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Transfer learning aims to leverage knowledge acquired from a related domain (called source domain) to improve the efficiency of completing a prediction task in the current domain (called target domain) which has different probability distribution from the source domain. Although transfer learning has been widely studied, most existing research on transfer learning has focused on classification tasks. This paper presents a fuzzy rule-based method that explores the information in the target domain to assist the regression tasks in transfer learning process.
Introduction
Traditional machine learning methods use learning models to extract knowledge from a large amount of labeled data. These methods work under a assumption that the training data and the testing data have the same feature space and the same probability distributions. However, if the feature space or the distribution of the target data changes, the models built from the source data become unsuitable for the target data and a new model needs to be rebuilt and trained.
Transfer learning [1] aims to solve the tasks in one domain (the target domain) much more quickly and effectively using previously acquired knowledge from a related domain (the source domain). Some successful applications in transfer learning include: using already-categorized English documents to help classify German documents [2]; detecting a user’s current location based on the previously WiFi data [3]; and predicting the failure of banks in Australia using the data of banks in America [4].
Transfer learning belongs to one category of machine learning. Hence, its methods and models rely on many notable machine learning techniques, such as Bayesian models, SVM, neural networks, and deep learning [5-7]. These methods have had some success in handling transfer learning problems but ignore the inherent phenomenon of uncertainty – a crucial factor during the knowledge transfer process. There is a clear co-dependency between the level of certainty in learning a task and the amount of information that is available; problems with too little information have a high degree of uncertainty. If there are too few data with labels in the target domain, only a finite amount of information can be extracted, and this leads to a high degree of uncertainty. However, the introduction of fuzzy systems has shown promising results in overcoming this problem.
Most of these transfer learning methods using fuzzy systems are intended for classification problem [8, 9], yet a few concentrate on regression task. Some of our previous work [10, 11] concentrated on solving regression tasks, but ignore the exploration of the information in the target domain. To solve this issue, we develop a method that explores the information of the target data and exploits the interactive query strategy in active learning to correct imbalance in the knowledge to improve the generalization of the constructed models.
The reminder of this paper is structured as follows. Section 2 presents the preliminaries of this paper, including some important definitions in transfer learning, and the Takagi-Sugeno fuzzy model. Section 3 details the method of exploring the information in the target domain to improve the model’s performance. The experimental results shown in Section 4 validate the proposed method. The final section concludes the paper and outlines the future work.
Preliminaries
This section begins with some basic definitions of transfer learning, followed by an introduction to the Takagi-Sugeno fuzzy model, which is the basic learning model used in our method.
Definitions
Definition 1 (Domain) [1]: A domain is denoted by , where  is a feature space, and , , are the probability distributions of the instances.
Definition 2 (Task) [1]: A task is denoted by , where  is the response, and  is an objective predictive function.
Definition 3 (Transfer Learning) [1]: Given a source domain , a learning task , a target domain  , and a learning task , transfer learning aims to improve learning of the target predictive function  in  using the knowledge in  and  where  or .
Takagi-Sugeno fuzzy models
The training model applied in this paper is the Takagi-Sugeno fuzzy model. It is composed of  fuzzy rules with the following representation:

If  is , then  is                              (1)

where  are the centers of the clusters that determine the layout of the fuzzy rules, and  defines the action of each rule on the input variables.
This fuzzy rule-based model is built using a set of instances  using a sequence of two procedures [12]: build condition parts of the rules using a fuzzy clustering algorithm, and construct the linear functions in the conclusions of the rules.
Fuzzy transfer learning method
Consider two domains; a source domain with a large amount of labeled data, and a target domain with very little labeled data and massive amounts of unlabeled data. The dataset in the source domain is denoted as , where  ( is an -dimensional input variable, the label  is a continuous variable, and  indicates the number of data pairs. The dataset in the target domain  consists of two subsets: one with labels and one without. , where   is the -dimensional input variable,  is the label only accessible for the first  data.  includes the instances with labels, and  contains the data without labels. The number of instances in  and  are  and  respectively, and satisfy , .
In this problem setting, because the labeled data are sufficient, a well-performing model can be built for the source domain. However, since the input distributions in two domains are quite different, the source model cannot be used directly to solve regression tasks in the target domain. 
A fuzzy rule-based transfer learning method is presented to modify the source model for use with the target data. This method contains the following three steps.
Step 1:  Construct a prediction model for the source domain
A source model  is built based on the source dataset . The formulation for model  follows

if  is , then  is                            (2)

where  are the centers of the clusters that govern the conditions of the fuzzy rules, and  are the coefficients of the linear functions of the input variables that determine the conclusions of the fuzzy rules.
 is an important parameter in the model’s construction. If the numbers of the fuzzy rules are obtained in two domains, suppose  and  respectively, we can make . If there is no extra information about the number of fuzzy rules, we suppose the two domains have the same number of fuzzy rules. A certain range is given, the brute-force approach is adopted to choose the one that has the best performance.
Because the target domain contains different data distributions to the source data, the model  would perform poorly on the target data.
Step 2: Use active learning to augment the labeled target data
The purpose of this procedure is to increase the amount information in the target domain by actively selecting and labeling some of the data. 
The procedure begins with an evaluation of the existing labeled target data. Suppose that we choose to construct the model with three fuzzy rules . FCM clusters the input data for the target domain and gets the membership matrix . The membership matrix for the labeled target data is denoted as . The number of labeled data in each cluster is counted, with each instance counted in the cluster with the highest membership. The statistic result is supposed as follows
                                                            (3)
The first two clusters contain labeled data, but the third cluster does not, so active learning is used to augment the information in the target domain and populate this cluster.
“Informativeness” is the key criteria for which data to select for labeling in each cluster. Essentially, informativeness is a measure of information contained in the data, and the level of informativeness is highly dependent on the cluster it is grouped with, i.e., an instance will have a different level of informativeness in different clusters. A concrete instance  in the th cluster is highly informative if ’s membership to the th cluster is high. Thus, the informativeness of  in cluster  is defined as the membership of  belonging to cluster 
Suppose  determines the minimum number of labeled target data needed for each cluster. At the end of Step 2, the number of labeled target data has increased from  to .
Step 3: Modify the existing fuzzy rules to fit the target data
The of changing the input variables is used to modify the existing fuzzy rules of source domain. Each input variable is assumed to be determined by some hidden features, so the different distributions of input variables in the two domains are due to the different hidden features or different weights of these features. The idea behind changing the input variables is to adjust the number and weights of the hidden features so that the changed input distribution is more compatible with the target data. 
We apply the nonlinear mapping  proposed in our previous papers [10, 11] to modify the input space. The target model  is obtained under the mapping .

if  is , then  is                  (4)

These modifications are made through an optimization process, and the cost function is as follows.


(5)
The cost function contains three terms. The first term intends to minimize the gap between the output of the constructed model and the target data’s real labels using the target data with labels. The second term works on the assumption that data with less distance in the input space will have a similar label. Therefore, for each target data  in , the -nearest data  in  are found, and the outputs of  are expected to be close to the label of .  determines that the data that are closer to the centre , will have an output more approximate to the label of . The third term is a structural risk of the cost function, and  is the vector of all the optimized parameters. Parameters  and  indicate the tradeoff among these three terms.
Experiments
The experiments include two parts: one part validates the effectiveness of the active learning technique in the proposed method; the other part shows the improvement of exploring the information in the unlabeled target data.
[bookmark: _GoBack]In the first part, three experiments are executed. In each experiment, the source and target datasets were generated with the same number of fuzzy rules (two, three, and four respectively), and all the labeled target data were selected from one cluster. The experimental results are shown in Table 1. Q1 is the performance of source model on the target data. ‘Q2 (no active learning)’ indicates the performance of the target model without using the active learning technique. ‘Q2 (active learning)’ represents the performance of the target model with active learning. All the models’ construction follows five-fold cross validation, and the results are shown in the form of “meanvariance”.

Table 1. Exploring the effect of the active learning technique

	Clusters
	Q1
	Q2 (no active learning)
	Q2 (active learning)

	2
	1.3676
0.0001
	1.4596
0.0202
	1.0731
0.0075

	3
	0.3534
0.0001
	0.9250
0.0320
	0.8760
0.0157

	4
	2.0330
0.0026
	2.1865
0.0653
	1.7536
0.1304



Comparing values ‘Q2 (no active learning)’ and ‘Q2 (active learning)’ in the three experiments, we found that using the active learning technique significantly enhances the accuracy of the target model constructed using the proposed method.
Moreover, since target data without labels  are used to improve the performance of model , Table 2 compares the RMSE of model  when built with and without . In the first column, “5r to 4r” indicates that the source domain has five fuzzy rules, and the target domain has four fuzzy rules.
The results show that using target data  for training was better in five of six experiments – a clear performance improvement for . 

Table 2. Building using/not using  - model comparison

	Source to target datasets
	RMSE of the models

	
	model  (not using )
	model (using )

	5r to 4r
	1.07810.0004
	1.07560.0004

	5r to 3r
	0.93520.0057
	0.89620.0083

	4r to 3r
	2.12690.2059
	2.09960.1718

	3r to 4r
	0.88760.0009
	0.84570.0005

	3r to 5r
	2.52730.0007
	2.53970.0014

	4r to 5r
	3.07550.0110
	3.06140.0037



Conclusions and Future Work
This work presented a fuzzy rule-based method that explores the information of target domain to improve the knowledge transfer efficiency in transfer learning. The use of unlabeled target data helps enhance the accuracy of the target model, and the employment of active learning technique increase the information of target data. 
In this work, the transfer learning problem is considered in a homogeneous space, i.e. the input feature space is the same. A more challengeable work, transfer learning in heterogeneous space, where the source domain and target domain have different feature spaces, will be considered in the future work. 	
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