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Abstract: With the rapid development of recent years, some improved framework of MapReduce parallel programming
model appeared. They are correction and recoding against lack of MRv1. This paper describes and analyzes this research
achievements, including iterative computing framework as represented by HaLoop, real-time computing framework as
represented by Twitter Storm, graph computing framework as represented by Apache Hama, computing resources
negotiation platform as represented by Apache YARN. These special systems play a vital role in BigData fields.
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