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A Self-adaptive Classifier for Efficient Text-Stream Processing
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Abstract: This paper presents a self-adaptive classifier for efficient text stream processing. Our

method speeds up a classifier trained with many conjunctive features while the classifier solves

the classification problems in processing a given text stream. The key idea is to keep and reuse

classification results for fundamental classification problems to solve the forthcoming classification

problems. We explore two enumeration schemes, the least frequently used (LFU) and the least

recently used (LRU), to select fundamental classification problems while processing the text stream.

Experimental results with a Twitter stream on the day of the 2011 Great East Japan Earthquake
confirmed that the proposed method accelerated a classifier for a state-of-the-art deterministic

dependency parser by a factor of up to 5.
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