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Abstract: Efficient resource management in data centers and clouds running large data processing frameworks
like Hadoop is crucial for the performance enhancement of hosted applications and the improvement of resource
utilization. As the emerging of new computing frameworks and their workloads, it is significantly important to
share fine-granined resources among multiple diverse workloads in one specific data center. For this reason, we
extend YARN, the next generation of map reduce computing framework, in order to support the management of
lifecycle of virtual machine while running offline computing tasks. In addition, we develop a platform called
YarnPlus for fine-grained resource sharing among MapReduce jobs and virtual machine services. The experimental
results illustrate that YarnPlus has a better performance in managing cluster resource and running heterogeneous
jobs due to the fact that it takes cluster resource utilization as well as heterogeneous job resource requests into
account when dynamic resource allocation. Finally, YarnPlus makes fine-grained resource sharing in
heterogeneous job available and can reduce the amount of hardware required for a workload to save the cost.
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