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Abstract. The stepwise adaptation feature norm (SAFN) is one of the transfer learn-
ing methods. It proposes that only the samples with larger feature norms are easier to
classify, and samples with larger feature norms have better domain transfer performance.
It ignores the classification effect of samples with small feature norms. To improve ac-
curacy, this paper proposes an improved method based on the stepwise adaptation feature
norm. It is designed as an L2-normalization layer and adds it prior to the last fully
connected layer. It constrains the feature norms of samples to a fixed hypersphere. This
layer enables more attention to be before samples with small feature norms and mitigates
the importance of samples with large feature norms. The layer also decreases the distance
between the samples in the same category and increases the distances between different
categories. This makes the decision boundaries clearer for classification. Besides, it also
adds a scaling parameter after the L2-normalization layer to make the hyperspherical sur-
face area larger. This makes features be better distributed over the hyperspherical surface.
The proposed method is compared with other methods including ResNet-50, DAN, DANN,
JAN, CDAN, SAFN on the datasets Office-31, ImageCLEF-DA, and Office-Home. The
simulation results show that the proposed method has the highest accuracy in different
datasets.
Keywords: Transfer learning, Stepwise adaptation feature norm, L2-normalization,
Scaling parameter

1. Introduction. Transfer learning is one of the artificial intelligence methods. Its goal is
to transform learned knowledge in the source domain to the target domain. In traditional
machine learning, it requires labeling an amount of training data for training a new model.
This consumes a large amount of manpower and material. In some real applications,
some data have no label, and training model is difficult. The transfer learning method
can solve the problem by transforming the learned knowledge from the dataset that has
an amount of training data with labels to the new model. Besides, most of the data or
tasks are correlative, so the transfer learning method also can share the model parameters
in the source domain to the new model to improve the efficiency of model training, to
avoid training models from scratch. The transfer learning method has been applied in
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word recognition [1], insulator identification [2], biomedical event trigger extraction [3],
medical image processing [4], and classifying of animals [5].
Domain adaptation is one of the special transfer learning methods. It maps the data

in the source domain and the target domain to feature space and adjusts the parameters
to reduce the distance between features in different domains. Therefore, the trained ob-
jective function in the source domain can be transformed to the target domain, in order
to improve the accuracy of the target domain. Domain adaptation has several applica-
tions in the field of vision, including image classification, semantic segmentation, target
re-identification, etc. [6-8]. Domain adaptation methods can be divided into supervised
domain adaptation and unsupervised domain adaptation, based on the availability of the
target data label. In this paper, we concern with unsupervised domain adaptation. The
unsupervised domain adaptation transforms the knowledge that is learned from the source
domain that contains a large quantity of labeled data, to the target domain that only has
the unlabeled data.
The research of most domain adaptive methods can be divided into two parts. One is

to minimize the source domain error of the classification task. The other is to minimize
some statistical discrepancies between the source domain and the target domain to obtain
domain invariant features. They want to make the data distribution between the source
domain and the target domain be “overlap”. However, strict alignment of the source
domain and the target domain is difficult to achieve. To reduce the data distance between
the source domain and the target domain, Xu et al. [32] proposed the SAFN method by
introducing the difference between the feature norms of the source domain and the target
domain into loss function, to reduce the error of the domain adaptive method. It reduced
the transfer effect of domain shift through feature norm adaptive. This method considered
that the larger the feature norm is, the easier it is to classify. The effect of features with
a small intra-category norm on the classification was ignored. The dataset contains many
classes. The SAFN method only considered the distribution of the feature norm in the
source and the target domains and ignored the differences in each class. This can lead
to a reduction in classification accuracy. To improve accuracy, an improved method is
proposed.
The main contributions of this paper are summarized as the following.

1) It designs an L2-normalization layer and adds it to the last fully connected layer in
the SAFN method. It limits each feature norm onto a hypersphere of fixed radius,
to make features from the same category be closer together in the source domain.

2) It designs a scale layer to increase the inter-class distance between different classes
in the standardized space. If we only add the L2-normalization layer, the feature
norms of all samples will be mixed on a smaller hypersphere. The scale layer can
expand the hypersphere to make the decision boundaries between different classes
more obvious.

In Section 1, we introduce transfer learning, domain adaptation, and our contributions.
In Section 2, we review the developments related to domain adaptation methods. In
Section 3, we describe our proposed method. In Section 4, we discuss and analyze the
simulation results. In Section 5, conclusions are given.

2. Related Work. Domain adaptation methods can be divided into supervised domain
adaptation and unsupervised domain adaptation. Our proposed method belongs to unsu-
pervised domain adaptation, so we mainly introduce the unsupervised domain adaptation
methods in the following. There are two kinds of methods. One kind of method uses a
domain discriminator to determine whether the feature comes from the source domain or
the target domain. When the domain discriminator cannot distinguish the feature, the
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domain-invariant feature is learned. Ganin and Lempitsky [9] added a domain discrimi-
nator layer and gradient inversion layer to a standard deep network to ensure invariance
between the source domain and the target domain. This method increased the difference
between the features generated in the two domains, and made the distinguisher unable to
distinguish features. Ganin et al. proposed the domain adaptation neural network method
(DANN) by adding an adversarial mechanism to train the neural network [10]. It also
used the gradient inversion layer as a trick during training. The DANN only considered
sample features for distribution matching and did not consider that each domain has its
independent features. To solve the problem, domain separation network (DSN) was pro-
posed as an extension of DANN [11]. The DSN method improved the ability of the model
to extract domain-invariant features by constructing a new source domain and the target
domain. The new domains were composed of two parts that are a private component and
a shared component across domains. When the data distribution represents a complex
multi-modal structure, DANN was unable to capture this multi-modal structure. Pei et
al. [12] proposed a multi-adversarial domain adaptive method. The method could capture
multi-modal structures and align fine granularity of different data distributions through
multiple domain discriminators, reduce the phenomenon of domain alignment errors. To
solve the problem that the DANN method ignores the complex data distribution, Long
et al. [13] proposed the CDAN approach to deal with conditional adversarial problems.
The trained generators may generate unambiguous features near class boundaries. To
solve this problem, Saito et al. [14] proposed to maximize the discrepancy between the
outputs of the two classifiers and minimize the target features generated by the feature
generator to adjust the distribution of sources and the targets. Cao et al. [15] proposed
partial adversarial domain adaptation (PADA) to mitigate negative transfer. It reduced
the weight of outlier classifications during domain alignment and used the distribution
of features in the matching shared label space to facilitate the positive transfer. The
adversarial domain adaptation training is a game between generator and discriminator.
The loss function does not represent the model training progress, and it requires a longer
time to reach a certain equilibrium.

Another kind of unsupervised domain adaptation method is based on the maximum
mean discrepancy (MMD) method [16]. The source and the target domain samples are
firstly mapped to the feature space, respectively. Secondly, it minimizes the distance
of feature distribution between the source domain and the target domain in the feature
space. If a large number of samples generated from the source domain and the target
domain have an equal mean discrepancy in the feature space, then it could be assumed
that the source domain and the target domain are highly similar and belong to the same
distribution. Pan et al. [17] proposed transfer component analysis (TCA) to learn some
transfer components across domains by reproducing the maximum mean discrepancy in
the kernel Hilbert space. Long et al. [18] proposed joint distribution adaptation (JDA)
to reduce the differences between edge and conditional distributions. By adding an ad-
ditional loss term to the JDA, some improved methods were proposed. The ARTL [19]
added a structural risk minimization framework to JDA and used manifold regularization
to learn the adaptive classifier. Hou et al. [20] added the selection of the target domain
data to JDA. The method updated the distribution of class conditions. VDA [21] added
the calculation of intra-class distance and class spacing to optimize the objective of JDA.
JGSA [22] added intra-class distance, class spacing, label persistence to JDA. Joint geo-
metric and statistical alignment was used to learn two coupled projections to solve the
shift between domains.

The deep domain confusion (DDC) method was the first method that introduced the
MMD methods to deep networks [23]. It measured and minimized the distance between
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cross-domain data distributions to solve the adaptive problem of deep networks. However,
DDC had only one adaptation layer in the network. With the domain discrepancy in-
creasing, the transferability of the deep feature decreases significantly. DDC used a single
core MMD, and a single fixed core was not the optimal one. To solve the problem, DAN
was proposed by designing deep adaptive network architecture [24]. It used three adaptive
layers to compute the distance between the source domain and the target domain and
used an MK-MMD to match the cross-domain distribution by multiple task-specific CNN
layers. Enhanced transferability of task-specific layers did not consider the relationship
between two sub-domains in different domains of the same category for DAN.
To enhance feature representation by aligning sub-domains, a deep sub-domain adap-

tation network [25] was proposed based on the DAN network. It captured fine-grained
information for each category and used the local maximum which means discrepancy to
estimate the difference in distribution between the two sub-domains. Compared with
the global alignment method, sub-domain adaptation makes the source domain and tar-
get domain align more accurately within the same category. Long et al. [26] proposed
the joint adaptation network. This network can align the joint distribution of multiple
domain-specific layers in each domain to maximize the maximum mean discrepancy of the
joint distribution. And it was easy to estimate from small batches of samples, which made
the source domain and target domain distributions to be more distinguishable. Li et al.
[27] replaced the discriminator in generative adversarial network (GAN) with the MMD
distance. It matched all statistical orders between the dataset and the model samples by
generating a simple sample. It solved the problem that the game process of GAN was not
easy to converge and the model collapses. The above methods all assume that the source
and the target domain conditional distributions are the same and that the marginal dis-
tributions are different. Xu et al. [28] assumed that the conditional distributions of the
source domain and the target domain were different. The method used MMD to constrain
the extracted features on the source and target domains so that the feature distributions
were as similar as possible. The MMD was also used to constrain the softmax classifi-
cation results on both domains so that the distributions of the two classification results
were as equal as possible. It used the data, labels, and pseudo labels of the source and the
target domains to make the marginal distribution and conditional distribution as close
as possible. Considering the inconsistency between the prior distribution of the source
domain label and the target domain, Yan et al. [29] proposed to introduce an auxiliary
weight for each category in the source domain to re-weigh the source samples, so that
the source domain and the target domain share the same category weight. This method
used a weighted MMD model to test whether the target domain was consistent with the
pseudo-label generated by the source domain. It reduced the classification impact of the
wrong label, and the distribution achieves a better pulling effect. Sanodiya and Yao [30]
used MMD to minimize both the marginal and conditional distributions and used param-
eters to measure the proportion of conditional distribution in the sample. So the samples
in the source domain and the target domain that are at the edge of the class or far away
from the center of the class are more aggregated. The method also combines relative
distances, target domain variance, and Laplace terms to maintain distinguishing infor-
mation and obtain better inter-class divisibility and intra-class compactness. Zhang et
al. [31] proposed a discriminative relevance regularization term (DRR) by combining the
MMD loss and DRR into a deep network to obtain a relevance regularization adaptation
network.
Xu et al. [32] revealed the nature of model degradation through a large number of obser-

vations. It pointed out that the target domain feature norms were much smaller than the
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source domain feature norms. The previous methods did not think over this factor. There-
fore, the existing statistical disparities may not accurately describe the domain shift. The
authors proposed the maximum mean feature norm discrepancy (MMFND) based on the
MMD. It described the mean-feature-norm distance between the source domain and the
target domain. It achieved a better transfer effect by feature norm adaptation.

3. Method. The source classification loss function of the SAFN method is

Ly (x
s
i , y

s
i , θg, θf , θy) = −

|Cs|∑
k=1

I[k=ysi ]
log pk (1)

where xs
i and ysi are the ith input image and corresponding label in the source do-

main, respectively. The θg, θf , θy are the parameters of the feature extract model,
the last but one and last fully connected layers, respectively. Cs is the number of
categories. I[·] is a function that is used to determine whether the log pk equals ysi .
p = softmax (F (G (xs

i ))) =
[
p1, . . . , p|Cs|

]
. G is the feature extract model. F is a task-

specific classifier. The features optimized by the softmax loss function do not have higher
intra-class similarities and lower inter-class similarities. Therefore, the distance between
similar categories is larger, and the distance between the decision boundaries of classifi-
cation is smaller. This makes the distance between different categories be smaller, and
affects the accuracy.

To solve the problem, we propose to use the L2-norm and scale scaling method to
constrict the softmax function, to improve the accuracy. Firstly, we use L2-norm to
normalize the feature vector x = [x1, x2, . . . , xCs ] to avoid the larger and smaller features
affecting accuracy. Regardless of whether the sample features are large or small, they are
fixed on a hypersphere by the L2-norm, such that all samples receive similar attention.
That is, averaging over all samples reduces the relative importance of samples with large
feature norms, which is equivalent to giving samples smaller feature norms more attention
to improving accuracy.

It can be expressed as

y =
xi√∑Ds

i=1 x
2
i

=
xi

∥xi∥2
(2)

The L2-norm makes all embedded features x̂i only be mapped to a hypersphere surface
with R = 1. The hypersphere is too small so that the embedded features can only be
distributed on a limited surface area. All embedded features are mixed, and not easy
to distinguish. This makes it impossible to gather the embedded features with the same
category, and impossible together with the embedded features with different categories. To
solve this problem, we introduce a scaling factor α to embedded features. The constriction
is expressed as the following:

∥f(G(xi))∥2 = α (3)

The scaling factor can change the size of the hypersphere. Therefore, we use a larger
scaling factor to increase the surface area of the hypersphere. The larger surface area can
make the embedding features better distribute over the hyperspherical surface. It also
has a larger surface area for the embedded features with the same category to coalesce
together, and space between embedded features with different categories to keep each
other away. Based on (3), we design the improved source classification loss function that
is expressed as the following:
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)
subject to ∥f(G(xi))∥2 = α, ∀i = 1, 2, . . . , Cs

(4)
where the Ds denotes the source domain, and Cs indicates the number of categories. The
j denotes the number of elements within the category, and W and b are the weights and
biases that can be trained in the network, respectively.
Based on (4), the whole loss function of our proposed method is expressed as the

following: L (θg, θf , θF ) = L̂y (x
s
i , y

s
i , θg, θf , θy) +

λ

ns + nt

∑
xi∈Ds∪Dt

Ld(h(xi; θ1) + ∆r, h(xi; θ2))

subject to ∥f(G(xi))∥2 = α, ∀i = 1, 2, . . . , Cs

(5)
where Dt denotes the target domain, nt denotes an unlabeled sample in the target do-
main, and h(x) represents a mapping function that is constructed by L2-norm and depth
characterization module. It can map the input from the original space to the regenerated
Hilbert kernel space. Ld is the 2-norm distance. θ1 and θ2 are the model parameters at
the last iteration and the current iteration, respectively. ∆r denotes the positive residual
scalar. It is used to control the feature norm amplification. λ is the hyper-parameter
weight.
The network structure of the proposed method is shown in Figure 1. The Xs and Xt are

source domain images and the target domain images, respectively. The feature extraction
module G is composed of the ResNet network and is used to extract the source domain
and the target domain. The F model is a task-specific classifier with fully connected
layers. Each layer consists of a fully connected layer, batch normalization layer, ReLU
active function, and dropout layer. The proposed L2-normalization layer and scale layer
are added between the (l−1)th layer and lth layer in F model. Lt is the distance between
the two domains after the current iteration update and Lt+1 is the distance between the
domains after the next iteration update. Shared L is the distance between the source
domain and the target domain.

Figure 1. Proposed network structure
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In our proposed method, the scaling parameter α plays a crucial role in determining the
L2-soft maximum loss performance. There are two methods to determine the α. One is
to set a fixed scaling parameter valued according to experience, and the other is to obtain
the scaling parameter value by network learning. If we use the network learning method
to obtain the scaling parameter value, the scaling parameter of network learning will be
larger, which leads to the relaxation of L2 constraints. Therefore, we determine the scaling
parameter value according to the experiments on three data sets. To test the accuracy
with different scaling parameters, we randomly select the task Amazon (A)→DSLR (D)
and A→Webcam (W) from the Office-31 dataset, the task P→I from the ImageCLEF-
DA dataset, and task Artistic images (Ar)→Real-word images (Rw) from the Office-Home
dataset. The accuracies with different scaling parameters are shown in Figure 2. For the
task Ar→Rw, when the value of the scaling parameter is 8, the accuracy is the largest. For
the task A→D and A→W, when the value of the scaling parameter is 10, the accuracy is
the largest. For the task Pascal VOC 2012 (P)→ILSVRC 2012 (I), when the value of the
scaling parameter is 16, the accuracy is the largest. The value of the scaling parameter
being smaller or larger will reduce the accuracy. When the value of the scaling parameter
is larger than 16, the accuracies start to reduce for all tasks. With a scaling parameter
of 16, better transfer accuracy was obtained for all tasks. Therefore, we select 16 as the
value of the scaling parameter α.

Figure 2. Relationship between scaling parameter and accuracy

4. Simulation and Discussion. We use three datasets to compare our proposed method
with other transfer learning methods that are ResNet-50 [33], DAN [24], DANN [10],
JAN [26], CDAN [13], and SAFN [32]. The three datasets are Office-31, ImageCLEF-
DA, Office-Home. The Office-31 dataset contains 4652 images with 31 classes. It is a
widely-used benchmark for visual domain adaptation. The images are collected from
online websites, digital SLR cameras, and webcams. Therefore, the Office-31 dataset is
divided into three domains: Amazon (A), Webcam (W), and DSLR (D). All transfer
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learning methods are tested in six transfer tasks. A→W, D→W, W→D, A→D, D→A,
and W→A. The ImageCLEF-DA dataset contains three public datasets that are Caltech-
256 (C), ILSVRC 2012 (I), and Pascal VOC 2012 (P). We compare our proposed method
with other methods for the following tasks: I→P, P→I, I→C, C→I, C→P, and P→C. The
Office-Home dataset is more complex than the Office-31 and ImageCLEF-DA datasets.
This dataset is composed of four domains and 65 classes with 15500 images. The four
domains are Artistic images (Ar), Clip Art (CI), Product images (Pr), and Real-word
images (Rw). These four domains are less similar to one another than those in the
other two datasets. We test our proposed method alongside the other methods with
this dataset for 12 tasks: Ar→CI, Ar→Pr, Ar→Rw, CI→Ar, CI→Pr, CI→Rw, Pr→Ar,
Pr→CI, Pr→Rw, Rw→Ar, Rw→CI, and Rw→Pr.
We follow a standard protocol where the source domain samples are labeled and the

target domain samples are unlabeled. We use a uniform set of hyperparameters in the
Office-31, ImageCLEF-DA, and Office-Home datasets. For a fairer comparison, the same
set of hyperparameters is chosen for our method as for the competitor’s method. So, all
of the parameters are set the same as SAFN method, where λ = 0.05, ∆r = 1.0, batch
size = 32, weight decay = 0.0005, momentum = 0.9, and learning rate = 0.001. The
operating system is Ubuntu 18.04. The CPU is Intel Xeon E5-2678 v3 with 2.5 GHZ
main frequencies. The GPU is NVIDIA GeForce GTX 1080Ti. The basic network used
in the experiments is ResNet-50, and the deep learning framework is PyTorch.
Table 1 shows the accuracy results of our proposed method and those of other domain

adaptation methods on the Office-31 dataset. The accuracies of the proposed method are
1.4% in task A→W, 0.7% in task D→W, 2.8% in task A→D, 2.9% in task D→A, and 2.3%
in task W→A, in each case higher than that of SAFN. In the task W→D, the two methods
have the same accuracy. The accuracies of the proposed method are 0.9% in task D→W,
0.7% in task A→D, 2.6% in task D→A, and 4.0% in task W→A, in each case higher than
that of CDAN. In tasks A→W and W→D, the accuracies of the proposed method are
lower than those of CDAN. In all tasks, the accuracies of the proposed method are higher
than that of other methods except for SAFN and CDAN. Although the accuracies of the
proposed method are lower than that of the CDAN method in tasks A→W and W→D,
the accuracies of the proposed method are higher than those of the CDAN method in
the other four tasks. The proposed method has the highest average accuracy (87.3%),
followed by CDAN (86.6%), then SAFN (85.7%).
The CDAN requires to compute the entropies and uses entropies as weights. The

weights are not learned by the network itself. It requires artificially adjusting the weights
before using it. If the adjusted weights are not suitable, the accuracy is lower. The

Table 1. Accuracy (%) on Office-31 for unsupervised domain adaptation
(ResNet-50)

Method A→W D→W W→D A→D D→A W→A Avg
ResNet-50 68.4±0.2 96.7±0.1 99.3±0.1 68.9±0.2 62.5±0.3 60.7±0.3 76.1

DAN 80.5±0.4 97.1±0.2 99.6±0.1 78.6±0.2 63.6±0.3 62.8±0.2 80.4
DANN 82.0±0.2 96.9±0.2 99.1±0.1 79.7±0.4 68.2±0.4 67.4±0.5 82.2
JAN 85.4±0.3 97.4±0.2 99.8±0.2 84.7±0.3 68.6±0.3 70.0±0.4 84.3
CDAN 93.1±0.5 98.2±0.2 100±0.0 89.8±0.3 70.1±0.4 68.0±0.4 86.6
SAFN 88.8±0.4 98.4±0.0 99.8±0.0 87.7±1.3 69.8±0.5 69.7±0.2 85.7

Proposed
90.2±0.7 99.1±0.0 99.8±0.0 90.5±0.4 72.7±0.3 72.0±0.3 87.3

method
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SAFN and our proposed method are parameter-free and more suitable for real applica-
tions. Besides, the CDAN method uses the generative adversarial network. It makes the
network structure more complex. The network of SAFN and our proposed method are
more lightweight than CDAN.

Table 2 shows the accuracy of the proposed method and that of other methods for
the ImageCLEF-DA dataset. It can be seen that the proposed method exhibits the best
performance in all tasks. The accuracies of the proposed method are 1.1% higher than
that of SAFN for task I→P, 0.9% higher for task P→I, 1.4% higher for task I→C, 1.2%
higher for task C→I, and 1.3% higher for task C→P, 1.1% higher for task P→C. For the
ImageCLEF-DA dataset, the average accuracy of our proposed method is 89.3%, which
is higher than that of SAFN (88.1%). The proposed method has the highest average
accuracy, followed by SAFN, then CDAN. With the ImageCLEF-DA dataset, the average
accuracy of our proposed method is 89.3%, which is 1.2% higher than that of SAFN. These
results show that the proposed method has better transfer capability on the ImageCLEF-
DA dataset.

Table 2. Accuracy (%) on ImageCLEF-DA for unsupervised domain
adaptation (ResNet-50)

Method I→P P→I I→C C→I C→P P→C Avg
ResNet-50 74.8±0.3 83.9±0.1 91.5±0.3 78.0±0.2 65.5±0.3 91.2±0.3 80.7

DAN 74.5±0.4 82.2±0.2 92.8±0.2 86.3±0.4 69.2±0.4 89.8±0.4 82.5
DANN 75.0±0.6 86.0±0.3 96.2±0.4 87.0±0.5 74.3±0.5 91.5±0.6 85.0
JAN 76.8±0.4 88.0±0.2 94.7±0.2 89.5±0.3 74.2±0.3 91.7±0.3 85.8
CDAN 76.7±0.3 90.6±0.3 97.0±0.4 90.5±0.4 74.5±0.3 93.5±0.4 87.1
SAFN 78.0±0.4 91.7±0.5 96.2±0.1 91.1±0.3 77.0±0.5 94.7±0.3 88.1

Proposed
79.1±0.3 92.6±0.4 97.6±0.1 92.3±0.6 78.3±0.4 95.8±0.1 89.3

method

Table 3 shows the accuracy results for the proposed method and the ResNet-50, DAN,
DANN, JAN, CDAN, and SAFN methods on the Office-Home dataset. For this dataset,
the proposed method also has the highest accuracy results, followed by SAFN. The accu-
racies of the proposed method are 1.8% higher than SAFN for task Ar→CI, 2.4% higher
for task Ar→Pr, 2.4% higher for task Ar→Rw, 2.1% higher for task CI→Ar, 1.2% higher
for task CI→Pr, 0.7% higher for task CI→Rw, 1.9% higher for task Pr→Ar, 1.8% higher
for task Pr→CI, 2.8 higher for task Pr→Rw, 1.8% higher for task Rw→Ar, 4.7% higher
for task Rw→CI and 1.4% higher for task Rw→Pr. With the Office-Home dataset, the
average accuracy of our proposed method is 69.2%, which is 1.9% higher than that of
SAFN.

Based on the analyses of Table 1, Table 2, and Table 3, the proposed method has
the highest average accuracy than ResNet-50, DAN, DANN, JAN, CDAN, and SAFN
methods on the Office-Home dataset, ImageCLEF-DA dataset, and Office-31 dataset. It
means that the proposed method has a better transfer capability than other methods.

The L2-normalization can reduce the differences between samples. The mode length
difference is larger between samples. Although the differences between samples were re-
duced when we use the L2-normalization to deal with the features of the same dimension,
it does not change the relative size of the feature norm. Samples with larger feature norms
are easy to classify. It makes samples with smaller feature norms get more attention and
are more easily classified. The efficiency of classification learning is improved for samples
in the target domain with the small feature norm.
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Table 3. Accuracy (%) on Office-Home for unsupervised domain adapta-
tion (ResNet-50)

Method
Ar→
CI

Ar→
Pr

Ar→
Rw

CI→
Ar

CI→
Pr

CI→
Rw

Pr→
Ar

Pr→
CI

Pr→
Rw

Rw→
Ar

Rw→
CI

Rw→
Pr

Avg

ResNet-50 38.6 60.9 58.0 75.2 39.9 48.1 52.9 31.0 70.8 65.4 41.8 70.4 53.7
DAN 43.6 57.0 67.9 45.8 56.5 60.4 44.0 43.6 67.7 63.1 51.5 74.3 56.3
DANN 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
JAN 45.9 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 52.4 76.8 58.3
CDAN 49.0 69.3 74.5 54.4 66.0 68.4 55.6 48.3 75.9 68.4 55.4 80.5 63.8
SAFN 52.0 71.7 76.3 64.2 69.9 71.9 63.7 51.4 77.1 70.9 57.1 81.5 67.3

Proposed
53.8 74.1 78.7 66.3 71.1 72.6 65.6 53.2 79.9 72.7 61.8 82.9 69.2

method

5. Conclusions. In this paper, an improved method is proposed that is based on the
SAFN method. It adds the L2-normalization layer and the scaling layer before the last ful-
ly connected layer of the classifier. It makes the smaller feature norms get more attention.
It also reduces the distance between the samples in the same category and increases the
distances between different categories. On the Office-31 dataset, ImageCLEF-DA dataset,
and Office-Home dataset, the proposed method still has the highest average accuracy than
ResNet-50, DAN, DANN, JAN, CDAN, and SAFN methods.
This method only considers inter-class and intra-class discrepancies between samples

and ignores the inter-domain norm discrepancies. It also affects the domain shift per-
formance. In the future, we will introduce the inter-domain norm to close the distance
between the source domain and target domain. It can make the boundaries of classifica-
tion decisions in the target domain be clearer.
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