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This proposal originally tried to develop a framework, which enables to run machine
learning algorithms in parallel on the computational cloud with the full input from the
very fast and huge data source such as Twitter. However, several experiments in this
project have revealed that a couple dozen CPUs in the cloud are enough to process all
the inputs in a pipeline. For the higher level of the parallelism, such as the execution
on GPGPUs, the drastic speed-up of the input is unavoidable.
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Node Type Num. of nodes | CPU+Memory
Node Type A 32 nodes Xeon X5550432GB
Node Type B 14 nodes Xeon X3450+8GB
Node Type C 6 nodes Xeon X34{30+8GEB
Resource Mngr. 1 node Xeon E55204+24GB
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