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Abstract: Job scheduling is an important part of Hadoop. FIFO,as a scheduling algorithm by Hadoop,is simple and easy to achieve and
widely used,but it is lack of consideration in the characteristic of data locality, that will cause network transmission increased and task
waiting long execution time and computing resources cannot be fully utilized and a series of drawbacks. Meanwhile the static function of
resource slots in Map and Reduce stages further increases the defects. So a job scheduling algorithm ( Interactive Scheduler,IS) based on
interacting the master node and slave nodes from the data locality and tasks allocation is proposed, which is improvement for FIFO, and

realizes the dynamic conversion of map slots and reduce slots, and increases the usage of resources. Through the comparison of experi-
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ment, it proves that the IS has a great improvement in job scheduling for Hadoop.
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