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Active Learning for Temporal Entity Matching
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Many datasets contain temporal data, which describes some aspects of real-world entities at a certain time. However,
histories of data referring to a specific entity are often not stored in such datasets. As a result, temporal data remain
underutilized as knowledge from their analysis and statistics. To identify data that describe the same entity over time, we
developed a method based on supervised learning, where a classifier was constructed from feature vectors considering
changeability of relationships of temporal data with those surrounding entities. Additionally, to improve the practicality by
eliminating manual labor of collecting training data, we apply a technique of active learning to temporal entity matching
problem. Specifically, considering the feature of temporal data, we propose to add the concept of time distance to existing
criteria of selecting queries for labeling unlabeled data. The effectiveness of our approach is confirmed experimentally.
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