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Design of Distributed News Clustering System Based on Big Data Computing Framework
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Abstract Rapid clustering of massive Internet news to generate hot topic is an important research direction. Aiming at
several key problems of large-scale text clustering: similarity calculation, distributed clustering and clustering result
summary generation,this paper designed and implemented a Spark-based distributed news clustering system. Firstly, the
GPU-accelerated deep similarity algorithm is used to calculate the similarity relationship of news texts. Then the graph
clustering algorithm is used for news clustering. Finally.a short title for each class is generated as the class description.

Experiments show that the proposed system has high performance and good scalability,and can effectively handle hots-

pot clustering tasks of large-scale news.
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