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Abstract Deep learning has made remarkable achievements in image classification tasks and various
applications in recent years. However, most of the deep learning models require a large amount of labeled data
in the training process because of deep structures and numerous parameters. This results in a high labeling cost
in deep learning model training. To address this issue, various few-shot learning strategies have been proposed
and attracted much attention recently. In which, the domain adaptation and active learning are two of the most
widely studied methods. The concept of domain adaptation is to use the empirical knowledge in source domains
to reduce the label requirement in target domains, while the active learning reduces labeling cost by evaluating
the valuable unlabeled samples for the current model to avoid redundant labeling. Although there are a lot of
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achievements in both of domain adaptation and active learning fields that demonstrate their effect in reducing
deep learning training cost, but most of the existing methods are only focus on one field. To further reduce the
labeling cost and leverage the advantage of both knowledge reusing and sample evaluating, we propose a Dual
Active Domain Adaptation (D_AcT) algorithm in this paper. It is motivated by the phenomenon that not all
source domain samples are useful in the knowledge transfer learning. In the D_AcT algorithm, the domain
adaptation learning is combined with a typical sample value estimation model to filter the redundant or even
opposite-effect samples. The algorithm simultaneously measures the value of the source and target data to select
the most valuable samples for training, which further reduce the labeling cost. Specifically, we first propose a
Single Active Domain Adaptation (S_AcT) algorithm to select the target domain samples. It uses active learning
strategy that combines the Minimax Entropy (MME) and the core set model. The Minimax Entropy is used to
train feature extractors by minimizing a cross entropy loss on source and target domain samples. The core set
model is constructed based on the feature selection diversity. Then, the D_AcT algorithm is proposed by using a
loss prediction module. It minimizes the difference between the predicted and actual loss to further enhance the
effectiveness of source knowledge reusing and reduce the model training cost. To evaluate the performance of
the proposed methods, we conduct comprehensive experiments that compare our method with the existing
active transfer learning and semi-supervised transfer learning algorithms. The proposed methods are tested on
four commonly used transfer learning image datasets including the Office31, the Mixed National Institute of
Standards and Technology database (MNIST), the Street View House Number (SVHN) and the SubDomainNet.
The experimental results show that the S_AcT method improves the accuracy up to 3.8% compared with the
conventional active transfer learning methods and up to 1.6% compared with semi-supervised transfer learning
method. The proposed D_AcT method reduces the source domain labels by more than 50% and improve the
accuracy by up to 4% compared with the existing active transfer learning methods, which demonstrates the
superiority and effectiveness of the proposed methods.
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18. ENDFOR

19. RETURN N,T,,P,P
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Background

With the continuous development of big data
technology and application, it becomes easier to
obtain massive samples in image classification task.
However, most of these samples are unlabeled, and
the number of accurately labeled samples is very
limited because of high cost. Therefore, it is
particularly important to improve the accuracy of
image classification in the case of limited labeled
samples. Transfer learning is one of the common
methods to solve the problem of insufficient sample
labeling, but unsupervised transfer learning lacks the
key sample information of the target domain and
semi-supervised transfer learning usually has high
requirements for labeled samples. Different from
transfer learning, active learning can effectively
evaluate and select samples with high value to reduce
the demand for tags of the model, thus reducing the
training cost. However, in order to achieve high
accuracy, active learning still has a large demand for

learning.
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labeled samples, which does not meet the conditions
of small sample learning. Active transfer learning
combines the advantages of both active learning and
transfer learning, and is more effective than a single
strategy in solving the problem of insufficient labeled
samples. On the one hand, active learning can train the
classifier by a large number of known samples in the
source domain to overcome the problem of high
demand for labeled samples. On the other hand, active
learning can be used to select high-value unknown
samples for the target domain, so as to overcome the
problem of lack of target domain sample information
or high requirement for labeled samples in transfer
learning. However, the research found that there are
relatively few studies on active transfer learning in the
field of artificial intelligence. The current active
transfer learning algorithms’ accuracy still needs to be
improved, and the negative transfer problem has not
been solved. In this paper, a dual active domain
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adaptive learning algorithm is proposed to measure
the data value of both source domain and target
domain simultaneously, which realizes the effective
application of sample value estimation strategy on
target domain datasets and eliminates the negative
transfer effect. Finally, experimental results prove that
the proposed method can use less than 50% of the
total source domain training data for transfer learning,
and the accuracy is improved by 4% compared with
the traditional active transfer learning.
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