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Time-evolving event analysis is becoming of increasingly high importance,
thanks to the decreasing cost of hardware and the increasing on-line processing capability. In such
a situation, the most fundamental requirement is an efficient modeling and mining of event streams.
This research project addresses three classes of tasks for time-evolving event analysis, namely, (1)

automatic mining, (2) non-linear modeling and (3) large-scale tensor analysis. We developed
powerful algorithms that provide efficient and effective mining of large-scale time evolving events.
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