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Survey on Representation Learning of Complex Heterogeneous Data
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Abstract With the coming of the eras of artificial intelligence and big data,various complex heterogeneous data emerge continu-
ously.becoming the basis of data-driven artificial intelligence methods and machine learning models. The quality of data represen-
tation directly affects the performance of following learning algorithms. Therefore, it is an important research area for represen-
ting useful complex heterogeneous data for machine learning. Firstly, multiple types of data representations were introduced and
the challenges of representation learning methods were proposed. Then,according to the data modality.the data were categorized
into singe-type data and multi-type data. For single-type data,the research development and typical representation learning algo-
rithms for categorical data,network data,text data and image data were introduced respectively. Further, the multi-type data com-
pounded by multiple single-type data were detailed,including the mixed data containing both categorical features and continuous
features, the attributed network data containing node content and topological network, cross-domain data derived from different
domains and the multimodal data containing multiple modalities. And based on these data,the research development and state-of-
the-art representation learning models were introduced. Finally, the development trends on representation learning of complex
heterogeneous data were discussed.
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