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Research Questions ool > single thread « As observed from the results, four-thread

convergence rate is only approximately 10% faster
than single thread, which is incoherent with speedup.
So | need to accelerate the convergence rate of the
parallel method
 TJo provide theoretical guarantee and analysis of our
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| am parallelizing greedy DCD for kernel SVM. Since DCD
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embeds the sequential idea in it, when deliberately
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paralleled, several obstacles confronted:
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Primal Objective Value

» How to partition gradient of objective function
» How to avoid conflict write
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» Partition method: Even partition of the vector of gradient
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