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Abstract

Blended-target domain adaptation (BTDA) leverages learned
source knowledge to adapt the model to a blended-target do-
main that is composed of multiple unlabeled sub-target do-
mains with distinct statistical characteristics. The existing
BTDA methods usually overlook semantic correlation infor-
mation across multiple domains and domain shifts among
sub-target domains, resulting in sub-optimal adaptation per-
formance. To fully harness semantic knowledge and alleviate
domain shifts in hybrid data distribution, we propose a col-
laborative semantic consistency alignment (CSCA) method
for BTDA. Specifically, we achieve distribution alignment
by minimizing the sliced Wasserstein distance between the
source and target feature distributions. To alleviate complex
domain shifts among all sub-target domains in the hybrid fea-
ture space, we design graph networks to propagate and share
semantic knowledge across domains, which reduce semantic
discrepancies among multiple domains. Additionally, we pro-
pose a double consistency regularization method to reduce the
susceptibility of the model to domain-specific information,
further facilitating semantic alignment and alleviating do-
main shifts. Extensive experiments on several datasets show
that CSCA achieves promising classification performance.

Code — https://github.com/xuehu365/CSCA

Introduction

Unsupervised domain adaptation (UDA) (Long et al. 2015)
aims to improve the generalization on the unlabeled target
domain by transferring knowledge from the labeled source
domain. Most UDA methods are usually confined to adapt-
ing from a single source to a single target (STDA) (Bai
et al. 2024; Xie et al. 2022; Han, Sun, and Yin 2022). How-
ever, in real-world applications, the target data may origi-
nate from various environments with significant distribution
disparities. For example, in remote sensing image classifica-
tion, the images in a dataset are collected under diverse con-
ditions, including geographical positions, atmospheric in-
terference, and different satellite sensor configurations. To
adapt to real-life situations, a more challenging DA task
known as blended-target domain adaptation (BTDA) (Chen
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et al. 2019; Xu, Wang, and Ling 2023; Peng et al. 2019) has
received significant attention.

As a special case of multi-target domain adaptation
(MTDA) (Nguyen-Meidine et al. 2021; Zhou et al. 2023;
Kiran et al. 2022), BTDA adapts from a source domain
to a blended-target domain, where all target domains are
mixed together without any domain labels. Thus, it is diffi-
cult to distinguish which target domain these samples come
from. In other MTDA methods (Isobe et al. 2021; Roy et al.
2021; Tian et al. 2022), target domains are independent
with distinct identity IDs known as domain labels. Com-
pared with MTDA methods with domain labels, BTDA has
the following advantages: (1) mixed targets are beneficial
for simultaneously capturing semantic information among
all domains without the limitations of domain isolation. (2)
MTDA methods are susceptible to experiencing catastrophic
forgetting of previously-trained target domains, which rely
on the sequence of target adaptations (Ngo et al. 2023).
However, there is no such problem in BTDA methods be-
cause all target samples from distinct domains are mixed to-
gether and trained simultaneously.

Although BTDA has some merits, there are relatively few
studies on it at present because the BTDA scenario is com-
plicated and challenging for the following reasons. Primar-
ily, domain shifts exist not only between the source and tar-
get domains but also among all implicit sub-target domains.
In addition, the hybrid data distribution leads to a serious
category mismatching phenomenon where the clusters of
different classes from different domains may overlap in the
hybrid feature space (Xu, Wang, and Ling 2023). To address
these challenges, Chen et al. (2019) employed an unsuper-
vised meta-learner to partition the combined target into mul-
tiple clusters, termed as meta-sub-targets. The model auto-
matically devises the multi-target adaptation losses for each
meta-sub-target to mitigate domain shifts. Although Chen
et al. solved the category mismatching problem, they failed
to leverage the advantage (1) of the blended-target domain
adaptation, but instead employed a meta-learner to sepa-
rate the mixed target domain into multiple independent sub-
target domains, making it difficult to explore correlation in-
formation among target domains. Xu et al. (2023) used a cat-
egory domain discriminator, guided by uncertainty estima-
tion, to align categorical distributions. And they augmented
the source data with target styles to facilitate semantic trans-
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Figure 1: Illustration of the proposed collaborative semantic consistency alignment approach. 7 (+) is the feature extractor, C(-)
is the MLP classifier, and G(-) is the graph network module. g; is a batch-size of prediction probabilities from G(-). §; is a
batch-size of pseudo-labels from C(-). For the inter-domain distribution alignment, we minimize the sliced Wasserstein dis-
tance between the source and target feature distributions. For the cross-domain semantic alignment, we design graph networks
to conduct semantic knowledge exchange and information sharing among all domains. In order to appear more concise, we have
hidden some edges in the fully connected graph. For the intra-domain double consistency regularization, we keep the consis-
tency of two views from both prediction and feature aspects to reduce the sensitivity of the model to untransferable information.

fer from the target to the source, effectively mitigating se-
mantic discrepancies. Although Xu et al. considered the se-
mantic information between source and target, they ignored
the semantic correlations among the implicit sub-target do-
mains, which are also essential for achieving fine-grained
domain adaptation.

To make up for the aforementioned deficiencies and ad-
dress the challenges of BTDA, we propose a collabora-
tive semantic consistency alignment (CSCA) method for
BTDA. Specifically, we first align global distributions be-
tween the source and blended-target domains by minimiz-
ing the sliced Wasserstein distance. Meanwhile, to alleviate
the domain shifts among all implicit sub-target domains, we
design graph networks to conduct knowledge exchange and
information sharing not only between the source and target
domains but also among implicit sub-target domains. In this
process, the graph networks can generate more discrimina-
tive and robust features that aggregate semantic properties
from similar features across domains. This semantic char-
acteristic aggregation method can solve category mismatch-
ing problems because the similar samples from different do-
mains tend to cluster more tightly and the dissimilar sam-
ples tend to move further apart. However, the untransferable
semantic information, such as domain-specific information,
will be aggregated into new learned representations, which
ultimately harm the generalization ability of models (Wiles
et al. 2021). To reduce the interference of domain-specific
information and enhance the robustness of the model in
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complex mixed domains, we propose a novel double con-
sistency regularization method, ensuring consistency in cat-
egory assignments (from the prediction aspect) and centroid
assignments (from the feature aspect). As shown in Fig.
1, we integrate the distribution alignment and the semantic
matching into a unified BTDA framework. The contributions
in the paper can be outlined as follows:

* We propose a novel approach for BTDA that simultane-
ously considers domain distribution alignment and se-
mantic alignment for comprehensive adaptation. These
two factors complement each other in a collaborative
training manner.

We design graph networks to disseminate and exchange
semantic information across all domains, which effec-
tively reduces semantic discrepancies among different
domains.

* We introduce a double consistency regularization method
to reduce the model’s susceptibility to domain-specific
information, which is beneficial for learning domain-
invariant features and improving the generalization ca-
pability of the model.

Related Work
Multi-Target Domain Adaptation

Multi-target domain adaptation (MTDA) is a transfer learn-
ing scenario that migrates knowledge from a labeled source
domain to multiple unlabeled target domains with different



distributions. Current MTDA methods can generally be di-
vided into two types: MTDA methods with domain labels
(Isobe et al. 2021; Zhou et al. 2023; Kiran et al. 2022) and
blended-target domain adaptation (BTDA) methods (Xu,
Wang, and Ling 2023; Chen et al. 2019; Peng et al. 2019).
BTDA is an emerging domain-agnostic transfer scenario in
which all sub-target domains are blended as a single target
domain. At present, the research on BTDA is highly appeal-
ing due to the diversity of sources for target domain data.
Xu et al. (2023) designed a categorical domain discrimina-
tor with the guidance of uncertainty to align the category
distributions in the hybrid feature space. Chen et al. (2019)
utilized a meta-learner to automatically devise adversarial
meta-sub-target DA losses, which can dynamically train the
model to learn domain-invariant features. However, they fail
to explore the semantic correlations among various target
domains, which is important in alleviating multi-domain
shifts. Therefore, we design graph networks to achieve se-
mantic information exchange across all domains and learn
more robust and discriminative features. We also propose a
double consistency regularization method to reduce the in-
terference of domain-specific information on the model dur-
ing information exchange.

Graph Neural Networks

Graph neural networks (GNNs) (Wu et al. 2021) can effec-
tively capture the intricate relationships and facilitate the
exchange of messages among the nodes in a graph. Due
to their proficiency in feature aggregation and information
propagation, GNNs has been widely employed in domain
adaptation tasks (Zhang et al. 2024; Yang et al. 2020; Yuan
et al. 2022). For instance, Yuan et al. (2022) proposed a self-
supervised learning strategy that GNNs serves as a bridge
between the pretext task (domain classification) and the tar-
get task (category classification) to achieve transferable in-
formation sharing. However, this strategy is not suitable for
the BTDA setup due to the lack of domain labels for do-
main classification. Yang et al. (2020) proposed a heteroge-
neous graph attention network (HGAN) to disseminate se-
mantic information between the source and target. However,
in this method, HGAN only conducts semantic propagation
between the source and a single sub-target domain, which
neglects the domain shifts among the sub-target domains.
Differently, we leverage GNNs to achieve semantic infor-
mation propagation not only between the source and target
domains but also among all sub-target domains, which can
effectively reduce the semantic discrepancies among multi-
ple domains.

Consistency Regularization

Consistency regularization (Kurakin, Goodfellow, and Ben-
gio 2017) is a self-supervised learning (Chen et al. 2020)
technique used to improve the generalization performance of
models without any annotations. In domain adaptation, con-
sistency regularization can make the models less sensitive to
domain-specific features, enabling them to maintain robust-
ness against task-irrelevant information (Jing et al. 2023).
Most consistency regularization methods (Xie et al. 2020;
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Sohn et al. 2020; Yan et al. 2022) are compelled to pro-
duce consistent representations or predictions for two differ-
ent augmented versions of an image. However, directly im-
posing constraints on predictions or features can be overly
strict, potentially complicating the training process (Jing
et al. 2023). In our work, we propose a novel double con-
sistency regularization coupled with clustering centroids to
reduce the sensitivity of the model to domain-specific infor-
mation. We simultaneously consider the perspectives of pre-
diction probability and centroid similarity without directly
imposing constraints on them.

Method
Preliminaries

Notation. In the BTDA scenario, we are given a labeled
source domain S = {(2;,ys:) }isy with n, labeled sam-
ple pairs and a combined target domain 7 = {7z}, =
{z4; ?;1 with K unlabeled sub-target domains, where n;
is the number of all target samples. z; is a source image
sample, and y; is the corresponding ground truth label. The
source domain and all sub-target domains have a common
label space, but they have different statistical properties. Not
only are there domain shifts between the source domain and
all sub-target domains, but also the data distributions differ
among all sub-target domains themselves. Our BTDA model
consists of a feature extractor F(-), a MLP classifier C(-),
and graph networks G(-). F(-) : R3***"h — R? parame-
terized by 0, is used to extract source and target features,
ie, fs = F(zs) and f; = F(xy). C(-) : R — R", pa-
rameterized by 6c, is used to output class logits p/, and p}
that pass through the softmax function to obtain probabili-
ties ps and p;. n. is the number of categories in the dataset.
G() : R* — R™, parameterized by g, outputs class logits
g% and g, that pass through the softmax function to obtain
probabilities g and g;.

The Design of Graph Networks. §(-) comprises an edge
relationship network h.(-) and a node classification net-
work h,(-). For an undirected fully connected graph Z =
(V, &, A) constructed by a batch-size of samples, V is the set
of nodes, & is the set of edges, and A is an affinity matrix.
v; € V is anode in Z, which is initialized by the extracted
feature from F(-). e; ; € £ denotes the edge between nodes
v; and v;. The matrix A is formed by many similarity scores,
where each score a; ; € A reflects the semantic similarity
between feature nodes v; and v;. We obtain the similarity

score df;lj)- for the pair (v;,v;) € € at the [-th layer using the

following equation:

(1 - -

) = RO ), (1)
where hg) is the [-th layer of the edge relationship net-
work h(-) that calculates semantic similarity between fea-

ture node pairs. vgl_l) is the node feature at the (I — 1)-th
GCNs layer for the data ;. Then, we add self-loops for each
feature node and normalize the learned similarity scores to

form the affinity matrix A®):
AD = D=3 (AD + 1Dz,

1
2
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where D is the degree matrix, I is the identity matrix, and

A is the unnormalized affinity matrix. When we obtain .A(l),
we can conduct information exchange among node embed-
dings and update the node features with the following fea-
ture aggregation formula:

o

(l) (I:'U,(l_l)

l -1
ot i),

3

jeB

where hg,l) is the [-th layer of feature aggregation network
h,(+), and the last layer of h,(+) is a classification layer with
n. outputs. [-,-] is the concentration operator. 5 is the set
of sample indexes in a mini-batch. v; is the current node
feature that needs to aggregate semantic information from
others, and v; is other node feature in the same batch-size.

Supervised Learning for Labeled Data. To effectively
learn source domain knowledge, we optimize the classifi-
cation cross-entropy losses for the labeled source data:

Loy = *nis ; s log (C(F(241)), @
1 o
=== Gsilog(hu(F(zs)), )
S =1

where ¥; is a source one-hot label. The MLP classification
loss L5 is used to optimize C(+), and the node classification
loss L, is used to optimize h,(+).

Inter-domain Distribution Alignment

The Wasserstein distance can effectively capture the ge-
ometrical properties inherent in distributions and ex-
hibit greater stability. However, when dealing with high-
dimensional distributions, the computational complexity
will become extremely high, leading to low efficiency or
even infeasibility of computation. Investigated in (Lee et al.
2019; Xie et al. 2022), we use a simpler and more efficient
variational version: the sliced Wasserstein distance (SWD)
as our domain discrepancy measurement, which simplifies
the complex high-dimensional distribution into several one-
dimensional distributions. The SWD of feature distributions
between the source and the target is described as follows:

swd fs,ft ZZTZJ fsvam iy §(<ftaam>)i)7
m=1i=1
(6)
where (-, -) is the adaptation cost function, £(-) is the sort-

ing function, (-, -) is the inner-product, and NV is the number
of samples in a batch-size. We set the number of projections

= 256, as done in (Lee et al. 2019). «,, is a projec-
tion vector randomly sampled from the unit sphere S?~!,
ie., ay, € S, d is the dimension of features f, and f;.
By minimizing the above domain alignment loss (in Eq. (6)),
we can effectively reduce domain shifts and capture the geo-
metrically meaningful discrepancies between the source and
target features.
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Cross-domain Semantic Alignment

Domain alignment solely reduces the global distribution dis-
crepancy but overlooks the semantic characteristics con-
tained in the data, which may compromise the class dis-
criminative ability (Ma, Zhang, and Xu 2019). Additionally,
the domain shifts among the implicit sub-target domains are
not resolved either. To address these concerns, we design
graph networks to conduct semantic information exchange
and knowledge sharing across multiple domains in the hy-
brid feature space.

As mentioned earlier, the edge relationship network A (-)
outputs an unnormalized affinity matrix A using Eq. (1),
where each term in the matrix denotes the similarity score
between a pair of node features. So how can we teach the
network h. (-) effectively to learn the similarity between the
node features? Firstly, we need to construct an association
matrix A* to guide h.(-) learning, and each element o} ; in
A* represents whether sample x; and z; belong to the same
class, which is described as follows:

|

If the class labels of two samples are identical, then the cor-
responding association element a; ; is assigned the value
“1”, indicating that an edge is bu11t between x; and x;. For
the source data, class labels are already available. For unan-
notated target data, we use pseudo-labels provided by the
MLP classifier C(-) to establish the matrix A*. C(-) does not
aggregate features before classification, so it is not affected
by unsimilar sample noise in the early stage.

To instruct h.(-) to learn the sample similarities in a
batch-size data, we align its outputs, the unnormalized affin-
ity matrix A, as closely as possible with A*. We optimize
he(+) by using a binary cross-entropy loss:

DI

zlgl

1, if y7:y]
0, otherwise

*

@ j

)

+(1

jlog(a; j)+(1—a;j ;) log(1—a; )], (8)

where n is the total number of a batch-size source and target
samples. To reduce the impact of unreliable pseudo-labels,
the elements a* about low-confidence pseudo-labels in A*
(the maximum likelihood of prediction is less than threshold
T1) are not optimized during training.

After edge relationship network h.(-) outputs A, we nor-
malize A using Eq. (2) to obtain affinity matrix 4. Then, the
node classification network h,(-) will conduct information
exchange among the node embeddings to learn semantically
rich features based on A using Eq. (3). During the feature
updating process, highly similar features contribute more to
the formation of the final features. Through the knowledge
aggregation of multi-layer GCNs, we can obtain more dis-
criminative features. At the last layer of h,(-), the network
will classify the samples by outputting n.-dimensional vec-
tors. We optimize h,(-) by using Eq. (5). Finally, the graph
networks optimization loss is denoted as follows:

Lgraph = >\e£e + >\v£v7 9
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Figure 2: Illustration of the consistency of category assignments. Category assignments of the same class from two views can
form positive pairs, while those from different classes can form negative pairs.

where )\, and )\, are balance parameters. In this semantic-
oriented alignment, we can capture the intrinsic semantic in-
formation behind the data to mitigate domain shifts among
the implicit sub-target domains, which can relieve the phe-
nomenon of hybrid feature distribution.

Intra-domain Double Consistency Regularization

To decrease the interference of domain-specific information
and promote intra-domain representation learning, we con-
duct consistency regularization on target data from double
aspects. Formally, for each batch-size of target samples x;,
we create two views: a weakly augmented view x}’® and a
strongly augmented view z{“. Then, two views pass through
F () to get their feature representations f{** and f7*. The
features are finally fed into C(-) with the softmax function
o(+) to obtain the probability predictions P;*® and P7“. This
procedure is described as follows:

PP = o(C(fye") = o(C(F (")), (10)
where view is wa (weak augment) or sa (strong augment).
We regard each column of PP as the category assignment
(content boxed in red in Fig. 2), i.e., a probability vector of
a batch-size of samples being assigned to a certain category.

Our double consistency regularization method both con-
siders the consistency between two views from prediction
and feature aspects. For the prediction aspect, we increase
consistency between the category assignments of the same
class from two views (positive pairs) and decrease the sim-
ilarity between the category assignments of the different
classes from two views (negative pairs). The prediction rel-
evance matrix A, € R™*"™ measures category assignment
similarities, which is calculated using the following formula:

(1)

where each element A;;j in the asymmetry matrix A, evalu-
ates the similarity between the i-th column of P/*“ and the
j-th column of P?. The objective is to increase the similar-
ity of positive pairs (diagonal value in A,) and decrease the

Ap _ (tha)TPtsa’
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similarity of negative pairs (off-diagonal values), so we can
get the optimize function as:

1
£= 5= (6(h) — 11 + o)) = 1],

where ¢(-) is a normalization function ensuring that the sum
of values in each row equals 1. ] is an identity matrix. ||-||, is
the operation of summing the absolute values of the matrix.
From the feature aspect, we first compute similarity be-
tween feature f;; and centroid ¢, with the equation below:

exp(sim(fri, cr)/2)
doity exp(sim(fij, ) /T2)

where sim(-,-) denotes the cosine similarity function and
Ty is a scaling temperature. After calculating similarities be-
tween a batch-size of features and all centroids, we can ob-
tain similarity matrices S}’ and S;“ from two views. Simi-
lar to A, the centroid relevance matrix Ay € R"**" mea-
sures centroid assignment similarities between two views:

Ay = (SPe)Tsse. (14)

We aim to increase consistency between the centroid assign-
ments of the same class from two views, and reduce the
similarity between the centroid assignments of the different
classes from two views. From the above, our double consis-
tency loss can be defined as:

3 Pol9(8,) = 11, + l6(a]) = 1],
+ 0 (I9(Ag) = Tl + 6(AT) = 1))

where )\, and \; are weighting parameters. It is notewor-
thy that we use a method like weighted k-means cluster-
ing in (Liang, Hu, and Feng 2020) to calculate the centroids
{¢,}7e | with the robust predictions from G(-).

12)

Si,r =

13)

Econ =
(15)

Training Procedure

Our model undergoes three training stages. The first stage is
the pre-training phase, in which we train the model using la-
beled source data. The second stage is the domain adaptation



Methods \ Office-31 \ Office-Home
| A D W Avg. | Ar Cl Pr Rw Avg.
Source only ‘ 68.6 70.0 66.5 68.4 ‘ 47.6 42.6 44.2 51.3 46.4
DAN 79.5 80.3 81.2 80.4 55.6 56.6 48.5 56.7 54.4
DANN 80.8 82.5 83.2 82.2 58.4 58.1 52.9 62.1 57.9
CDAN 93.6 80.5 81.3 85.1 59.5 61.0 54.7 62.9 59.5
JAN 84.2 74.4 72.0 76.9 58.3 60.5 52.2 57.5 57.1
AMEAN 90.1 77.0 73.4 80.2 64.3 65.5 59.5 66.7 64.0
CGCT 93.9 85.1 85.6 88.2 67.4 68.1 61.6 68.7 66.5
MT-MTDA 87.9 83.7 84.0 85.2 64.6 66.4 59.2 67.1 64.3
DCGCT 93.4 86.0 87.1 88.8 70.5 70.5 66.0 71.2 69.8
MTDA-PDT 92.9 85.9 87.3 88.7 71.1 73.0 67.5 72.1 71.9
MCDA 92.4 87.7 88.8 89.6 71.7 72.8 68.0 71.7 71.1
CSCA(ours) ‘ 95.8 88.1 89.2 91.0 ‘ 73.5 75.0 69.7 73.6 73.0

Table 1: Accuracy (%) of BTDA on the Office-31 and the Office-Home datasets. Each domain in the table represents the source,
and the remaining domains are mixed as the target. The accuracy is the mean of accuracies across all sub-target domains in the

blended target. The best results are highlighted in bold.

phase, with the overall optimization objective function:

‘Ctotal = ['cls + /\swdﬁswd + Lgraph + Econa (16)

where Agq i a trade-off parameter. In this stage, we adopt
an episodic training scheme to gradually update the tar-
get domain by assigning reliable pseudo-labels to the cor-
responding target samples in each episode. Because GCNs
can provide more reliable and robust pseudo-labels, we use
high-confidence pseudo-labels (the maximum likelihood of
prediction is greater than threshold 71) predicted by G(-)
to update the target dataset. We depict the high-confidence
pseudo-labels provided by G(-) as ;. The updated target
dataset contains unlabeled data 7, = {x;}}*, and pseudo-

labeled data 7; = {(wt;, §z;) };L,, which is described as:
T=T.UT, (17

where n,, + n; = ny, and we update T, and 7; at the end of
each episode. The pseudo-labeled target data will undergo
self-supervised training in the subsequent episode, following
the same training process as the source data with Egs. (4)
and (9). The last stage is the fine-tuning phase, where we
train the labeled data (S and pseudo-labeled 7;) using the
following optimization formulation, which is also used in
the pre-training phase:

(13)

Algorithm 1 in the Supp. Mat. summarizes the training pro-
cess of CSCA.

AClabeled = Ecls + £graph-

Experiments
Datasets
We conduct experiments on four standard DA benchmarks:
Office-31 (Saenko et al. 2010), Office-Home (Venkateswara
et al. 2017), ImageCLEF-DA (Caputo et al. 2014), and the
very large scale DomainNet (Peng et al. 2019) (0.6 million
images). More details about the datasets can be found in the
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Methods | ImageCLEF-DA

| B C I P Avg.

Source only | 68.8 573 674 68.1 654
DAN 84.1 749 79.1 808 79.7
DANN 812 748 775 784 78.0
CDAN 862 747 79.2 824 80.6
SCDA 833 79.0 793 83.0 812
DCNT 757 76,6 773 81.6 778
AMDA 871 780 783 825 815
HTA 876 813 786 834 827
MCDA 86.6 779 786 835 816
CSCA(ours) | 87.9 794 80.2 838 828

Table 2: Accuracy (%) of BTDA on the ImageCLEF-DA.

Supp. Mat. For each dataset, we designate a subset (domain)
of the dataset as the source domain and mix the remaining
subsets to form a blended-target domain for constructing the
transfer tasks, indicated as source — rest. For example, we
take turns using each domain in the Office-31 dataset as the
source domain to construct three transfer tasks: A—W/D,
W—A/D, and D—A/W.

Implementation Details

To ensure a fair comparison with some relevant methods,
we opt for the ResNet-50 (He et al. 2016) pre-trained on
ImageNet (Russakovsky et al. 2015) as the backbone for all
datasets. In line with (Yan et al. 2022), we adopt Random-
Flip and RandomCrop as weak augmentation techniques,
and RandAugment (Cubuk et al. 2020) as strong augmen-
tation techniques. We compute the classification accuracies
for all sub-target domains and use their average as the eval-
uation metric. More details about the network architecture
and implementation details can be found in the Supp. Mat.



Methods | Ar  ClI  Pr Rw Avg.
CSCA (w/o Lgwq) | 71.2 739 673 704 70.7
CSCA (W/o Lgrapn) | 662 687 64.6 659 664
CSCA (w/o Leoy) | 717 721 66.8 68.9 69.9
CSCA 73.5 750 69.7 73.6 73.0

Table 3: Ablation studies of each component of CSCA.

Type | Amazon Dslr ~ Webcam | Avg.
Only_P 93.6 86.6 88.5 89.6
Only_F 95.0 86.9 88.4 90.1
Double 95.8 88.1 89.2 91.0

Table 4: The effects of the prediction and feature aspects in
the dual consistency regularization method. Each domain in
the table represents the source domain, while the other sub-
datasets constitute the blended-target domain.

Results

We assess our approach in comparison to various UDA
methods, which include methods tailored for BTDA, such
as AMEAN (Chen et al. 2019), CGCT (Roy et al. 2021),
and MCDA (Xu, Wang, and Ling 2023). Due to the scarcity
of existing BTDA methods, we also use MTDA methods for
comparison: DCGCT (Roy et al. 2021), MTDA-PDT (Zhou
et al. 2023), and MT-MTDA (Nguyen-Meidine et al. 2021).
Additionally, we use other advanced UDA methods that can
be extended and applied in the BTDA setting: AMDA (Wang
et al. 2020), DAN (Long et al. 2015), CDAN (Long et al.
2018), DANN (Ganin and Lempitsky 2015), DCTN (Xu
et al. 2018), HTA (Wu et al. 2023), JAN (Long et al. 2017),
and SCDA (Li et al. 2021). The experimental results on the
DomainNet dataset can be find in Supp. Mat.

Results on the Office-31. The left side of Tab. 1 dis-
plays the results on the Office-31 dataset. In the table, our
method attains the highest average accuracy on the Office-
31 dataset. Compared to the latest BTDA method, MCDA,
our classification results in task A—W/D exceed those of
MCDA by 3.4%. MCDA solely focuses on aligning category
distributions, overlooking the semantic information embed-
ded within the data. This shows the importance of simul-
taneously considering distribution alignment and semantic
matching in enhancing the effectiveness of domain adapta-
tion.

Results on the Office-Home. The right side of Tab. 1
shows the experimental results of our method on the Office-
Home dataset. We can see that our method outperforms all
compared methods on all the tasks of Office-Home, which
shows the effectiveness and superiority of our method. Ad-
ditionally, there was a notable 9% increase in average ac-
curacy compared to the classical BTDA method, AMEAN.
In contrast to the MTDA methods MTDA-PDT and MT-
MTDA, our method remains superior because we propagate
and learn semantic information across all sub-target domains
rather than segregating each sub-target domain separately.
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Results on the ImageCLEF-DA. Tab. 2 presents the
classification results of the ImageCLEF-DA dataset. Our
CSCA method exhibits exceptional performance and attains
the highest average accuracy. It is worth highlighting that
our method, trained solely in a single source domain, can
achieve the desired performance across all sub-target do-
mains. AMDA (Wang et al. 2020) is a multi-source multi-
target domain adaptation method that uses multiple source
domains to transfer knowledge for adaptation across multi-
ple target domains. Although AMDA has explored comple-
mentary information between each source and target pair, it
fails to harness the beneficial semantic correlation informa-
tion among target domains, a factor crucial for enhancing
model performance.

Analysis

Component-Wise Ablation. The ablation experiment re-
sults for each component of CSCA on the Office-Home
dataset are presented in Tab. 3: 1) CSCA (w/o Lg,q) de-
notes the removal of loss L,q4; 2) CSCA (W/0 Lgrqpn) de-
notes the removal of loss Lg,.qpn; and 3) CSCA (w/o Lor)
denotes the removal of loss L.,,,. From the table, we can see
that the semantic assignment method contributes the most to
the performance of CSCA. However, without global distri-
bution alignment, the model only achieved sub-optimal re-
sults, demonstrating the effectiveness of the collaboration
between distribution alignment and semantic matching in
achieving optimal adaptive performance. The results indi-
cate that all proposed components contribute significantly to
performance enhancement.

Effect of Double Consistency Regularization. To vali-
date the effect of maintaining consistency in both prediction
and feature aspects, we have presented results considering
only the prediction aspect (referred to as “Only_P”), only
the feature aspect (referred to as “Only_F”), and both aspects
combined (referred to as “Double”). As shown in Tab. 4, it
is clear that double consistency yields optimal results, which
could facilitate the acquisition of domain-invariant and dis-
criminative representations.

Hyper-Parameter Sensitivity Analysis. In this section,
we perform hyper-parameter sensitivity analysis for our
CSCA. Fig. 3 (a) shows that with balance parameters A\, =
1.0 and A\, = 0.1, our accuracy achieves its optimum. Fig. 3
(b) indicates that with A\, = 0.2 and Ay = 1.0, the model’s
performance reaches its peak. For the loss trade-off param-
eter g4, we find that setting A, = 1.0 yields the best
results, as shown in Fig. 3 (c).

Visualization of Features. We have visualized the feature
representations of several different methods by using the t-
SNE technique (Selvaraju et al. 2017). Our experiments are
performed on the Office-31 task A—D/W, as shown in Fig.
4.1t is evident that the features in DANN and MCDA models
lack well-constructed clusterings. In contrast, the features
learned by our CSCA have formed more compact and dis-
criminative clustering structures. This is because our learned
features aggregate semantic information from similar sam-
ples across multiple domains, thus bringing similar features
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closer in the feature space.

Conclusion

In this paper, we propose a novel approach for a more chal-
lenging domain adaptation scenario, BTDA. Specifically, we
minimize the distribution distance between the source and
target to achieve inter-domain distribution alignment. Mean-
while, we design graph networks to conduct knowledge ex-
change and information sharing among all domains, which
effectively alleviate the domain shifts in this complex hy-
brid data distribution. In our framework, domain alignment
and semantic matching mutually complement each other
to achieve better adaptation performance. Additionally, we
propose a double consistency regularization method to re-
duce the interference of domain-specific information. Ex-
tensive experiment results on four benchmarks prove the ef-
ficacy of CSCA.
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