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Abstract

Multi-source domain adaptation (MSDA), which utilizes
multiple source domains to align the distribution of a single
target domain, is a popular and challenging setting in domain
adaptation (DA). However, existing MSDA approaches are
difficult to obtain sufficient target domain knowledge, which
serves as the transfer object. Furthermore, the target distribu-
tions are confused in the real world, i.e., the model cannot ob-
tain the domain labels of target domains. To tackle these prob-
lems, we consider a more realistic DA setting Multi-Source
Blended-Target Domain Adaptation (MBDA) and propose
an Invertible Projection and Conditional Alignment (IPCA)
method. Specifically, to reduce the impact of the distribu-
tion discrepancy, we construct an invertible projection for the
source and blended-target domains. Then, we adopt a pro-
jection consistency regularization to our model, which makes
the model more robust on the domain-specific parts. In ad-
dition, because the labels of the blended-target domain are
unseen, we introduce conditional discrepancy to obtain the
domain-level discriminative information and guide the classi-
fier to serve as the discriminator, which is suitable for MBDA
setting. Extensive experiment results on the ImageCLEF-DA,
Office-Home, and DomainNet datasets validate the effective-
ness of our method.

Code — https://github.com/hyhuang99/IPCA

Introduction

Recently, deep neural networks (DNNs) have attracted ex-
tensive attention due to their promising performance, espe-
cially in computer vision tasks (He et al. 2023; Huang et al.
2023; Ni et al. 2023). However, the performance of DNNs is
based on the setting that training data and test data are drawn
from the same distribution. In a real-world environment, the
training data and test data are usually drawn from different
distributions, which may lead to model degradation due to
domain shift (Pan and Yang 2010) between the training and
test data. To address this issue, unsupervised domain adap-
tation (UDA) (Ganin and Lempitsky 2015; Long et al. 2018)
has been proposed.

The standard UDA setting is to learn domain-invariant
representations from a single source domain (training data)
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Figure 1: The comparison of (a) BTDA and (b) MBDA. F
denotes the feature generator, C' denotes the classifier, and
DM denotes the discrepancy matching technique. Due to
the lack of source representations in BTDA, the model is
difficult to align distribution.

and a single target domain (test data). Due to insufficient fea-
ture information from a single source domain and a single
target domain, the standard UDA methods (Wu et al. 2018;
Ganin et al. 2016) are difficult to learn domain-invariant
representations. Therefore, to obtain more feature infor-
mation, multi-source domain adaptation (MSDA) attracts
more attention (Peng et al. 2019; Zhao et al. 2018). Exist-
ing MSDA methods can be roughly divided into two cat-
egories. The first category is metric-based methods (Peng
et al. 2019; Zhu, Zhuang, and Wang 2019), which measure
and minimize the distribution discrepancy between multiple
source and target domains. The second category is adver-
sarial learning-based methods (Zhao et al. 2018; Li et al.
2021b), which group multiple source and target domains
into multiple adversarial learning groups and perform the
min-max game between the feature generator and the rele-
vant discriminator to align feature implicitly.

Although existing MSDA methods have made signifi-
cant progress, they are still facing some challenges. Current
MSDA works are mainly based on the assumption that the



transfer tasks are from multiple source domains to a single
target domain. However, in many real-world applications,
there is a large amount of unlabeled target data drawn from
different distributions. Due to the distribution discrepancy
between different target domains, MSDA may not be the
best solution to adapt the model to multiple target domains.
Based on the analysis from Yang et al. (2022), the underly-
ing data distributions of these unlabeled domains are not to-
tally different; instead, they exhibit a certain degree of simi-
larity. Thus, these domains can be used to construct a more
effective and robust model for the task of cross-multiple do-
mains, which is the objective of multi-target domain adapta-
tion (MTDA). Combining the advantages of MSDA, multi-
source and multi-target (MMDA) has been explored (Wang
et al. 2021; Lu et al. 2024). Besides, as shown in Figure 1a
, multiple target domains are mixed into a large domain in
some cases, which is a scenario called blended-target do-
main adaptation (BTDA) (Chen et al. 2019; Xu, Wang, and
Ling 2023) that transfers knowledge from a single source
domain to a blended-target domain. But the sufficient feature
representations from multiple source domains are largely
overlooked in BTDA.

In this paper, as shown in Figure 1, we focus on a
more realistic DA scenario that is multi-source blended-
target domain adaptation (MBDA) and propose a novel
method called Invertible Projection and Conditional Align-
ment (IPCA). Specifically, we construct an invertible projec-
tion for the source and blended-target domains, which aims
at projecting the relevant domain features to more correlative
latent feature spaces when facing the distribution discrep-
ancy from different domains. Then, these feature spaces are
utilized to optimize their original feature spaces. In addition,
to further explore the domain-specific attributes and reduce
the impact of domain-irrelevant information between multi-
source and blended-target domains, we utilize a projection
consistency regularization for the original and projected fea-
ture spaces. Finally, we utilize the conditional kernel bures
(CKB) metric to measure the discrepancy between source
and target domains and construct an adversarial learning
strategy with the guidance of CKB. The adversarial learning
strategy of our method is without the requirement of domain
labels for the target domain, which is suitable for the MBDA
scenario.

The contributions of this paper are threefold:

* A more realistic and challenge scenario, MBDA, is con-
sidered in the paper, which aims to transfer knowledge
from multiple source domains to the blended-target do-
main without the domain labels of the sub-target do-
mains.

We propose a novel IPCA approach to address the
MBDA problem, which utilizes the invertible projec-
tion consistency regularization to reduce the impact of
domain discrepancy from multiple source and blended-
target domains.

We construct a CKB-guided adversarial learning strategy
that matchs the requirement of MBDA scenario. Exten-
sive experiments demonstrate that our approach effec-
tively tackles the new MBDA issue and achieves the su-
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perior performance comparing with the state-of-the-art
methods.

Related Works
Single-source and Single-target DA (SSDA)

SSDA is the standard UDA scenario, where a model is
adapted from a single source domain to a single target do-
main. SSDA methods can be roughly categorized into met-
ric learning-based methods (Long et al. 2019; Xie et al.
2023) and adversarial learning-based methods (Ganin et al.
2016; Chen et al. 2022). For metric learning-based meth-
ods, maximum mean discrepancy (MMD) is a common met-
ric technique in SSDA, such as DAN (Long et al. 2019),
which utilized multi-kernel MMD to reduce distribution dif-
ferences between domains. CAF (Xie et al. 2023) utilized
Wasserstein distance and sliced Wasserstein distance (SWD)
(Lee et al. 2019) to minimize domain gaps. Adversarial
learning-based methods optimize a feature generator and
domain discriminator to align domains in a unified feature
space. DANN (Ganin et al. 2016) introduced the gradient
reverse layer for adversarial training, while DALN (Chen
et al. 2022) replaced the domain discriminator with nuclear
Wasserstein distance (NWD) to guide domain discrimina-
tion. Since the limited feature representations from SSDA,
we consider the more challenging and realistic multi-source
and multi-target domain setting in UDA, where data come
from different distributions.

Multiple Domains DA

The existing DA methods in multiple domains setting can
be roughly divided into four parts: multi-source domain
adaptation (MSDA) (Zhao et al. 2018; Li et al. 2021b),
multi-target domain adaptation (MTDA) (Yang et al. 2022),
blended-target domain adaptation (BTDA) (Xu, Wang, and
Ling 2023; Chen et al. 2019), and multi-source multi-target
domain adaptation (MMDA) (Wang et al. 2021). MDAN
(Zhao et al. 2018) constructed multiple domain discrimina-
tors to learn domain-invariant features across all domains
and analyzed the generalization bounds of the MSDA clas-
sification problem. DRT (Li et al. 2021b) constructed a
dynamic model to reduce the negative impact of the do-
main gap in MSDA. In MTDA, HGAN (Yang et al. 2022)
utilized heterogeneous graph attention network to trans-
fer multiple domains semantic information and align sin-
gle source and multiple target domain distributions. BTDA
is a more realistic scenario than MTDA. The BTDA mod-
els cannot know which distribution the target domains are
drawn from, i.e., the domain labels of target domains are un-
seen. For example, MCDA (Xu, Wang, and Ling 2023) con-
structed a categorical domain discriminator and utilized low-
level features to address the BTDA issue. In MMDA, the
model aims to obtain more feature information from multi-
ple source domains and more transfer objects from multiple
target domains. AMDA (Wang et al. 2021) constructed an
intra-domain and inter-domain attention module to explore
the transferable knowledge between multiple domains and
utilized multiple discriminators to align multi-source and
multi-target domains. Unlike the above methods, our method
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Figure 2: Overview of our proposed method. GRL is the gradient reverse layer. The invertible projection module is implemented
by K INN blocks, s(+) and ¢(-) are constructed with two layers fully connected neural network. L5 is the cross-entropy loss on
the source domains. L., is the conditional entropy maximization loss on 75 to regularize the variation parts between 75 and
rSiT . L, is the CKB-guided adversarial learning loss that can be coupled with classifier to implicitly serve as a discriminator

without domain labels.

does not require the domain labels of the sub-target domains
and focuses on a more realistic MBDA scenario to adapt the
model to mixture distribution.

Method
Preliminaries

In the MBDA setting, we have M labeled source domains
{S;}M and a blended-target domain 7 combined with N
unlabeled sub-target domains {7;}Y ;. The samples of i-
th source domain selected from distribution Pg, (X', ) can
be defined as S; = (xf7yf)}ni’1, which contains ng,
samples. Besides, the samples of the blended-target domain
selected from distribution P7(X’) can be defined as 7 =
{(x;r)};’ll which contains ns samples. Here, the distribu-
tion of blended-target domain is the combination of the sub-
target domain distributions {Pr; () ;V:I, ie, Pr(X) =
Z;\[:l 7;Pr;(X), where 7 € [0,1] and Z;\[:l T = L
The objective of MBDA is to learn an adaptive model on
{S:}M, and T, that can generalize well on the unlabeled
blended-target domain. Considering the confused target dis-
tribution space in MBDA, we construct an invertible pro-
jection for the multiple sources and blended-target domains
and adopt a projection consistency regularization to opti-
mize the classification model. The conditional distribution-
guided discriminator-free adversarial learning strategy ef-
fectively guides the classifier to serve as the discriminator,
which is suitable for MBDA since the adversarial learning
strategy is without the requirement of domain labels. The
overview of IPCA is illustrated in Fig. 2.

Invertible Projection and Consistency

Invertible Projection Module (IPM). In our training steps,
the data obtained from multiple source and blended-target
domains are first handled by a shared feature generator G
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and mapped to the corresponding feature space. The analy-
sis in Lugmayr et al. (2020) demonstrates that the Invertible
Neural Network (INN) can connect two distributions due to
its information preservation property. Considering the con-
fused distribution of blended-target domain and the distri-
bution discrepancy between multiple sources and blended-
target domains, we utilize K INN blocks to construct the
IPM so as to obtain better feature representations. Specifi-
cally, the source feature space is transformed to the blended-
target feature space in the forward projection step of IPM,
i.e., from fs to f7. Thus, the input feature of k-th block
of IPM can be defined as zf 4» @ denotes the dimension of
the feature. The input feature zf: 4 1s split into two parts

[2Y./2+ 21+ 4/2.q) and the linear neural networks s(-) and ¢(-)
are utilized to respectively handle =¥, /o and 2¥ /2.a- The
output of k-th block of IPM is given as follows:

k+1 _ _k k

22 = Zia/2 T 5(2 1 a/2:0); a
k+1 _ k k+1

rajza = Ad/za T HELg )

In the inverse projection step of IPM, the blended-target
domain feature space is transformed to the source feature
space, i.e., from f7 to fs. According to Eq. (1), the output
of k-th block of IPM is defined as follows:

k+1
#1:d/2

);

k _ k+1
A14d/2:d = *14+d/2:d t(

E o _k+1
A1d/2 = Frdje TS

2

(Z]f+d/2:d)'

After being projected by the IPM, the feature spaces
of multiple sources and blended-target domains can be
well connected. Hence, we obtain two better feature spaces

inverse

fsT = GIZh(fs) and frs reat ¢ (fr), where

G{;Tﬁard and Gverse regpectively denote the forward and
inverse projections of Egs. (1) and (2).

Projection Consistency. Although we can successfully



project the feature spaces of multiple source and blended-
target domains to obtain better feature representations, it
still does not guarantee that the model will maintain robust-
ness in the domain-specific distribution. Inspired by self-
supervised learning that makes use of consistency regular-
ization for training, we also adopt the technique of con-
ditional entropy maximization on the original and IPM-
projected feature spaces. Specifically, given a sample x5
from ¢-th source domain, we can obtain two different rep-

resentations of the same sample as 75 = G(z°) and
S, T _ ~forward S
ot =Grpy(G(a). s

During the training steps, we define 7~ as the varia-
tion parts in the IPM-projected representation relative to
the original representation. Thus, the relation between the

IPM-projected representation 757 and original representa-
tion 75 is:
rST = XS+ (1= ), 3)
B rSiT — \rSi
L= ST @

where )\ denotes the proportion of 7S¢ in 77 and \ €
(0,1). To make sure that #¢ does not contain too much cat-
egory discriminative information, we maximize the condi-
tional entropy of 75, and the objective function is formu-
lated as:

nsi C
YD HOE)10g HOFS), (5)

i j=1c=1

L

ent

N
() = =3
where H denotes the category classifier and H () (#5¢) indi-
cates the probability of predicting variation part 75 to class
c. By maximizing Eq. (5), the predictions of 7% will be reg-
ularized to have equal probability of being classified into
each category.

In addition, considering the proportion of 75 in the IPM-
projected representation, 757 is not fixed in the train-
ing process. In the early stages of model training, the
model is sensitive to domain-specific parts. Thus, the hyper-
parameter \ that controls the proportion of 7 should be
a tiny value due to the discrepancy between 5 and 57 is
large. As the model training goes on, the model becomes less
sensitive to domain-specific parts because the model lays
more emphasis on domain-invariant parts. Hence, the value
of A should be increased. Based on the above-mentioned
analysis, we utilize an annealing strategy proposed in (Ganin
et al. 2016) to control the value of A as:

A= N [1— (1 475)e, (©6)
T
where 7 = 10, w = 0.75, and X is the initial value of \. T'
is the total iterations of training and ¢ is the current value of
iteration.

Different from the current feature space transform meth-
ods (Zhou et al. 2023; He et al. 2023), our method further
considers the influence of domain-specific parts between
original and projected feature spaces in the model training.
The augmented feature spaces generated by IPM can further
decrease the negative impact of domain-irrelevant informa-
tion.
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CKB-guided Conditional Adversarial Learning

It is widespread to utilize adversarial learning technique to
align distribution in DA (Ganin et al. 2016; Li et al. 2021a;
Long et al. 2018). A straightforward way to implement ad-
versarial learning in DA is to introduce an additional domain
discriminator to perform the min-max game with feature
generator. However, the current adversarial learning meth-
ods (Long et al. 2018) may not be suitable in the MBDA
scenario due to the hybrid target distribution of the blended-
target domain. Inspired by the DALN (Chen et al. 2022), the
category classifier H can be reused as the domain discrim-
inator when a function can utilize the outputs of the clas-
sifier to represent the cross-domain discrepancy. Thus, we
utilize CKB to measure the conditional distribution discrep-
ancy between multiple source and blended-target domains
and guide adversarial learning in MBDA. Following (Luo
and Ren 2021), the CKB loss can be defined as:

)

where c% xp denotes the empirical estimation of the CKB

N . S; T
Lokp(zs,xT) = dQCKB(RXX|Y7RXX|Y)v

. ~Si /T .. .
metric and R X)/(‘Y denotes the conditional covariance op-
erator of ¢-th source domain and the blended-target domain,
respectively. Specifically, the conditional covariance opera-

~Si/T
tor R X)/(\Y can be defined as follows:

S, /T 1 T
Rxxy :nsi/T(I)Si/TH"si/TCSi/7((1)3i/TH"si/TCSi/T) )

®)
where ®5, /7 = [G(:c‘fi/T), ce G(xisi7nT)] denotes

the feature map matrix of ¢-th source domain and
blended-target domain, respectively. H, g . = Ing . —

1 T :
nSi/T(l’ ooy Dng, ) (Lo l)nsi/r is the n X n center-

ing matrix. Cgs, /7 denotes the conditional information con-
tained in ¢-th source or blended-target domain. Thus, the em-
pirical estimation of the CKB metric can be reformulated as:

. .S T

d¢rcs(Rx x|y Rxxpy)

=etr[Gi(ens, I, s, T G+ etr[G Lfens L, —|—GZ;T1]7
2

e | C7) RIS ()

©))

where € > 0 is the regularization parameter and ||-||. de-
notes the Nuclear norm. KZ;‘; denotes the explicit ker-

nel matrix and (Ki3);n = kx(xf,xfl) Gfg/y
H, KY

Xx/yyHns, and GZ(—/Y = HnTKz;X/yyHnT are
the centralized kernels of i-th source or blended-target

S:/T Si/T ST
KX)/( )ik = kX(xj / 7:Ck/ )

domain samples, where (

and (Kf}}/,T) ik = ky(xii/ T,x}j”/ 7—). Considering that the
ground-truth target domain labels are unseen in MBDA, we
use the pseudo-labels 37 obtained by classifier with softmax
layer ¢(-) and §7 — ¢(H(G(z7))).

In the adversarial learning strategy of our method, the cat-
egory classifier not only serves category-oriented alignment



but also domain-oriented alignment. Note that when clas-
sifier serves the domain-oriented alignment between multi-
ple sources and blended-target domains, we construct a min-
max game between feature generator G and classifier H us-
ing a gradient reverse layer (GRL) (Ganin and Lempitsky
2015). Then, the CKB-guided adversarial learning strategy
is defined as follows:

, S T
ménmgXECKB(r 7). (10)

Considering that we have the extra feature spaces fs7 and

frs that are generated by G1272%" and Ginverse, we com-
bine the relevant feature space when ahgning the domain
discrepancy. The adversarial loss in Eq. (10) can be further

reformulated as:

min max £, =
G,Girpmv H

Lexp(r® v )+ Lexp(r® T v T )+ Lorp(r™S 7).
Since the IPM can maintain the topological structure of
features, based on the feature space combination by Eq. (11),
the model is effective to achieve the cross-domain lossless
feature transformation.

Y

Overall Loss Function

The overall loss function which optimizes the model to
transfer knowledge from multi-source to blended-target do-
mains is defined as:

Lipca = Les —alq — BLent,

where a and (8 are hyper-parameters.

The first term of Eq. (12) is the supervised learning on the
labeled multi-source domains to make sure that the classi-
fication model can classify samples to the correct category.
Thus, we utilize the cross-entropy loss function L. to guide
the supervised training, and define it as follows:

mln‘ccl s *Z Z ('P
(13)
Gforward

where Tf" = G(5") and ¥ ‘TPM (G(chi )

The second term L4 in Eq. (12) is the adversarial loss to
perform min-max game between feature generator and clas-
sifier using the original and IPM-projected feature represen-
tations, the expression of which is denoted as:

Z £com

The third term L.,; in Eq. (12) is the loss function
that enhances the model robustness of domain-specific parts
7%, we maximize the conditional entropy of the variation
parts between original 75 and IPM-projected representa-
tions 757 based on Eq. (5):

Mo oTs
Si (=Si
max Lept = E — E L8 (7).
H . ns, <
=1 v g=1

(12)

(14)

min max Lg=
G,Grpm

: (15)

After training by the above-mentioned loss functions, our
model can effectively transfer knowledge from multi-source
domains to the blended-target domain.

1 y] "HLce(H (fiT)ayfi))a
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Experiments
Experimental Setup

Datasets. We evaluated and compared the state-of-the-art
(SOTA) methods with our method on three popular DA
datasets (i.e., DomainNet, Office-Home, and ImageCLEF-
DA). The DomainNet (Peng et al. 2019) is the largest
dataset in DA that contains 0.6 million images from 345 cat-
egories in 6 domains: Clipart (c), Infograph (i), Painting (p),
Quickdraw (q), Real-world (r), and Sketch (s). In our exper-
iments, we sampled 126 categories and 4 domains (c, p, 1,
and s) to evaluate our model, following the protocol in (Zhou
et al. 2021a). The Office-Home (Venkateswara et al. 2017)
is a challenge dataset with label imbalance, which contains
15,500 images in total. It consists of 65 common categories
in 4 domains: Art (Ar), Clipart (Cl), Products (Pr), and Real-
world (Rw). The ImageCLEF-DA (Caputo et al. 2014) con-
tains a total of 2,400 images, including 12 common cate-
gories in 4 domains: Bing (B), Caltech (C), ImageNet (1),
and Pascal (P).

Protocols. To highlight the challenge in MBDA setting, we
cannot anymore use the standard protocols from the above
three datasets. Thus, for SSDA setting, one column denotes
one SSDA task, e.g., r—c in Table la. For MSDA setting,
two domains are selected as sources and one domain is se-
lected as target, e.g., r+s—c and r+s—p in Table la. For
MTDA/BTDA setting, one domain is selected as source and
two domains are selected as targets, e.g., r—c+p and s—c+p
in Table 1a. For MMDA/MBDA setting, two domains are
sources, and the other domains are targets, e.g., r+s—c+p in
Table 1a. For a clearer comparison, all classification results
in Tables 1 and 2 are the average of accuracies of two tar-
get domains. Results obtained from the released code of the
corresponding method are marked with “*”, while the re-
maining results are obtained from their original papers. The
best results are bolded.

Competitors. We compared our method in four different
settings of DA methods. The first setting is SSDA meth-
ods, i.e., DANN (Ganin et al. 2016), DALN (Chen et al.
2022), and SCDA (Li et al. 2021a). The second setting of
methods is MSDA, including MDAN (Zhao et al. 2018) and
DIDA (Deng et al. 2022). The third setting of methods is
MTDA/BTDA, including MTDA (Gholami et al. 2020) and
MCDA (Xu, Wang, and Ling 2023). The last setting of meth-
ods is MMDA, including AMDA (Wang et al. 2021), DGWA
(Lu et al. 2024), and HTA (Wu et al. 2023).
Implementation Details. We implemented and evaluated
our method on the PyTorch (Paszke et al. 2019) platform;
the number of PyTorch is 1.13.1. The number of INN blocks
which contains in the IPM is K = 5. For fair comparison,
all experiments on three datasets utilize the same backbone
network, ResNet-50 (He et al. 2016), and run on a Nvidia
GeForce RTX-4090 GPU. The version of CUDA is 11.7.
The batch size of all experiments in the training step is set
to 32. The optimizer is Stochastic Gradient Descent (SGD)
with a momentum parameter of 0.9 and a weight decay of
le-3. In addition, the learning rate is set to le-3 and updated
by the LambdalLR (Paszke et al. 2019) during the training
process.



Source T+S  S+p  pHr kS THC  CHp | o Source | Rw+Pr Cl+Rw Pr+Cl Rw+Ar Ar+Pr Cl+Ar Av

Target | c+p c+r c+s p+r p+s r+s & Target | Ar+Cl Ar+Pr Ar+Rw Cl+Pr Cl+Rw Pr+Rw &
DANN |[314 39.7 268 293 313 312|316 DANN 535 61.9 535 55.6 57.1 60.1 | 57.6
MDAN | 545 59.0 450 588 51.7 610|545 MTDA 51.9 64.9 60.3 59.4 58.2 624 | 59.5
MTDA | 524 487 455 533 515 520|505 MDAN 55.4 69.1 61.2 61.5 55.9 704 | 62.2
AMDA | 65.8 67.8 56.7 65.1 589 664|634 SCDA 64.1 74.7 70.0 68.3 68.7 77.6 | 70.1
DALN* | 61.2 69.2 64.1 635 593 648 63.7 AMDA 61.4 77.0 72.3 67.4 64.9 774 | 70.0
MCDA* | 62.2 68.7 61.7 634 612 654 |63.8 MCDA* | 63.6 74.9 70.0 68.7 68.1 78.1 | 70.6
DGWA* | 66.4 713 634 675 64.6 702|650 DGWA 63.6 78.2 73.7 70.3 66.7 785 | 713
IPCA | 70.0 757 663 70.8 650 727|701 IPCA | 656 79.9 75.2 70.1 71.8 793 | 73.7

(a) DomainNet (b) Office-Home

Table 1: Accuracy (%) on the (a) DomainNet and the (b) Office-Home datasets for MBDA (with ResNet-50 as a backbone).

Source I+P P+C C+I B+P I+B B+C Av
Target | BtC B+l B+P C+I C+P I+P &
DANN 764 724 69.1 879 829 793 | 779
AMDA 788 773 T71.7 923 852 83.8 | 81.5
SCDA* 789 772 71.8 939 855 85.0 | 82.1
DIDA* 789 779 720 922 86.8 85.1 | 82.2
HTA 793 782 723 928 856 849 | 822
MCDA* | 774 79.1 703 91.8 86.2 83.8 | 81.4
DGWA 79.7 79.1 727 938 86.0 84.5 | 81.7
IPCA \ 799 802 731 948 87.6 858 \ 83.6

Table 2: Accuracy (%) on the ImageCLEF-DA (with
ResNet-50 as a backbone).

Comparisons to the State-of-the-Art

DomainNet: Table 1a presents the results on the DomainNet
dataset. It can be observed that IPCA can achieve significant
progress compared with the state-of-the-art (SOTA) meth-
ods in most of the experimental tasks and achieve the high-
est average classification accuracy (70.1%). Note that as a
BTDA method, although MCDA can obtain sufficient target
information to support the adaptation, its performance is still
significantly lower than that of our method due to the limited
feature representations in the single source domain. Com-
pared to the MMDA method, AMDA, although it can obtain
sufficient representations from multiple source domains and
access the domain labels of target domains, is still a subop-
timal solution because it tries to align all feature spaces to a
common space. Unlike MCDA and AMDA, IPCA considers
the better source and targets feature space to utilize invert-
ible projection and align the conditional distribution by the
CKB metric without the requirement of domain labels of the
target domain, which is suitable for MBDA.

Office-Home: The results on the Office-Home dataset are
reported in Table 1b, where our proposed method gener-
ally outperforms the current SOTA approaches and achieves
the best classification accuracy (73.7%). Note that there is a
huge class imbalance on the Office-Home dataset; e.g., the
sample number of domain Rw (34,856) is far more numer-
ous than other domains. Our method can optimize the fea-
ture representations by IPM, which can transfer more useful
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Source | r+s  s+p  pir cHs  r+c cHp |

Target | c+p cHr c+s p+r  pis  T+S | Avg.
w/oIPM | 683 742 648 683 625 704 | 68.1
w/o Lent | 69.9 751 656 695 63.8 714 | 69.2

w/o Lg 65.8 722 61.7 668 602 683 | 658

IPCA | 700 757 663 708 650 72.7 | 70.1

(a) Effectiveness of each components
Source | I+P P+C C+l B+P I+B  B+C | Av
Target |[B+C B+l B+P C+ C+P +P | %
RA 789 785 719 933 86.7 855 | 825
pAdaIN | 79.6 79.1 72,5 93.6 87.0 85.8 | 829
MixStyle | 79.2 78.8 72.7 93.0 87.2 855 | 82.7
IPCA | 799 802 731 948 87.6 858 | 83.6

(b) Comparisons of different reconstruction methods

Table 3: Ablation results produced by IPCA (with ResNet-
50 as a backbone).

knowledge. These obtained improvements are mainly pro-
duced by the invertible projection learning and conditional
adversarial alignment.

ImageCLEF-DA: Table 2 illustrates the experimental re-
sults of our method and other SOTA methods on the
ImageCLEF-DA dataset. We can observe that our proposed
method exceeds the SOTA approaches in most of the clas-
sification tasks and achieves the highest average classifica-
tion accuracy (83.6%). These results show that our method
is beneficial to the MBDA setting and effectively adapts the
model to the confused target distribution.

Further Analysis

Ablation Study. Table 3a presents the ablation study on
the DomainNet dataset, evaluating the core components of
our method: 1) without IPM projection (w/o IPM), 2) with-
out conditional entropy maximization 10ss L.t (W/0 Lept),
and 3) without conditional adversarial alignment loss L4
(w/o Lg). The full method achieves the best performance.
Removing £, causes a significant 4.3% performance drop,
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Figure 3: (a, b) t-SNE visualizations of the b+i—c+p task, (c, d) confusion matrices, and (e, f) analysis of the IPCA parameters

(zoom in for better visualizations).

Targets \ r+s q+s q+r p+s p+r  pHq i+s i+r i+q i+p c+s ctr c+q c+p c+i \ Avg.
DGWA* 583 305 385 509 686 330 365 445 283 388 53,6 623 367 590 423 |44.1
IPCA4S2T)| 59.5 31.7 397 521 698 342 377 457 295 400 548 635 379 602 43.5 |46.7
Sources \ r+s q+s  q+r p+s p+r  p+q i+s i+r i+q i+p c+s c+r c+q  ctp cH \ Avg.
DGWA* 399 504 483 352 390 502 388 424 485 393 423 374 460 375 416 |405
IPCA(2S4T) | 41.2 521 49.7 365 400 51.7 398 445 50.7 402 441 386 473 39.7 41.8 |43.7
3S3T cHi+p c+i+q cH4r c4pt+q cHpHr cHp+s c+p+s cHr+s i+p+q i+p+r i+p+s i+q+r  i+r+s p+q+r p+q+s Av

q4r+s p+r+s p+q+s  1+r+s  i+q+s  14+qQ+r i+p+r 14+p+q cHr+s c+q+S CHqQHT CHp+S cHp+q  CH+S  CHIHT &
DGWA* 389 493 459 522 297 335 477 318 560 391 381 488 420 433 512 |41.7
IPCA 40.1 50.8 473 537 306 345 491 327 575 403 392 503 432 447 527 |445

Table 4: Accuracy (%) on the default version of DomainNet dataset (with ResNet-101 as a backbone).

highlighting its importance in aligning conditional distribu-
tions across sources and the blended target domains. Results
for “w/o IPM” confirm its effectiveness in MBDA, while
Lt enhances robustness on domain-specific features.

In Table 3b, we compare the performance of IPM with
other feature reconstruction methods, including Random
Augmentation (RA), pAdaIN (Nuriel, Benaim, and Wolf
2021), and MixStyle (Zhou et al. 2021b). The results show
that IPM is better suited for the MBDA scenario than other
reconstruction methods.

Feature Visualization. The t-SNE (Maaten and Hinton
2008) feature visualization of our method is shown in Figure
3b, alongside the ResNet-50 visualization in Figure 3a. Dots
of different colors represent features from different domains.
The source-only model (ResNet-50) clusters well on source
features but struggles with target features. In contrast, our
method generates highly discriminative features, clustering
same-class features better and separating different-class fea-
tures more effectively. These results further validate the ef-
fectiveness of the IPM mapping and conditional adversarial
alignment in MBDA.

Hyper-parameter Sensitivity. Figures 3e and 3f re-
port the sensitivity of our method to two loss func-
tion hyper-parameters « and (. We performed the

experiments on the ImageCLEF-DA dataset with
classification task b+i—c+p. The hyper-parameter
choices are o« = {0.01,0.05,0.1,0.5,1.0} and

8 = {0.01,0.05,0.1,0.15,0.2}. According to the results,
our method is not sensitive to 3, but is a little bit sensitive
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to . In general, the best choice of hyper-parameters is
a=1.0and 8 = 0.1.

Scalability. To evaluate IPCA’s scalability, we conduct ex-
periments on the default version of DomainNet dataset,
which includes 6 domains with 345 categories. As shown
in Table 4, the experimental tasks are categorized into
four-sources-two-targets (4S2T), two-sources-four-targets
(2S4T), and three-sources-three-targets (3S3T). Compared
to DGWA, TPCA achieves significant performance gains,
demonstrating that [IPCA is more suitable to the multiple do-
mains scenario.

Conclusion

In this paper, we focus on the MBDA issue and propose an
IPCA approach. Considering the confused distribution in the
blended-target domain, we construct the invertible projec-
tion for multi-source and blended-target domains to obtain
the better feature space and adopt a conditional entropy max-
imization strategy to enhance model robustness in domain-
specific parts. A CKB-guided conditional adversarial learn-
ing strategy is applied to learn domain-invariant representa-
tions without the requirements of domain labels. Extensive
experiments show that our method achieves the superior per-
formance on three domain adaptation benchmarks.
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