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Abstract In recent years, machine learning has made a series of breakthroughs in computer vision
applications. However, the well-trained machine learning model cannot be directly applied to other
related machine learning tasks which have similar but different data distribution features. Thus, a large
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number of domain adaptation methods have been proposed in the literature to take full advantage of the
well-trained machine learning models as well as to avoid the expensive data collection prices and the
time-consuming model training costs. By extracting the common features between the source domain
and the target domain simultaneously, these domain adaptation methods can transfer the well-trained
model from a source domain to a different but correlated target domain efficiently. However, most
existing visual domain adaptation methods cannot deal with high-order tensorial features directly. They
can only convert a high-order feature tensor into a one-order high-dimensional feature vector naively by
carrying out a simple vectorization operation, which not only destroys the internal structure information
within the original high-order feature tensor, but also increases its computational complexity in the
subsequent operations. To overcome the above challenges, in this paper, the visual domain adaptation
problem is formulated as a multiple variables optimization problem by utilizing the tensor singular value
decomposition (t-SVD) and the tensor product (t-product) operator. Specifically, a common tensorial
subspace between the source domain and the target domain is built constructively, and the projections of
the source features and the target features on this common tensorial subspace are also computed
correspondingly. In order to solve the multiple variables optimization problem, a visual domain
adaptation method based on tensor singular value decomposition (VATES) is proposed in this paper by
adopting the tensor singular value decomposition and the alternating direction method of multipliers
(ADMM). Moreover, we prove the solvability of the multiple variables optimization problem that
minimizes the representation errors in both the source domain and the target domain under the constraint
of a common orthogonal tensorial subspace. The corresponding analytical solution is also provided at the
same time. Extensive experiments were carried out by comparing with 17 baseline visual domain
adaptation methods on three popular visual datasets like the Office-Caltech-10 dataset, the Office31
dataset, and the ImageNet-VOC2007 dataset. The experiment results show that compared with the
classical machine learning methods, the non-deep domain adaptation methods, the deep domain
adaptation methods, and the tensor-based domain adaptation methods, the image classification accuracy
on the unlabeled target domain of our proposed VATES method is improved by 10.6%~43.9%,
0.7%~31.1%, 0.7%~24.8%, and 5.7%~34.9%, respectively. Meanwhile,
efficiency of the VATES method is also improved by 40. 5% ~74. 3% , which is remarkably superior to
the compared visual domain adaptation methods. The excellent high-order data representation ability of

the running

the tensor singular value decomposition renders the VATES method's superior model transfer
performance. Experiment analysis also shows that the classification accuracy on the unlabeled target
domain of our proposed VATES method improves gradually with the enhancement of the feature

extraction ability of the adopted underlying feature extractor.
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Bk C-A C-W CD AC AW AD W-C W-A WD D-C DA DW
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GFK 88.2 77.6  86.6  79.2 70.9 822 69.8 76.8 100  71.4  76.3  99.3  8L5
IDA 89.6 851 89.8 83.6 78.3 8.3 8.8 90.3 100 8.5 9.7  99.7  88.2
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R4 VOC2007-ImageNet ZiE & 53 KA EXTEL

Bk -V V-1 ¥iE
SVM 52.4 42.7 47.6
PCA 58.4 65.1 61.8
TCA 63.7 64.9 64.3
GFK 59.5 73.8 66.7
JDA 63.4 70. 2 66.8
TIM 63.7 73.0 68. 4
CORAL 59. 6 70.3 65.0
JGSA 52.3 70.6 61.5
MDTL 66.7 71.2 68.9
DAN 65.9 69.7 67.8
DANN 66.5 71.3 68.9
DCORAL 67.3 72.6 69.9
ADDA 67.1 71.3 69.2
ProCA 66.9 72.1 69.5
CKB 67.3 71.5 69. 4
NTSL 55.9 59.9 57.7
TAISL 56. 1 60. 1 58.1
VATES 67.5 72.7 70.1
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Background

As an important and widely-concerned research topic in
machine learning, domain adaptation can transfer the trained
model from the source domain to the target domain by
extracting and utilizing the common features shared between
two domains. Thus, the expensive data collection and time-
consuming model training on the target domain are unnecessary
and can be avoided thoroughly. Nowadays, domain adaptation
has been widely used in the fields of computer vision, natural
language processing, audio processing, and industrial fault
diagnostics, and so on.

However, the existing visual domain adaptation methods

cannot deal with high-order tensorial features directly. They
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can only convert high-order feature tensors into one-order high-
dimensional feature vectors by simple vectorization operations.
Such naive operations not only destruct the internal structure
information within the original high-order tensors but also
increase the computational complexity of the domain adaptation
methods.

Aiming at preserving the valuable high-order structural
information and increasing the computational efficiency
simultaneously, we first formulated the visual domain
adaptation problem as a high-order multiple variables optimization
problem. It constructs a common tensor subspace shared between
source and target domain, and computes the projections of source

and target features simultaneously. Secondly, we proposed the
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visual domain adaptation method based on tensor singular value
decomposition (VATES)

optimization problem.

to solve the newly formulated
It decomposes the original high-order
optimization problem into several simple univariate optimization
sub-problems by following the framework of alternating direction
method of multipliers. Finally, we proved the solvability and
deduced the analytical solution of the optimization sub-problem
which minimizes the representation errors of source and target
domains under the constraint of orthogonal common tensor
subspace.

To demonstrate the effectiveness and efficiency of the
proposed VATES method,
experiments on three popular visual domain adaptation datasets
like Office-Caltech-10 dataset, Office31 dataset,

ImageNet-VOC2007 dataset, and compared it with 17 baseline

we carried out extensive

and

methods. The experiment results showed that the proposed

VATES method can not only provide higher classification
accuracy for image classification tasks on unlabeled target
domain than other baseline methods, but also present superior
efficiency at the same time. Meanwhile, the performance of the
proposed VATES method under different parameters and
settings was also analyzed in the paper.
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