Dt = {(xt

i, ?)}
Nt
i=1 where xt

i ∈ X t ⊂ RX .
Y = Ys ∩ Yt denotes the common label sets shared by
source and target domains. Ȳs = Y \ Yt and Ȳt = Y \ Ys

symbolizes the label sets private to source and target do-
main, individually. UniDA supposes that we have no prior
knowledge about Yt. Y and Ȳt are also unavailable. The
objective is to recognize common data belonging to Y and
reject private data in Ȳt.

Different from traditional UniDA methods that need con-
current access to source and target data, under the source-
free universal domain adaptation (SF-UniDA) setting, Ds is
only applicable for source model pre-training and not acces-

sible during adaptation. Assuming that the source model is
represented as fs

θ = hs
θ ◦ gsθ , where gsθ : RX → RD denotes

the feature extractor and hs
θ : RD → RC is the classifier

module. Following existing methods [27, 41], we freeze the
classifier module ht

θ = hs
θ and only learn a target-specific

feature extractor gtθ to realize model adaptation. Figure 2
(a) presents an illustration for UniDA and SF-UniDA.

The main challenge is how to distinguish common data
from private data. Prior methods [25, 28, 41, 47] have
designed various algorithms to encourage the separation.
However, these methods perform data identification either
based on hand-crafted thresholding criteria or by introduc-
ing time-consuming unstable clustering strategies. We pro-
pose to mitigate these limitations from the perspective of
feature decomposition. An observation is that even though
target data may have shifted in the feature space, the fea-
tures of private data still include more components from
the orthogonal complement (source-unknown) space of the
pre-trained model. Technically, we present a novel learning
decomposition (LEAD) framework. LEAD capitalizes on
the orthogonal decomposition to build two orthogonal fea-
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ture spaces, i.e., source-known and -unknown space. Fea-
ture projection on source-unknown space is extracted as the
descriptor for private data. Then, LEAD considers the dis-
tances to both the target prototypes and source anchors to
establish instance-level decision boundaries. Figure 2 (b)
manifests the architecture of our LEAD.

3.2. Orthogonal Feature Decomposition

Pseudo-labeling serves as an important technique in unsu-
pervised learning, yet many existing strategies only account
for closed-set scenarios, disregarding the label-shift situ-
ations, which impairs their ability to differentiate target-
private data. To fulfill the objective of common and pri-
vate data separation, we propose to orthogonally decom-
pose the feature representation into two uncorrelated parts,
i.e., features associated with source-known space Fknw and
those related to source-unknown space Funk. This design
stems from a simple inductive bias in favor of private data
identification. Due to the lack of exposure to target data
during source pre-training, particularly target-private data,
the source-known space does not include any significant
attributes of target-private data. Subsequently, after nor-
malization, target-private data are expected to contain more
components from source-unknown space, even with covari-
ate shifts. This hypothesis is basically demonstrated by em-
pirical evidence, as illustrated in Figure 1 (b).

Formally, denoting the weight of classifier ht
θ is Wcls ∈

RC×D. Source-known space Fknw can be represented as
the vector space of span{wn}, where {wn ∈ RD|n=1,...,C}
is a group weight vectors of Wcls. Source-unknown space
Funk is the orthogonal complement space of Fknw, i.e.,
RD = Fknw ⊕ Funk. Nevertheless, unit orthogonality in
{wn ∈ RD|n=1,...,C} is not guaranteed (i.e., when n ̸= m
(wn,wm) ̸= 0), making it hard to derive Funk. Consider-
ing that Fknw and Funk are the row space and null space of
Wcls. Therefore, we employ the singular value decomposi-
tion (SVD) on Wcls to obtain Fknw and Funk. Specifically,

Wcls = UΣV T ,

Fknw = span{vn|n=1,...,C},
Funk = span{vn|n=C+1,...,D}

(1)

where Σ ∈ RC×D is a diagonal matrix, U ∈ RC×C

and V ∈ RD×D are both orthogonal unitary matrices.
{vn|vn ∈ RD}Dn=1 are columns of V .

Assuming that zti is the feature of target data xt
i ex-

tracted from feature extractor gtθ after normalization, i.e.,
zti = gtθ(x

t
i)/||gtθ(xt

i)||2, then zti can be represented as the
weighted summation of two orthogonal bases:

zti =

C∑
n=1

ln · vn︸ ︷︷ ︸
zt
i,knw

+

D∑
n=C+1

ln · vn︸ ︷︷ ︸
zt
i,unk

(2)

where ||zti,knw||2
2
+ ∥zti,unk∥2

2
= 1, zti,knw and zti,unk

are the projections of zti on Fknw and Funk, respectively.
ln ∈ R denotes the projection weight of zti onto the unit
base vn. This procedure is commonly recognized as or-
thogonal decomposition and has been extensively studied
in the context of Independent Component Analysis (ICA).

3.3. Adaptive Separation for Private Data

Intuitively, enabled by feature decomposition, we could dif-
ferentiate between common and private data by examining
the dominance of zti,unk over zi. However, such a straight-
forward approach is not applicable to SF-UniDA due to the
impact of distribution covariate shift, which often deterio-
rates the significance of zti,knw for common data, leading
to the prevalence of zti,unk in the representation. Addi-
tionally, the feature extractor inevitably captures represen-
tations that are independent of Fknw, including background
contexts [1], object textures [17], and high-frequency pat-
terns [51], further exacerbating this issue.

To solve this, one feasible solution is to estimate the dis-
tribution of ∥zti,unk∥2 to effectively calibrate these distur-
bances. Our observations have revealed that the empirical
distributions of ∥zti,unk∥2 exhibit a bimodal pattern, with
the presence of two distinct peaks typically indicating the
modes of common and private data. Consequently, we em-
ploy a two-component Gaussian Mixture Model (GMM) to
estimate the distribution ∥zti,unk∥2, with the components
featuring a lower mean representing the common data and
those with a higher mean corresponding to the private data.
In particular, we denote µcom and µpri as the expectation
for common and private data, where µcom < µpri.

In the light of µcom and µpri, an intuitive practice is to
treat all common and private categories equally. Accord-
ingly, common and private data can be separated by estab-
lishing (µcom + µpri)/2 as the threshold, where data with
∥zti,unk∥2 below the threshold are recognized as common
data, while those above are identified as private data. De-
spite its reasonable effectiveness, it discounts the inconsis-
tency of covariate shifts across each category. Moreover, it
fails to account for the variability in covariate shifts even
among samples from the same category. These considera-
tions motivate us to devise an instance-level decision strat-
egy to achieve accurate and effective data identification.

Concretely, we first leverage top-K sampling to con-
struct target prototypes, denoted as {ctc ∈ RD|c=1,...,C} for
each common category, adhering to the procedure in [29,
41]. Similar to [41], we empirically set K = Nt/C̃t, where
Nt represents the amount of target data, and C̃t signifies the
estimated count of target categories. Diverging from [41],
we additionally collect source anchors from Wcls, denoted
as {csc ∈ RD|c=1,...,C} to assist us handle scenarios involv-
ing source-private categories. The construct of target pro-
totypes through top-K sampling fails to consider these sce-
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narios, making it susceptible to misidentifying private data
as common. Further details regarding the target prototype
construction are included in the supplementary.

Thereafter, we propose a novel metric, common score
ϵi,c, which deliberately considers the distance of zti to the
target prototype ctc and source anchor csc to facilitate us in
deriving instance-level decision boundaries. Formally, this
metric is defined as:

d(a,b) = 1.0− cos(a,b),

ϵti,c = 1.0− exp(d(zti, c
t
c)− 1.0),

ϵsi,c = exp(−d(zti, c
s
c)),

ϵi,c =
√
ϵti,c · ϵsi,c

(3)

where ϵti,c and ϵsi,c denote the common score from target
prototype and source anchor viewpoint, respectively. Both
ϵti,c and ϵsi,c are clipped to the [0, 1] before fusion. We then
utilize geometric mean to calculate fused common score,
due to its advantage in multi-criteria decision-making. Note
that we leverage different formulas to calculate ϵti,c and ϵsi,c.
Under the same condition, i.e., d(zti, c

s
c) = d(zti, c

t
c), ϵ

s
i,c is

greater than ϵti,c. The spirit behind is that instances exhibit-
ing proximity to source anchors are likely to be common
data. Conversely, instances in close proximity to target pro-
totypes do not guarantee their recognition.

Given the computed common score ϵi,c and the esti-
mated distribution for ∥zti,unk∥2, we introduce the follow-
ing pseudo-labeling strategy to effectively distinguish be-
tween common and private data instances:

ρi,c = µc + ϵi,c · (µpri − µc),

ỹt
i =

{
unknown, if ∥zti,unk∥2 ≥ ρi,c

1 (argmax(ϵi)) , if ∥zti,unk∥2 < ρi,c
(4)

where µc denotes the expectation of ∥zti,unk∥2 for the c-th
category, derived using the identical top-K sampling tech-
nique employed during the construction of the target proto-
types. ρi,c represents the instance-level decision boundary,
which accounts for the potential covariate shifts across each
category, as well as the data instances corresponding to both
target prototypes and source anchors. 1 denotes the one-hot
encoding operator, ỹt

i is the pseudo-label for xt
i.

3.4. Optimization Objectives

To encourage the separation between common and private
data, the optimization process involves three distinct objec-
tives, including pseudo-label learning, feature decomposi-
tion regularization, and feature consensus regularization.
Pseudo-label Learning. With the pseudo labels derived
from Eq. 4, we apply the cross-entropy loss for model adap-
tation. Nevertheless, instead of assigning equal importance
to all pseudo-labels, we introduce a Student’s t distribution

Table 1. Details of class split. Y , Ȳs, and Ȳt signifies the common
class, source-private class, and target-private class, respectively.

Dataset Class Split(Y/Ȳs/Ȳt)

OPDA OSDA PDA

Office-31 [43] 10/10/11 10/0/11 10/21/0
Office-Home [49] 10/5/50 25/0/40 25/40/0
VisDA [36] 6/3/3 6/0/6 6/6/0
DomainNet [37] 150/50/145 - -

to characterize the certainty associated with each pseudo-
label, taking into account the distance between ∥zti,unk∥2
and ρi,c. Specifically,

τ ti ∝ 1−

(
1 +

(ρi,κ − ∥zti,unk∥2)2

α

)−α+1
2

,

Lce = − 1

N

N∑
i=1

τ ti ·
C∑

c=1

ỹti,c log δc(f
t
θ(x

t
i)) (5)

where τ ti denotes the certainty, κ = argmax(ϵi,c), α = 1e-4
by default. δc(f

t
θ(x

t
i)) is the c-th soft-max probability for

xt
i. ỹti,c corresponds to c-th one-hot encoded pseudo-label

for ỹt
i . For those instances pseudo-labeled as private data,

we refrain from introducing an additional C + 1-th class,
instead employing a uniform distribution to represent them.
Feature Decomposition Regularization. To promote the
discriminability of zti,unk for identifying private data, we
impose a feature decomposition regularizer. Concretely,

pi =
exp(∥zti,unk∥2)

exp(∥zti,unk∥2) + exp(∥zti,knw∥2)
, (6)

Lreg = − 1

N

N∑
i=1

τ ti ·
(
ŷti log(pi) + (1− ŷti) log(1− pi)

)
ŷti = 1or 0 means pseudo-labeled as private/common data.
Feature Consensus Regularization. Recent studies [41,
52, 53] in SFDA and SF-UniDA observe that incorporating
consensus regularization with nearest neighbors in feature
space could assist models in achieving more stable perfor-
mance. Following them, we integrate the objective Lcon

into LEAD. More details are included in the supplementary.
Overall Optimization Objective. Taking into account the
discussions above, the eventual loss function is defined as:

L = λ · Lce + Lreg + Lcon (7)

where λ > 0 is a trade-off hyper-parameter.

4. Experiments
4.1. Experimental Setup

Dataset. We empirically verify the effectiveness of our
LEAD on four datasets, including Office-31 [43], Office-
Home [49], VisDA [36], and DomainNet [37]. For a
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Table 2. H-score (%) comparison in OPDA scenario on Office-Home. U denotes methods applicable for all potential label-shift scenarios
(i.e., OPDA, OSDA, and PDA). SF represents source data-free. CF indicates model adaptation without time-consuming K-means clustering.

Methods U SF CF Ar2Cl Ar2Pr Ar2Re Cl2Ar Cl2Pr Cl2Re Pr2Ar Pr2Cl Pr2Re Re2Ar Re2Cl Re2Pr Avg
CMU [15] ✗ ✗ ✓ 56.0 56.9 59.2 67.0 64.3 67.8 54.7 51.1 66.4 68.2 57.9 69.7 61.6
DANCE [47] ✓ ✗ ✓ 61.0 60.4 64.9 65.7 58.8 61.8 73.1 61.2 66.6 67.7 62.4 63.7 63.9
DCC [25] ✓ ✗ ✗ 58.0 54.1 58.0 74.6 70.6 77.5 64.3 73.6 74.9 81.0 75.1 80.4 70.2
OVANet [44] ✗ ✗ ✓ 62.8 75.6 78.6 70.7 68.8 75.0 71.3 58.6 80.5 76.1 64.1 78.9 71.8
GATE [7] ✓ ✗ ✓ 63.8 75.9 81.4 74.0 72.1 79.8 74.7 70.3 82.7 79.1 71.5 81.7 75.6
UniOT [5] ✗ ✗ ✓ 67.3 80.5 86.0 73.5 77.3 84.3 75.5 63.3 86.0 77.8 65.4 81.9 76.6

Source-only - - - 47.3 71.6 81.9 51.5 57.2 69.4 56.0 40.3 76.6 61.4 44.2 73.5 60.9
SHOT-O [27] ✗ ✓ ✓ 32.9 29.5 39.6 56.8 30.1 41.1 54.9 35.4 42.3 58.5 33.5 33.3 40.7
LEAD ✓ ✓ ✓ 62.7 78.1 86.4 70.6 76.3 83.4 75.3 60.6 86.2 75.4 60.7 83.7 75.0
UMAD [28] ✗ ✓ ✓ 61.1 76.3 82.7 70.7 67.7 75.7 64.4 55.7 76.3 73.2 60.4 77.2 70.1
+ LEAD ✓ ✓ ✓ 65.2 82.6 87.4 78.0 76.5 87.5 79.8 65.0 88.4 79.4 63.0 83.5 78.0 (+7.9)

GLC [41] ✓ ✓ ✗ 64.3 78.2 89.8 63.1 81.7 89.1 77.6 54.2 88.9 80.7 54.2 85.9 75.6
+ LEAD ✓ ✓ ✗ 65.7 79.7 88.7 65.0 80.3 88.5 77.6 57.4 88.9 78.9 57.8 85.5 76.2 (+0.6)

Table 3. H-score (%) comparison in OPDA scenario on Office-31, VisDA, and DomainNet. Some results are cited from UMAD [28].

Methods U SF CF
Office-31 DomainNet VisDA

A2D A2W D2A D2W W2A W2D Avg P2R P2S R2P R2S S2P S2R Avg S2R
CMU [15] ✗ ✗ ✓ 68.1 67.3 71.4 79.3 72.2 80.4 73.1 50.8 45.1 52.2 45.6 44.8 51.0 48.3 32.9
DANCE [47] ✓ ✗ ✓ 78.6 71.5 79.9 91.4 72.2 87.9 80.3 21.0 37.0 47.3 46.7 27.7 21.0 33.5 42.8
DCC [25] ✓ ✗ ✗ 88.5 78.5 70.2 79.3 75.9 88.6 80.2 56.9 43.7 50.3 43.3 44.9 56.2 49.2 43.0
OVANet [44] ✗ ✗ ✓ 85.8 79.4 80.1 95.4 84.0 94.3 86.5 56.0 47.1 51.7 44.9 47.4 57.2 50.7 53.1
GATE [7] ✓ ✗ ✓ 87.7 81.6 84.2 94.8 83.4 94.1 87.6 57.4 48.7 52.8 47.6 49.5 56.3 52.1 56.4
UniOT [5] ✗ ✗ ✓ 87.0 88.5 88.4 98.8 87.6 96.6 91.1 59.3 51.8 47.8 48.3 46.8 58.3 52.0 57.3

Source-only - - - 70.9 63.2 39.6 77.3 52.2 86.4 64.9 57.3 38.2 47.8 38.4 32.2 48.2 43.7 25.7
SHOT-O [27] ✗ ✓ ✓ 73.5 67.2 59.3 88.3 77.1 84.4 75.0 35.0 30.8 37.2 28.3 31.9 32.2 32.6 44.0
LEAD ✓ ✓ ✓ 85.4 85.0 86.3 90.9 86.2 93.1 87.8 59.9 46.1 51.3 45.0 45.9 56.3 50.8 76.6
UMAD [28] ✗ ✓ ✓ 79.1 77.4 87.4 90.7 90.4 97.2 87.0 59.0 44.3 50.1 42.1 32.0 55.3 47.1 58.3
+ LEAD ✓ ✓ ✓ 88.7 89.2 90.8 95.8 90.4 97.1 92.0 (+5.0) 59.3 46.0 49.8 43.8 43.9 56.0 49.8 (+2.7) 67.2 (+8.9)

GLC [41] ✓ ✓ ✗ 81.5 84.5 89.8 90.4 88.4 92.3 87.8 63.3 50.5 54.9 50.9 49.6 61.3 55.1 73.1
+ LEAD ✓ ✓ ✗ 83.0 86.8 87.6 92.0 87.1 93.2 88.3 (+0.5) 63.5 50.7 55.1 51.6 49.9 61.3 55.4 (+0.3) 76.8 (+3.7)

fair comparison, we evaluate LEAD on partial-set domain
adaptation (PDA), open-set domain adaptation (OSDA),
and open-partial-set domain adaptation (OPDA). Details of
classes split are summarized in Table 1.
Evaluation. We utilize the same evaluation metric as pre-
vious works. In PDA scenarios, we report the classifica-
tion accuracy for evaluation. In OSDA and OPDA sce-
narios, we report the H-score for performance compari-
son, which is a harmonic mean of accuracy over common
data and accuracy over private data. It is worth noting that
LEAD can be incorporated effortlessly into most existing
SF-UniDA methods, for potential performance improve-
ment. To demonstrate this merit, we integrate LEAD with
two representative methods: UMAD [28] and GLC [41].
Implementation Details. All the experiments are con-
ducted on a single RTX-3090 GPU with PyTorch-1.10. We
adopt the same network architecture as existing baseline
methods. During target model adaptation, we apply the
SGD optimizer with momentum 0.9. The batch size is set
to 64 for all experiments. The learning rate is set to 1e-
3 for Office-31 and Office-Home, and 1e-4 for VisDA and
DomainNet. As for λ, it is set to 0.3 for Office-31, 1.0 for
VisDA, and 2.0 for Office-Home and DomainNet. During
inference, we adopt the same protocol like [41]. More de-
tails are presented in the supplementary.

4.2. Experimental Results
Results for OPDA Scenarios. To verify the effectiveness
of LEAD, we first conduct experiments in the most chal-
lenging OPDA scenarios, where both source and target do-
mains contain private data. Table 2 summarizes the results
on Office-Home, and Table 3 details the results on Office-
31, DomainNet, and VisDA. These results demonstrate that
LEAD achieves performance surpassing or comparable to
existing methods based on K-means clustering for segregat-
ing common and private data. In comparison with meth-
ods without clustering, LEAD achieves significantly supe-
rior performance. For instance, on Office-Home, Domain-
Net, and VisDA datasets, LEAD outperforms UMAD by
4.9%, 3.7%, and 18.3%, respectively. We attribute this
to our instance-level adaptive decision strategy, which ef-
fectively circumvents the limitations imposed by a fixed
threshold. While GLC achieves commendable performance
on its own, the integration with LEAD further amplifies its
effectiveness. For example, LEAD improves GLC in the
H-score on VisDA from 73.1% to 76.8%. The integration
with LEAD proves even more significant against UMAD,
with the H-score on Office-Home and VisDA boosting from
70.1%/58.3% to 78.0%/67.2%, respectively.
Results for OSDA Scenarios. We then conduct experi-
ments in OSDA scenarios, where only the target domain
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Table 4. H-score (%) comparison in OSDA scenario on Office-Home, Office-31, and VisDA.

Methods U SF CF
Office-Home Office-31 VisDA

Ar2Cl Ar2Pr Ar2Re Cl2Ar Cl2Pr Cl2Re Pr2Ar Pr2Cl Pr2Re Re2Ar Re2Cl Re2Pr Avg A2D A2W D2A D2W W2A W2D Avg S2R

CMU [15] ✗ ✗ ✓ 55.0 57.0 59.0 59.3 58.2 60.6 59.2 51.3 61.2 61.9 53.5 55.3 57.6 52.6 55.7 76.5 75.9 65.8 64.7 65.2 54.2
DANCE [47] ✓ ✗ ✓ 6.5 9.0 9.9 20.4 10.4 9.2 28.4 12.8 12.6 14.2 7.9 13.2 12.9 84.9 78.8 79.1 78.8 68.3 78.8 79.8 67.5
DCC [25] ✓ ✗ ✗ 56.1 67.5 66.7 49.6 66.5 64.0 55.8 53.0 70.5 61.6 57.2 71.9 61.7 58.3 54.8 67.2 89.4 85.3 80.9 72.7 59.6
OVANet [44] ✗ ✗ ✓ 58.6 66.3 69.9 62.0 65.2 68.6 59.8 53.4 69.3 68.7 59.6 66.7 64.0 90.5 88.3 86.7 98.2 88.3 98.4 91.7 66.1
GATE [7] ✓ ✗ ✓ 63.8 70.5 75.8 66.4 67.9 71.7 67.3 61.5 76.0 70.4 61.8 75.1 69.0 88.4 86.5 84.2 95.0 86.1 96.7 89.5 70.8

Source-only - - - 46.1 63.3 72.9 42.8 54.0 58.7 47.8 36.1 66.2 60.8 45.3 68.2 55.2 78.2 72.1 44.2 82.2 52.1 88.8 69.6 29.1
SHOT-O [27] ✗ ✓ ✓ 37.7 41.8 48.4 56.4 39.8 40.9 60.0 41.5 49.7 61.8 41.4 43.6 46.9 80.2 71.6 64.3 93.1 64.0 91.8 77.5 28.1
LEAD ✓ ✓ ✓ 60.7 70.8 76.5 61.0 68.6 70.8 65.5 59.8 74.2 64.8 57.7 75.8 67.2 84.9 85.1 90.2 94.8 90.3 96.5 90.3 74.2
UMAD [28] ✗ ✓ ✓ 59.2 71.8 76.6 63.5 69.0 71.9 62.5 54.6 72.8 66.5 57.9 70.7 66.4 88.5 84.4 86.8 95.0 88.2 95.9 89.8 66.8
+ LEAD ✓ ✓ ✓ 62.6 73.6 77.3 61.3 66.2 70.7 63.3 54.6 75.1 66.7 63.5 75.6 67.6 90.4 89.6 90.3 95.4 90.7 97.3 92.3 70.2

+1.2 +2.5 +3.4
GLC [41] ✓ ✓ ✗ 65.3 74.2 79.0 60.4 71.6 74.7 63.7 63.2 75.8 67.1 64.3 77.8 69.8 82.6 74.6 92.6 96.0 91.8 96.1 89.0 72.5
+ LEAD ✓ ✓ ✗ 64.9 74.1 78.7 60.7 71.1 74.4 65.2 64.2 76.2 67.5 62.6 80.1 70.0 84.7 82.7 91.0 94.9 90.8 96.3 90.1 73.1

+0.2 +1.1 +0.6

Table 5. Accuracy comparison (%) in PDA scenario on Office-Home, Office-31, and VisDA.

Methods U SF CF
Office-Home Office-31 VisDA

Ar2Cl Ar2Pr Ar2Re Cl2Ar Cl2Pr Cl2Re Pr2Ar Pr2Cl Pr2Re Re2Ar Re2Cl Re2Pr Avg A2D A2W D2A D2W W2A W2D Avg S2R

CMU [15] ✗ ✗ ✓ 50.9 74.2 78.4 62.2 64.1 72.5 63.5 47.9 78.3 72.4 54.7 78.9 66.5 84.1 84.2 69.2 97.2 66.8 98.8 83.4 65.5
DANCE [47] ✓ ✗ ✓ 53.6 73.2 84.9 70.8 67.3 82.6 70.0 50.9 84.8 77.0 55.9 81.8 71.1 77.1 71.2 83.7 94.6 92.6 96.8 86.0 73.7
DCC [25] ✓ ✗ ✗ 54.2 47.5 57.5 83.8 71.6 86.2 63.7 65.0 75.2 85.5 78.2 82.6 70.9 87.3 81.3 95.4 100.0 95.5 100.0 93.3 72.4
OVANet [44] ✗ ✗ ✓ 34.1 54.6 72.1 42.4 47.3 55.9 38.2 26.2 61.7 56.7 35.8 68.9 49.5 69.4 61.7 61.4 90.2 66.4 98.7 74.6 34.3
GATE [7] ✓ ✗ ✓ 55.8 75.9 85.3 73.6 70.2 83.0 72.1 59.5 84.7 79.6 63.9 83.8 74.0 89.5 86.2 93.5 100.0 94.4 98.6 93.7 75.6

Source-only - - - 45.9 69.2 81.1 55.7 61.2 64.8 60.7 41.1 75.8 70.5 49.9 78.4 62.9 90.4 79.3 79.3 95.9 84.3 98.1 87.8 42.8
SHOT-P [27] ✗ ✓ ✓ 64.7 85.1 90.1 75.1 73.9 84.2 76.4 64.1 90.3 80.7 63.3 85.5 77.8 89.8 84.4 92.2 96.6 92.2 99.4 92.4 74.2
LEAD ✓ ✓ ✓ 58.2 83.1 87.0 70.5 75.4 83.3 73.7 50.4 83.7 78.3 58.7 83.2 73.8 89.8 93.9 95.6 98.6 96.0 99.4 95.5 75.3
UMAD [28] ✗ ✓ ✓ 51.2 66.5 79.2 63.1 62.9 68.2 63.3 56.4 75.9 74.5 55.9 78.3 66.3 85.4 85.1 83.5 97.6 86.2 99.4 89.5 68.5
+ LEAD ✓ ✓ ✓ 61.1 78.2 87.5 70.5 78.5 81.8 74.1 60.4 83.3 78.8 63.2 82.1 75.0 89.2 90.8 90.6 98.0 93.0 100.0 93.6 78.1

+8.7 +4.1 +9.6
GLC [41] ✓ ✓ ✗ 55.9 79.0 87.5 72.5 71.8 82.7 74.9 41.7 82.4 77.3 60.4 84.3 72.5 89.8 89.8 92.8 96.6 96.1 99.4 94.1 76.2
+ LEAD ✓ ✓ ✗ 56.6 81.2 88.1 72.5 72.2 83.2 75.3 43.6 83.4 78.2 59.7 84.2 73.2 89.8 93.2 95.6 96.9 96.0 99.4 95.1 75.5

+0.7 +1.0 -0.7

involves private data. Table 4 lists the results, demonstrat-
ing the superiority of LEAD against baselines. Specifi-
cally, LEAD obtains the H-score of 67.2%, 90.3%, and
74.2% on Office-Home, Office-31, and VisDA datasets, re-
spectively. Similar to the observations in OPDA scenarios,
LEAD also exhibits performance improvement to existing
methods. LEAD improves the H-score of UMAD by 1.2%,
2.5%, and 3.4% across the Office-Home, Office-31, and
VisDA datasets, respectively. The results again verify the
merit of LEAD when incorporated with existing methods.
Results for PDA Scenarios. Finally, we verify the effec-
tiveness of LEAD in PDA scenarios, where the target do-
main’s label sets are subsets of those in the source domain.
Results presented in Table 5 show that LEAD achieves su-
perior performance even compared to methods tailored for
PDA. In particular, LEAD attains the overall accuracy of
73.8%, 95.5%, and 75.3% on Office-Home, Office-31, and
VisDA datasets, individually. LEAD contributes the accu-
racy increase of 8.7%, 4.1%, and 9.6% to UMAD on these
datasets. Note that, there is a slight degradation (-0.7%) for
GLC w/ LEAD. It may arise from gradient conflict, causing
the optimization process to inadvertently compromise one
objective in favor of improving the overall objective. We
will pursue better integration strategies in future work.

Table 6. Ablation studies of LEAD in OPDA scenarios.

Lce Lreg Lcon Office-31 Office-Home VisDA

- - - 64.9 60.9 25.7
✓ - - 82.0 73.6 61.5
✓ ✓ - 84.5 74.5 67.3
✓ - ✓ 87.2 74.5 75.7
✓ ✓ ✓ 87.8 75.0 76.6

4.3. Experimental Analysis
Ablation Study. To assess the contribution of different
components within LEAD, we carry out extensive ablation
studies in OPDA scenarios. The results, detailed in Table 6,
confirm that each component is not only effective but also
complementary to the others.
Efficiency Comparison. As previously stated, LEAD em-
ploys the distance to target prototypes and source anchors
for adaptive pseudo-labeling. This design, in contrast to
clustering-based methods, notably reduces the need for
computational resources. Table 7 juxtaposes the runtime
of GLC [41] and LEAD in OPDA scenarios. It is clear
that LEAD requires minimal resources for deriving deci-
sion boundaries, whereas GLC’s resource demands escalate
dramatically with data scale. In particular, on DomainNet,
with about 0.6 million images across 345 categories, GLC
averages 897.65 seconds, while LEAD takes only 0.29 sec-
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Figure 3. Robustness analysis. (a) shows the sensitivity to λ on Office-31. (b) presents the H-score curves on VisDA. (c-d) present
robustness analysis when varying the unknown private categories.
Table 7. Runtime (s) to derive pseudo-label decision boundaries.

Office-31 Office-Home VisDA DomainNet

GLC [41] 0.19 0.51 0.46 897.65
LEAD 0.02 0.02 0.11 0.29

onds on the same platform. Moreover, LEAD also shows
substantial resource savings even on normal-scale datasets,
e.g., on VisDA with over 75% reduction.
Parameter Sensitivity. We investigate the parameter sen-
sitivity of λ on Office-31 in OPDA scenarios, where the
range of λ is set to [0.1, 0.2, 0.3, 0.4, 0.5]. Figure 3 (a) illus-
trates that the results are stable around the selected param-
eter λ = 0.3. Through oracle validation, we may find the
optimal parameter configuration for this setting is λ = 0.1.
Training Stability. Figure 3 (b) visualizes the training
curves of our LEAD on VisDA in OPDA scenarios. Gener-
ally, the training procedure of LEAD is stable and effective.
Varying Unknown Classes. With the rise in unknown pri-
vate classes, accurately distinguishing common from pri-
vate data becomes more challenging. To examine the ro-
bustness of our LEAD, we compared it with GLC and
UMAD in OPDA scenarios using the Office-Home dataset.
The results in Figure 3 (c-d) show that LEAD achieves sta-
ble results and consistently boosts existing methods.
Effect of Instance-level Decision Boundary. To evaluate
the contribution of our instance-level pseudo-labeling strat-
egy, we conduct a comparison against the intuitive design,
which uses the average of µcom and µpri as the threshold.
As depicted in Figure 4 (a), instance-level decision bound-
ary strategy significantly outperforms the vanilla global de-
cision design (75.0% vs 63.1% on Office-Home in OPDA
scenarios). We attribute this to that vanilla design discounts
the incosistency of covariate shifts across categories, and
also the variability among samples from the same category.
Exploration with Entropy as the Indicator. Contrasting
with existing threshold-based methods that utilize Entropy
as the indicator for differentiating common and private data,
we propose decomposing the feature and using the projec-
tion zti,unk on the source-unknown space as an alternative
indicator. To empirically substantiate the superiority, we re-
mold our framework to incorporate Entropy as the indicator.
Figure 4 (b) depicts the results. An observation is that while
employing entropy as the indicator within our framework is
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Figure 4. Methodology analysis. (a) compares the effectiveness
of our instance-level decision strategy against the vanilla global
decision strategy. (b) examines the efficacy of using Entropy as
the indicator for private data.
feasible, its performance is inferior compared to zti,unk. We
speculate that this inferiority might result from entropy’s
limited capacity to distinguish between common samples
with high uncertainty and private unknown samples.

5. Conclusion

In this paper, we delve into source-free universal do-
main adaptation (SF-UniDA). Different from existing meth-
ods that leverage hand-crafted thresholding strategies or
feature-clustering algorithms, we propose a novel idea of
LEArning Decomposition (LEAD) tailored for SF-UniDA.
Technically, LEAD first decomposes features into source-
known and -unknown two parts, then establishes instance-
level decision boundaries for pseudo-labeling. It offers an
elegant view to identify target-private unknown data with-
out tedious tuning a threshold or relying on unstable clus-
tering. Extensive experiments across various scenarios have
verified the effectiveness of our LEAD. Besides, it is ap-
pealing in view that LEAD can be seamlessly incorporated
into existing methods to further boost performance. Re-
markably, LEAD improves UMAD by 7.9% overall H-score
in the OPDA scenario on Office-Home dataset.
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[11] Nicolas Courty, Rémi Flamary, Devis Tuia, and Alain Rako-
tomamonjy. Optimal transport for domain adaptation. IEEE
TPAMI, 39(9):1853–1865, 2016. 2

[12] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Trans-
formers for image recognition at scale. In ICLR, 2020. 1

[13] Qi Dou, Cheng Ouyang, Cheng Chen, Hao Chen, and Pheng-
Ann Heng. Unsupervised cross-modality domain adaptation
of convnets for biomedical image segmentations with adver-
sarial loss. In IJCAI, 2018. 1

[14] Zeyu Feng, Chang Xu, and Dacheng Tao. Open-set hypoth-
esis transfer with semantic consistency. IEEE TIP, 30:6473–
6484, 2021. 2

[15] Bo Fu, Zhangjie Cao, Mingsheng Long, and Jianmin Wang.
Learning to detect open classes for universal domain adapta-
tion. In ECCV. Springer, 2020. 2, 6, 7

[16] Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, Pas-
cal Germain, Hugo Larochelle, François Laviolette, Mario
Marchand, and Victor Lempitsky. Domain-adversarial train-
ing of neural networks. JMLR, pages 2096–2030, 2016. 1,
2

[17] Robert Geirhos, Patricia Rubisch, Claudio Michaelis,
Matthias Bethge, Felix A Wichmann, and Wieland Brendel.
Imagenet-trained cnns are biased towards texture; increasing
shape bias improves accuracy and robustness. In ICLR, 2019.
4

[18] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In CVPR,
2016. 1

[19] Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu,
Phillip Isola, Kate Saenko, Alexei Efros, and Trevor Darrell.
Cycada: Cycle-consistent adversarial domain adaptation. In
ICML, 2018. 2

[20] Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu,
Phillip Isola, Kate Saenko, Alexei Efros, and Trevor Darrell.
Cycada: Cycle-consistent adversarial domain adaptation. In
ICML. PMLR, 2018. 1

[21] Han-Kai Hsu, Chun-Han Yao, Yi-Hsuan Tsai, Wei-Chih
Hung, Hung-Yu Tseng, Maneesh Singh, and Ming-Hsuan
Yang. Progressive domain adaptation for object detection.
In WACV, 2020. 2

[22] Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao,
Chloe Rolland, Laura Gustafson, Tete Xiao, Spencer White-
head, Alexander C Berg, Wan-Yen Lo, et al. Segment any-
thing. In ICCV, 2023. 1

[23] Wouter M Kouw and Marco Loog. A review of domain adap-
tation without target labels. IEEE TPAMI, pages 766–785,
2019. 1, 2

[24] Jogendra Nath Kundu, Naveen Venkat, R Venkatesh Babu,
et al. Universal source-free domain adaptation. In CVPR,
2020. 2

[25] Guangrui Li, Guoliang Kang, Yi Zhu, Yunchao Wei, and Yi
Yang. Domain consensus clustering for universal domain
adaptation. In CVPR, 2021. 1, 2, 3, 6, 7

[26] Shuang Li, Shiji Song, Gao Huang, Zhengming Ding, and
Cheng Wu. Domain invariant and class discriminative fea-
ture learning for visual domain adaptation. IEEE TIP, 2018.
2

[27] Jian Liang, Dapeng Hu, and Jiashi Feng. Do we really need
to access the source data? source hypothesis transfer for un-
supervised domain adaptation. In ICML. PMLR, 2020. 1, 2,
3, 6, 7

[28] Jian Liang, Dapeng Hu, Jiashi Feng, and Ran He. Umad:
Universal model adaptation under domain and category shift.
arXiv preprint arXiv:2112.08553, 2021. 1, 2, 3, 6, 7

[29] Chenxi Liu, Lixu Wang, Lingjuan Lyu, Chen Sun, Xiao
Wang, and Qi Zhu. Deja vu: Continual model generaliza-
tion for unseen domains. In ICLR, 2023. 4

[30] Dongnan Liu, Chaoyi Zhang, Yang Song, Heng Huang,
Chenyu Wang, Michael Barnett, and Weidong Cai. Decom-
pose to adapt: Cross-domain object detection via feature dis-
entanglement. IEEE TMM, 2022. 2

[31] Xinyu Liu and Yixuan Yuan. A source-free domain adaptive
polyp detection framework with style diversification flow.
IEEE TMI, pages 1897–1908, 2022. 1

[32] Zhengfa Liu, Guang Chen, Zhijun Li, Yu Kang, Sanqing
Qu, and Changjun Jiang. Psdc: A prototype-based shared-
dummy classifier model for open-set domain adaptation.
IEEE Transactions on Cybernetics, 2022. 2

23342



[33] Zhengfa Liu, Guang Chen, Zhijun Li, Sanqing Qu, Alois
Knoll, and Changjun Jiang. D2ifln: Disentangled domain-
invariant feature learning networks for domain generaliza-
tion. IEEE Transactions on Cognitive and Developmental
Systems, 2023. 2

[34] Mingsheng Long, Jianmin Wang, Guiguang Ding, Jiaguang
Sun, and Philip S Yu. Transfer feature learning with joint
distribution adaptation. In ICCV, 2013. 2

[35] Pau Panareda Busto and Juergen Gall. Open set domain
adaptation. In ICCV, 2017. 1, 2

[36] Xingchao Peng, Ben Usman, Neela Kaushik, Judy Hoffman,
Dequan Wang, and Kate Saenko. Visda: The visual domain
adaptation challenge. arXiv preprint arXiv:1710.06924,
2017. 5

[37] Xingchao Peng, Qinxun Bai, Xide Xia, Zijun Huang, Kate
Saenko, and Bo Wang. Moment matching for multi-source
domain adaptation. In ICCV, 2019. 5

[38] Vihari Piratla, Praneeth Netrapalli, and Sunita Sarawagi. Ef-
ficient domain generalization via common-specific low-rank
decomposition. In ICML. PMLR, 2020. 2

[39] Sanqing Qu, Guang Chen, Jing Zhang, Zhijun Li, Wei He,
and Dacheng Tao. Bmd: A general class-balanced multi-
centric dynamic prototype strategy for source-free domain
adaptation. In ECCV, 2022. 2

[40] Sanqing Qu, Yingwei Pan, Guang Chen, Ting Yao, Changjun
Jiang, and Tao Mei. Modality-agnostic debiasing for single
domain generalization. In CVPR, 2023. 2

[41] Sanqing Qu, Tianpei Zou, Florian Röhrbein, Cewu Lu,
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