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m Big data computing technologies have two typical processing modes:
batch computing and stream computing. Batch computing is mainly used for high—
throughput processing of static data and does not produce results in real time.
Stream computing is used for processing dynamic data online in real time but has
difficulty providing a full view of data. In this paper, we analyze some typical big data
computing frameworks from the perspective of scalability, fault—tolerance, task
scheduling, resource utilization, real time guarantee, and input/output (IO) overhead.
We then points out some future trends and hot research topics.
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