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Abstract Multi-modal data mining technologies have attracted many research interests in recent years, Mining large a-
mount of multi-modal data efficiently becomes a hot spot problem. Among these multi-modal mining technologies, multi-
modal data mining for tensor representation, which is also called as multi-modal tensor data mining,is one of the most
significant research issues. We reviewed the state-of-the-art algorithms of the multi-modal tensor data mining and their
applications in computer vision, Firstly, multi-modal tensor data mining algorithms were categorized into different clas-
ses according to the different label information, task and core technology. In addition, some analyses about these algo-
rithms were given, Secondly, some typical multi-modal tensor mining algorithms in computer vision application were il-
lustrated, Finally, we presented our own analyses on research status of multi-modal tensor mining algorithms, and ex-

plored some potential future issues of multi-modal tensor mining in computer vision application.
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