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A Transductive Multi-Label Classification Method for Weak Labeling
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Abstract Multi-label learning deals with the problems when each object can be assigned to multiple
categories simultaneously, which is ubiquitous in many real world applications, such as text
classification, image scene classification and bioinformatics, etc. In traditional multi-label learning
methods, classifiers are usually required to utilize a large amount of fully labeled training data in order
to obtain good performances for multi-label classifications. However, in many real world tasks,
obtaining partially labeled (weak labeled) training data is often much easier and costs less efforts than
obtaining a large amount of fully labeled training data. To alleviate the assumption of large amount
fully labeled training data used by traditional multi-label learning methods, the authors propose a new
multi-label learning method for weak labeling (TML-WL). By reweighting the error functions on
positive and negative labels of weak labeled data, TMIL-WL method can effectively utilize the weak
labeled training data to replenish the missing labels. TML-WL method can also use the weak labeled
training data to improve the classification performances on unlabeled data. Empirical studies on the
real-world application of image scene classification show that the proposed method can significantly

improve the performance of multi-label learning when the training data are weak labeled.
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“Field”; and (d) “Mountain”.
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Fig. 2 The performance of replenishing labels for weak labeled data. (a) RankingLoss; (b) One-

Error; (¢) Coverage; and (d) 1—Awverageprecision.
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Fig. 3 The performance on unlabeled test data using weak labeled training data. (a) RankingLoss;
(b) One-Error; (¢) Coverage; and (d) 1— AveragePrecision.
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Fig. 4 The performance of TML-WL with different’s. (a) RankinglLoss; (b) One-Error; (c)
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Research Background

In many real-world applications such as image scene classification, one instance usually belongs to multiple categories
simultaneously, and therefore, it is important to classify an instance into a number of categories it belongs to by using multi-
label learning technique. A large amount of fully labeled training examples are usually required for most of the existing multi-
label learning approaches to achieve good performance. However, in most real applications only partially labeled (weak labeled)
instances can be obtained, which always leads to unsatisfactory performance of the learned classifier if directly used. Thus, it is
important to design a method that can automatically replenish the missing labels for the weak labeled data readily available for
training to improve the performance of the classifiers. In this paper, we propose a transductive multi-label learning approach for
weak labeling, which is able to exploit abundant weak labeled instances to help improve multi-label classification performance.
Experimental results show that the proposed approach can improve the performance of multi-label learning when the training
data are weak labeled. This work is supported by the National Natural Science Foundation of China (60635030), the National
High Technology Research and Development Program of China (2007AA01Z169), the Jiangsu Science Foundation
(BK2008018), and the Jiangsu 333 High-Level Talent Cultivation Program.



