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View Consistency based Co-training style Multi-View Learning:

A Privacy-Preserving Approach

MIAO Yuan ZHAN De-chuan

(National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China)

Abstract Complex media objects are often described by multi-view feature groups collected from diverse domains or information
channels. Multi-view learning, which attempts to exploit the relationship among multiple views to improve learning performance, has
drawn extensive attention. It is noteworthy that in some real-world applications, features of different views may come from different
private data repositories, and thus, it is desired to exploit view relationship with data privacy preserved simultaneously, i.e. not to share
data features with other data repositories when training and testing the model. Existing multi-view learning approaches such as subspace
methods and pre-fusion methods are not applicable in this scenario because they need to access the whole features, whereas late-fusion
approaches could not exploit information from other views to improve the individual view-specific learners. Co-training methods can
hardly deal with multiple views. Under the framework of co-training, by using view consistency defined on all the other view-specific
classifiers’ predictions on new unlabeled examples to enlarge training set of one view, this paper proposed a novel privacy-preserving
multi-view learning approach. Empirical investigations on real datasets verify the validity of the proposed method on various tasks.
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