Architecture and Performance of Runtime Environments
for Data Intensive Scalable Computing
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Iterative MapReduce- Kmeans Clustering and Matrix Multiplication
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High Performance Parallel Computing on Cloud

A Performance of MPI on virtualized resources
I Evaluated using a dedicated private cloud infrastructure

I Exactly the same hardware and software configurations in-oa@@tal and virtual nodes
I Applications with different communication: computation ratios

i Different virtual machine(VM) allocatistrategies{1-VM per node to 8-VMs per node}
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