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m This paper introduces a promising machine—learning paradigm called
semi—supervised multi-view learning. With this paradigm, information is extracted
from heterogeneous and semi—supervised data sets. Lately, multi—-view learning has
been scaled up online and through parallelization to deal with emerging big data
challenges. Due to its successful application in many research domains and the fact
that it has been explored and used by leading companies, multi—view learning may
have a future in the big—data era as a major data analytic technique. New research
techniques should be introduced into this area to improve the theoretical system and
algorithm design of semi—supervised multi-view learning.
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