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Abstract 

In view of the existing transfer learning algorithms mostly learning transfer knowledge 
independently from the source domain, it is separate from classifier training model, 
which results in a lower classification performance. Furthermore, some current 
algorithms are used to refer to joint distribution alignment methods to minimize the 
marginal distribution and the conditional distribution between domains. Therefore, the 
Weighted Balanced Distribution Adaptation based on a Softmax Regression Model for 
Transfer Learning (TSR-WBDA) is proposed. Firstly, the feature transfer mechanism was 
introduced into softmax regression objective function, and the dynamic updating 
strategy was adopted for the marginal distribution and the conditional distribution. 
Secondly, in the prediction stage, the test samples of the target domain were put into the 
softmax classification model, and the matching probability values of the obtained 
samples and every label were used to judge whether the samples belonged to a certain 
category. Finally, extract a part of the obtained pseudo-labels and participate in training 
the classification model together with the source data, a better classification model is 
obtained. The results show that our algorithm has more advantages than traditional data 
classification models and common transfer learning algorithms. 
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1. Introduction 

Data mining and machine learning has achieved great success in many fields of knowledge 
engineering. However, many machine learning methods only on the premise of a common 
assumption, i.e., training and testing data must be obtained from the same feature space, and 
they need to have the same distribution. However, when the distribution changes, most of the 
classification models need to be reconstructed by using re-collected labeled training samples. 
In practical applications, it takes a lot of time and labor costs to re-collect the required labeled 
samples. Therefore, inspired by the ability of humans to recognize new objects, the idea of using 
previously learned knowledge to learn and classify current tasks has emerged, this method is 
called transfer learning [1]. 

According to the survey [2], the transfer learning methods can be divided into two kinds: based 
on instance and based on the characteristics for transfer learning. The instance-based for 
transfer learning method is based on the weighted strategy. Sugiyama et al. propose a called 
Kullback-Leibler importance estimation procedure (KLIEP) [3] method. KLIEP depends on 
Kullback-Leibler (KL) to minimize the divergence, and includes a built-in model selection 
process. Huang et al. put forward Kernel scheme Matching (KMM) [4], through a replicable in 
kernel Hilbert space (RKHS), match the mean value of the source matrix to the target domain 
instance, solve the problem to estimate the unknown ratio on weight estimation research. 
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Based on the research of weight estimation, a case-based transfer learning framework or 
algorithm is proposed. For example, Sun et al. propose a multiple-source Domain Adaptive 
(2SW-MDA) of the two phase weighted framework [5]. The feature-based transfer learning 
method converts the original features into new feature representations. They can be further 
divided into two sub-categories, i.e., based on asymmetric and symmetric features for transfer 
learning. The asymmetric method transfers the source characteristics to match the target 
characteristics. In contrast, the symmetric method attempts to find a common latent feature 
space, and then converts both source and target features into new feature representations. The 
MMD can be easily calculated by using nuclear techniques. Simply to say, MMD quantifies the 
distribution difference by calculating the distance of the average of the instances in RKHS. 
Gretton et al. proposed a multi-core version of MMD [6], which takes advantage of multiple 
cores. In addition, Yan et al. proposed a weighted version of MMD [7] in an attempt to solve the 
problem of class weight bias. 

In view of the existing transfer learning algorithms mostly learning transfer knowledge 
independently from the source domain, it is separate from classifier training model. In this 
paper, the TSR-WBDA is proposed. Firstly, the feature transfer mechanism  was introduced into 
softmax regression objective function for building a new classifier, which has the ability of 
transferring knowledge to achieve unified optimization of the classification model and the 
feature extraction process. A dynamic updating strategy was adopted for marginal distribution 
and conditional distribution, dynamically update the balance factor in each iteration to achieve 
domain adaptation until convergence. Secondly, in the prediction stage, the test samples of the 
target domain were put into the softmax classification model, and the matching probability 
values of the obtained samples and every label were used to judge whether the samples 
belonged to a certain category. Finally, extract a part of the obtained pseudo-labels and 
participate in training the classification model together with the source data to improve 
classification accuracy. The results verify that TSR-WBDA algorithm has more advantages in 
performance than traditional data classification models and common transfer learning 
algorithms. 

2. Related Work 

2.1. Softmax Regression 

The Softmax regression model [8] is used in the multi-classification process [9], which projects 
the output of multiple neurons to the [0,1] interval to perform multi-classification tasks. Given 
a data set {𝑥𝑖 , 𝑦𝑖}𝑖=1

𝑛  with 𝑛 training samples, where the class label 𝑦 ∈ {1,2, . . . , 𝑐}, the number 
of class labels is 𝑐 ≥ 2. For a test sample x, the probability of belonging to each class can be 
estimated as follows: 

𝑓𝜃(𝑥) =

[
 
 
 
 
 
𝑝(𝑦𝑖 = 1/𝑥; 𝜃)

𝑝(𝑦𝑖 = 2/𝑥; 𝜃)
.
.
.

𝑝(𝑦𝑖 = 𝑐/𝑥; 𝜃)]
 
 
 
 
 

=
1

∑ 𝑒𝜃𝑙
𝚻𝑥𝑐

𝑗=1
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𝜃1
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𝚻𝑥

.

.
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𝑒𝜃𝑐
𝚻𝑥]
 
 
 
 
 
 

,                                  (1) 

where 1 ∑ 𝑒𝜃𝑗
𝐓

𝑐
𝑗=1⁄  is the term to normalize the probability distribution to make the sum of all 

probabilities is 1, and 𝜃1, . . . , 𝜃𝑐 are the model parameters. 

The softmax regression cost function can be obtained as follows: 

𝐽1(𝜃) = −
1

𝑛
∑ ∑ 1{𝑦𝑖 = 𝑗} 𝑙𝑜𝑔

𝑒
𝜃𝑗
𝚻𝑥𝑖

∑ 𝑒𝜃𝑙
𝚻𝑥𝑖𝑐

𝑗=1

𝑐
𝑗=1

𝑛
𝑖=1 ,                                     (2) 
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where 1{∙} is an indicator function in this equation, and the value rule is: 1{true} = 1, 1{false} =
0. Regression model parameters can be obtained by minimizing 𝐽1(𝜃). 

After the model parameters 𝜃  are obtained, the probability of sample 𝑥𝑖  belonging to the 
category 𝑗 is: 

𝑝(𝑦𝑖 = 𝑗/𝑥; 𝜃) =
𝑒
𝜃𝑗
𝚻𝑥𝑖

∑ 𝑒𝜃𝑙
𝚻𝑥𝑖𝑐

𝑙=1

                                                        (3) 

Through Eq. (3), the probability belonging to all categories is calculated, and the category 
corresponding to the maximum probability is the class. 

2.2. Weighted Balanced Distribution Adaptation 

Feature transfer is to find shared information between domains at the feature level. It uses the 
projection transformation matrix of the shared feature subspace to reduce the distribution 
difference between the source domain and the target domain, so as to solve the domain shift 
problem [10,11] and realize knowledge transfer. In the existing feature transfer algorithms, 
Joint Distribution Adaptation (JDA) [12] is to reduce the difference of the marginal distribution 
and the conditional distribution between the source domain and the target domain 
simultaneously during the label refinement process, as well as to achieve knowledge transfer 
between domains. However, this method is not reasonable in practical applications. Therefore, 
we use a dynamic update strategy to achieve Weighted Balanced Distribution Adaptation (W-
BDA) [13] until convergence. 

𝐷𝑆 = {𝑥𝑖 , 𝑦𝑖
𝑠}𝑖=1
𝑛𝑠 ∈ 𝑅𝑑×𝑛𝑠  is a labeled source domain dataset, and 𝐷𝑇 = {𝑥𝑗}𝑗=1

𝑛𝑡
∈ 𝑅𝑑×𝑛𝑡  is an 

unlabeled target domain dataset, where 𝑛𝑠 and 𝑛𝑡 are the number of samples of two data sets 
respectively. 𝐷𝑆 and 𝐷𝑇 have different distribution but they related in distribution, and sharing 
label set 𝑌 = {𝑦𝑐}𝑐=1

𝐶 , 𝑑 is the number of dimension in feature space. 

Let 𝑋 = 𝐷𝑆 ∪ 𝐷𝑇 , use 𝑤 instead of 𝜃, where 𝑤 ∈ 𝑅𝑑×𝑚, 𝑚 is the number of projected dimension. 
Reference [14] uses maximum mean discrepancy (MMD) [15] to calculate the distribution 
difference between domains, which is a non-parametric distance measurement widely used in 
many living transfer learning methods. Therefore, the distance of the marginal distribution 
difference between domains is as follow [16]: 

𝐷𝑀 = ‖
1

𝑛𝑠
∑ 𝑤𝚻𝑥𝑖
𝑛𝑠
𝑖=1 −

1

𝑛𝑡
∑ 𝑤𝚻𝑥𝑗
𝑛𝑠+𝑛𝑡
𝑗=𝑛𝑠+1

‖
2
.                              (4) 

By making further use of kernel tricks, 𝐷𝑀 can be estimated empirically as follow: 

𝐷𝑀 = min
𝑤
𝑡𝑟(𝑤𝚻𝑋𝐿𝑑𝑋

𝚻𝑤), 

(𝐿𝑑)𝑖𝑗 =

{
 
 

 
 

1

𝑛𝑠
2 , 𝑥𝑖 , 𝑥𝑗 ∈ 𝐷𝑆
1

𝑛𝑠
2 , 𝑥𝑖 , 𝑥𝑗 ∈ 𝐷𝑇

−
1

𝑛𝑠𝑛𝑡
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

,                                                      (5) 

 

where 𝐿𝑑 ∈ 𝑅
(𝑛𝑠+𝑛𝑡)×(𝑛𝑠+𝑛𝑡) represents the MMD coefficient matrix of the difference of marginal 

distribution. 𝐷𝑆
(𝑐) and 𝐷𝑇

(𝑐) is the subset of samples whose label category is $c$ in source domain 

and target domain, 𝑥𝑖  and 𝑥𝑗  is samples in 𝐷𝑆
(𝑐) and 𝐷𝑇

(𝑐) respectively, 𝑛𝑠
𝑐  and 𝑛𝑡

𝑐  is the number 

of samples in 𝐷𝑆
(𝑐) and 𝐷𝑇

(𝑐) respectively. 

The distance of conditional distribution difference across domains is: 

𝐷𝐶 = ‖
1

𝑛𝑠
𝑐∑ 𝑤𝚻𝑥𝑖𝑥𝑖∈𝑋𝑆

𝑐 −
1

𝑛𝑡
𝑐∑ 𝑤𝚻𝑥𝑗𝑥𝑗∈𝑋𝑇

𝑐 ‖
2
,                                     (6) 

By making further use of kernel tricks, 𝐷𝐶  can be estimated empirically as follow: 
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𝐷𝐶 = min
𝑤
𝑡𝑟(𝑤𝚻𝑋𝐿𝑐𝑋

𝚻𝑤), 

(𝐿𝑐)𝑖𝑗 =

{
 
 
 

 
 
 

1

(𝑛𝑠
𝑐)2
, 𝑥𝑖 , 𝑥𝑗 ∈ 𝐷𝑆

(𝑐)

1

(𝑛𝑡
𝑐)2
, 𝑥𝑖 , 𝑥𝑗 ∈ 𝐷𝑇

(𝑐)

−
1

𝑛𝑠
𝑐𝑛𝑡

𝑐 , {
𝑥𝑖 ∈ 𝐷𝑆

(𝑐), 𝑥𝑗 ∈ 𝐷𝑇
(𝑐)

𝑥𝑖 ∈ 𝐷𝑆
(𝑐), 𝑥𝑗 ∈ 𝐷𝑇

(𝑐)

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

,                                                          (7) 

where 𝐿𝑐 ∈ 𝑅
(𝑛𝑠+𝑛𝑡)×(𝑛𝑠+𝑛𝑡)  represents the MMD coefficient matrix of the difference of 

conditional distribution. 

In consequence, the objective function of WBDA is as follow: 

𝐽2(𝑤) = min
𝑤
(1 − 𝜇)𝐷𝑀 + 𝜇𝐷𝐶  

= min
𝑤
(1 − 𝜇)𝑡𝑟(𝑤𝚻𝑋𝐿𝑑𝑋

𝚻𝑤) + 𝜇𝑡𝑟(𝑤𝚻𝑋𝐿𝑐𝑋
𝚻𝑤) 

                      = min
𝑤

𝑡𝑟 (𝑤𝚻𝑋((1 − 𝜇)𝐿𝑑 + 𝜇𝐿𝑐)𝑋
𝚻𝑤),                                                   (8) 

𝜇 = 𝜇 + 𝜌 ∗ 𝛾,                                                                (9) 

𝛾 =
1

𝐶
∑ |

𝑛𝑡
𝑐−𝑛𝑠

𝑐

𝑛𝑡
𝑐+𝑛𝑠

𝑐| , 𝑐 = 1, . . . , 𝐶,
𝐶
𝑐=1                                                            (10) 

where 𝜇 ∈ [0,1] . When 𝜇 → 1 , it shows that the data sets are similar, the difference in the 
conditional distribution is more critical than the marginal distribution. When 𝜇 → 0, it means 
that the data sets are different, it is necessary to adapt to the marginal distribution rather than 
the conditional distribution. In this paper, the balance factor 𝜇 is dynamically updated in each 
iteration, which can balance the calculated step size 𝜌 with the previous different factors 𝛾. In 
addition, the balance step size represents the initial increase step of the balance factor 𝜇. The 
previous different factors 𝛾  fine-tune the balance step size 𝜌  according to the special task. 
Therefore, we can use the balance factor to adaptively utilize the importance of each 
distribution difference. 

3. Weighted Balanced Distribution Adaptation based on a Softmax 
Regression Model 

3.1. Objective Function 

In order to build a classification model that optimizes knowledge transfer and classification 
process simultaneously, this paper combines WBDA and Softmax regression model on the basis 
of softmax regression model to build TSR-WBDA model, and the objective function is as follow: 

𝐽(𝑤) = 𝐽1(𝑤) + 𝛼𝐽2(𝑤) 

= −
1

𝑛
∑ ∑ 1{𝑦𝑖 = 𝑗} 𝑙𝑜𝑔

𝑒
𝑤𝑗
𝚻𝑥𝑖

∑ 𝑒𝑤𝑙
𝚻𝑥𝑖𝑐

𝑙=1

𝑐
𝑗=1

𝑛
𝑖=1 +𝛼 ∙ min

𝑤
𝑡𝑟(𝑤𝚻𝑋((1 − 𝜇)𝐿𝑑 + 𝜇𝐿𝑐)𝑋

𝚻𝑤).      (11) 

In order to improve the efficiency of knowledge transfer, WBDA is also used for the probability 
output layer of the Softmax regression model, in order to narrow the distribution difference 
between fields, then the objective function of TSR-WBDA becomes: 

𝐽(𝑤) = 𝐽1(𝑤) + 𝛼𝐽2(𝑤) + 𝛽𝐽3(𝑤) + 𝜆𝐽4(𝑤),                   (12) 

where 𝐽4(𝑤) = ‖𝑤‖
2, 𝐽4 are the sparse control item of model parameters, 𝛼, 𝛽, 𝜆 is the balance 

parameter of 𝐽2, 𝐽3, 𝐽4 respectively. 

𝐽3(𝑤) = 𝑡𝑟(𝑓𝑤(𝑥)((1 − 𝜇)𝐿𝑑 + 𝜇∑ 𝐿𝑐
𝐶
𝑐=1 )𝑓𝑤(𝑥)

𝚻).                 (13) 

Therefore, the objective function is: 
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𝐽(𝑤) = −
1

𝑛
∑∑1{𝑦𝑖 = 𝑗} 𝑙𝑜𝑔

𝑒𝑤𝑗
𝚻𝑥𝑖

∑ 𝑒𝑤𝑙
𝚻𝑥𝑖𝑐

𝑙=1

𝑐

𝑗=1

𝑛

𝑖=1

 

          +𝑡𝑟 (𝑤𝚻𝑋 ((1 − 𝜇)𝐿𝑑 + 𝜇∑𝐿𝑐

𝐶

𝑐=1

)𝑋𝚻𝑤) 

                        +𝑡𝑟(𝑓𝑤(𝑥)((1 − 𝜇)𝐿𝑑 + 𝜇∑ 𝐿𝑐
𝐶
𝑐=1 )𝑓𝑤(𝑥)

𝚻) + 𝜆‖𝑤‖2.        (14) 

3.2. Optimization Solution of Objective Function 

In order to solve the parameter 𝑤, the objective function 𝐽(𝑤) is minimized. However, for the 
𝐽(𝑤) minimized problem, there is no closed solution, and only SGD [17] method can be used to 
solve 𝑤. The partial derivative of the objective function 𝐽(𝑤) with respect to the parameter 𝑤𝑗 

of the 𝑗 category in the model: 
𝜕𝐽(𝑤)

𝜕𝑤𝑗
=

𝜕𝐽1(𝑤)

𝜕𝑤𝑗
+ 𝛼

𝜕𝐽2(𝑤)

𝜕𝑤𝑗
+ 𝛽

𝜕𝐽3(𝑤)

𝜕𝑤𝑗
+ 𝜆

𝜕𝐽4(𝑤)

𝜕𝑤𝑗
,                                (15) 

where, 

𝜕𝐽1(𝑤)

𝜕𝑤𝑗
= −

1

𝑛
∑ 𝑥𝑖 (1{𝑦𝑖 = 𝑗} 𝑙𝑜𝑔

𝑒
𝑤𝑗
𝚻𝑥𝑖

∑ 𝑒𝑤𝑙
𝚻𝑥𝑖𝑐

𝑙=1

) ,𝑛
𝑖=1                               (16) 

𝜕𝐽2(𝑤)

𝜕𝑤𝑗
= 𝑤𝚻𝑋((1 − 𝜇)𝐿𝑑 + 𝜇∑ 𝐿𝑐

𝐶
𝑐=1 )𝑋𝚻,                                    (17) 

𝜕𝐽3(𝑤)

𝜕𝑤𝑗
= 𝑓𝑤𝑗(𝑥)((1 − 𝜇)𝐿𝑑 + 𝜇∑ 𝐿𝑐

𝐶
𝑐=1 )

𝜕𝑓𝑤𝑗
(𝑤)

𝜕𝑤𝑗
= 𝑓𝑤𝑗(𝑥)((1 − 𝜇)𝐿𝑑 + 𝜇∑ 𝐿𝑐

𝐶
𝑐=1 )𝑥,   (18) 

𝜕𝐽4(𝑤)

𝜕𝑤𝑗
= 𝑤𝑗 ,                                                            (19) 

𝑤𝑗 ← 𝑤𝑗 −
𝜕𝐽(𝑤)

𝜕𝑤𝑗
.                                                                  (20) 

After the model parameters are obtained, they can be classified by Eq. (3). 

Substitute the sample and the target domain into Eq. (3), which is: 

𝑝(𝑦 = 𝑗/𝑥𝑗; 𝑤) =
𝑒
𝑤𝑗
𝚻𝑥𝑖

∑ 𝑒𝑤𝑙
𝚻𝑥𝑖𝑐

𝑙=1

                                                        (21) 

The category corresponding to the maximum probability obtained is the classification label of 
the target domain sample 𝑥𝑗 , and the formed target domain pseudo-label set is 𝑌�̃�. 

Taking a part of the target domain sample 𝑝𝑥𝑗  and the target domain pseudo-label 𝑝𝑌�̃�  with 

probability 𝑝, the souce domain data set is trained together, which makes the classification 
model performance more superior. 

3.3. TSR-WBDA Algorithm 

The TSR-WBDA Algorithm is  given by Algorithm 1. 

Algorithm 1 TSR-WBDA Algorithm 

Input:  𝐷𝑆 = {𝑥𝑖 , 𝑦𝑖
𝑠}𝑖=1
𝑛𝑠 ∈ 𝑅𝑑×𝑛𝑠 , 𝐷𝑇 = {𝑥𝑗}𝑗=1

𝑛𝑡
∈ 𝑅𝑑×𝑛𝑡 , maximum iteration number 

𝑇𝑚𝑎𝑥, 𝛼, 𝛽, 𝛾, 𝜌, 𝑝. 

Output: 𝑤, 𝑌�̃� 

  1. Set 𝜇 = 0, 𝑎𝑐𝑐 = 0, initialize the model parameter 𝑤. 

  2. According to Eq. (5) and Eq. (7), construct matrix 𝐿𝑑 , 𝐿𝑐  by 𝐷𝑆 , 𝐷𝑇 . 

  3. According to Eq. (14) and Eq. (15), calculate 𝐽(𝑤), 
𝜕𝐽(𝑤)

𝜕𝑤𝑗
. 

  4. Through SGD method to get 𝑤. 
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  5. Utilize the new softmax regression model with obtained 𝑤  to label 𝐷𝑇  and construct 
probability statistics, get 𝑌�̃�. 

  6. Taking a part of the target domain sample and the target domain pseudo-label with 
probability 𝑝, the souce domain data set is trained together. 

  7. After this, turn to step 3 until 𝑌�̃� not change or achieve 𝑇𝑚𝑎𝑥. 

  8. Get 𝑤 and 𝑌�̃�. 

4. Experiment 

In order to verify the effectiveness of the algorithm, the image data set and text data set are 
classified. All experiments were carried out on Intel(R) Core(TM) I5-7500 PC with 3.4 GHz CPU 
and 8GB RAM. The operating system is Windows 10, and the test software is Matlab2016b. 

4.1. Dataset 

a) Office+Caltech: The data set [17] contains 4 domains: Webcam (W: low-resolution image 
captured by camera), Amazon (A: image downloaded from online media), DSLR (D: high-
resolution image captured by digital SLR camera) and Caltech-256. Office data set contains 
1410 images of 10 categories, and they distributed in 3 domains: Webcam DSLR and Amazon. 
The Caltech data set contains 1123 images of 10 categories. In the experiment, we randomly 
selected two different domains as source domain and target domain. Therefore, we constructed 
4*2=12 cross-domain tasks, such as: C→A, C→W, C→D, ... D→W. 

b) MSRC+VOC: The data set [18] is provided by Microsoft Cambridge, which contains 4323 
images of 18 classes. VOC 2007 data set contains 20 categories, a total of 5011 images. MSRC 
and VOC 2007 has a clearly similar but different distribution. MSRC with a standard to evaluate 
images as the benchmark data. VOC 2007 is to use web album pictures randomly constructed. 
And they share the following six semantic category: aircraft, bird, cow, sheep, family car and 
bike. To building a MSRC vs VOC transfer learning data set, which selects 1269 images from the 
MSRC data set as the source domain data and 1530 images from the VOC 2007 data set as the 
target domain data. Then we switch source domain and target domain to build a new transfer 
learning data set named VOC vs MSRC. We convert all images into 256 black-and-white pixels. 
And extract 240 dimensions as the spatial dimension of the sample. 

c) Reuters-21578: The text data set [19] is a commonly used data set for text classification, it 
contains 21578 news documents from Reuters in 1987, these documents have been marked by 
Reuters artificially as such as: people, places, topics and so on, which contains many big classes 
and small classes. Where, the big classes are: orgs, people and place, they can construct 6 text 
classification tasks cross domains: orgs vs people, people vs orgs, orgs vs place, place vs orgs, 
people vs place and place vs people. This article provides a more complete evaluation of the six 
classification tasks. 

4.2. Comparison Methods 

To evaluate the classification performance of the TSR-BDA algorithm,we have listed 7 existing 
methods for comparison: SVM [20], Softmax regression, TCA+SVM (i.e. TCA1), TCA+Softmax 
regression (i.e. TCA2), JDA+SVM regression (i.e. JDA1), JDA+Softmax regression (i.e. JDA2) and 
TSR [21]. In the experiment, SVM and Softmax regression are used as basic classifiers, the SVM 
penalty parameters 𝐶 ∈ {0.1,0.5,1,5,10,50,100}, softmax regression sparse constraint balance 
parameters 𝜆 ∈ [10−4, 10−3]. TCA, JDA and so on algorithms are feature transfer algorithms, 
which are based on MMD, combined with PCA to achieve shared feature subspace extracted. In 
the above feature transfer algorithms, the dimension of feature subspace is 𝑘 ∈[20,100], and 
the value range of projection matrix sparse constraint item balance parameter in TCA and JDA 
algorithm is [0.1,1]. 
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4.3. Implementation Details 

For kernel-based methods, we use linear kernels [12]. As suggested by [13,14], we use a 
common set of parameters in the three data sets: subspace dimension d=100, maximum 
iteration number T=10. In the office+Caltech data set, make the regularization parameter 𝜆 =
10−3, balance step size parameter 𝜌 = 0.25 and select the target domain sample probability 
p=0.04. On the MSRC+VOC data set, 𝜆 = 10−4, and 𝜌 = 0.25 and p=0.02. On the Reuters-21578 
data set, 𝜆 = 10−2, 𝜌 = 0.25 and 𝜌 = 0.04. 

4.4. Analysis of Experimental Results 

a) Classification accuracy: the TSR-WBDA with Office +Caltech and other three data sets of eight 
kinds of classification accuracy of the baseline method as shown in Table 1. 

Table 1. Accuracy of each algorithm on image datasets (%). Average (1), (2) and (3) is the 
average accuracy of Office+Caltech, MSRC+VOC and Reuters-21578 dataset, respectively. 

Dataset SVM Softmax TCA1 TCA2 JDA1 JDA2 TSR TSR-BDA 

C→A 52.4 54.28 55.85 55.01 53.34 54.80 60.65 60.52 

C→W 40.68 44.07 48.81 48.48 46.78 51.86 50.17 50.50 

C→D 42.04 43.31 51.59 49.68 52.87 52.22 46.5 48.88 

A→C 44.08 44.52 44.17 44.35 42.65 41.23 45.33 46.70 

A→W 41.69 38.98 40.34 41.02 36.27 39.66 45.42 47.28 

A→D 40.76 40.76 36.94 43.31 40.76 44.59 43.95 46.12 

W→C 29.92 36.06 32.32 32.59 33.66 35.09 35.09 33.61 

W→A 34.13 38.31 38.41 38.94 47.60 45.51 44.68 43.70 

W→D 87.9 86.53 81.53 79.62 86.89 80.26 87.26 87.01 

D→C 31.43 32.28 36.24 34.64 36.51 33.39 31.08 33.06 

D→A 32.36 37.29 39.35 38.31 43.31 40.92 41.55 41.75 

D→W 73.56 82.44 82.37 83.89 82.73 83.05 86.78 88.20 

Average(1) 45.91 48.25 48.99 49.15 47.33 50.22 51.54 52.28 

MSRC→VOC 35.10 33.60 35.55 34.70 34.77 33.86 35.74 36.99 

VOC→MSRC 54.69 52.72 53.34 52.78 54.92 53.11 63.83 64.72 

Average(2) 44.90 43.16 44.45 43.74 44.85 43.49 49.79 50.86 

orgs vs 
people 

75.25 78.06 76.49 77.51 80.13 81.79 82.23 81.67 

people vs 
orgs 

77.12 81.57 77.28 79.39 85.13 85.29 85.13 85.41 

orgs vs place 70.18 70.66 72.39 71.81 75.74 76.22 76.8 73.45 

place vs orgs 63.77 68.31 68.21 65.75 76.38 76.08 76.77 79.23 

people vs 
place 

60.63 61.65 61.19 60.63 66.85 65.83 61 65.1 

place vs 
people 

57.94 58.31 56.08 51.07 58.12 51.16 61.03 61.86 

Average(3) 67.48 69.76 68.61 67.69 73.73 72.73 73.83 74.45 

We observed: in the Office+Caltech dataset, TSR-WBDA is better than the existing methods of 
baseline in a third of all the tasks. Although the effect is not very ideal, but average classification 
accuracy of TSR-WBDA for 12 tasks was 52.28%, which is the highest in 8 methods. Compared 
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with transfer learning method, TSR-WBDA increased accuracy by 0.74%. In addition, compared 
with the optimal baseline method WBDA, TSR-WBDA increased accuracy by 5.13%. While the 
WBDA can take advantage of the importance of the distribution difference to improve the 
accuracy, but the best parameters require an empirical search across a wide range of sets. 
However, TSR-WBDA can assign appropriate weights for distribution differences according to 
different scenarios, so as to significantly improve the accuracy. 

In MSRC+VOC data set, TSR-WBDA is superior to the existing baseline method in all tasks. The 
average classification accuracy of TSR-WBDA for 2 tasks reaches 50.86%, 1.07% more than TSR. 

In Reuters-21578 data set, TSR-WBDA is superior to the existing baseline method in half of 
tasks, and the average classification accuracy of TSR-WBDA for 6 tasks reaches 74.45%. 

b) Parameter sensitivity: As shown in Figure 1-3, to investigate TSR-WBDA selection algorithm 
for parameter sensitivity of 𝛽, 𝜆, and p, using C+A, MNIST+USPS and orgs+people three groups 
data set to conduct classification experiment respectively. The result is shown in Figure 1-3, 
which can get to known: TSR-WBDA algorithm in place+orgs dataset has strong robustness for 
parameters, and robustness on VOC+MSRC dataset is poorer. The classification accuracy of 
TSR-WBDA decreases with the increase of 𝛽, and the optimal classification effect is obtained in 
𝛽 ∈ [0.01,1] (as shown in Figure 1). As shown in Figure 2, the probability p of the selected target 
sample has little influence on the classification accuracy and tends to be stable within the range 
of [0, 0.1]. As shown in Figure 3, the classification accuracy drops with the 𝜆 increase, and gets 
the best classification effect in 𝜆 ∈ [10−4, 10−2]. 

 
Figure 1 The variation curve of classification accuracy with β 

 
Figure 2 The variation curve of classification accuracy with p 
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Figure 3 The variation curve of classification accuracy with λ 

5. Conclusion 

In this paper, we propose a TSR-WBDA method for cross-domain classification tasks. It 
introduces the feature transfer mechanism into the softmax regression objective function to 
build a new classifier with knowledge transfer capability. It adopts a dynamic update strategy 
for the marginal distribution and conditional distribution, and dynamically updates the balance 
factor in each iteration to achieve domain adaptation until convergence. This experiments show 
that TSR-WBDA is significantly better than some existing data classification methods in terms 
of classification accuracy. 
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