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Design of Local Scheduling Algorithm for Integrated Preemptive Scheduling Policy
in Hadoop Cluster Environment

WANG Yue-feng WANG Xi-bo
(School of Information Science and Engineering, Shenyang University of Technology,Shenyang 110870, China)

Abstract Local scheduling algorithm is an algorithm to improve data locality in Hadoop cluster environment. The na-
ture of the scheduling strategy of the local scheduling algorithm is to improve the data locality, reduce network trans-
mission and avoid congestion. However,due to the different completion time of the Map task, the waiting phenomenon
of Reduce task affects the completion average time of the job,the completion time of the job is increased,and then the
performance parameters of the system are not good. In this thesis,we proposed to integrate the preemptive scheduling
based on the local requirement of the original algorithm. When the Reduce task waits, the task is supended and the re-
source is rleased to other Map tasks. Based on the above scheduling strategy ., this thesis designed the qualitative schedu-
ling of integrated preemptive strategy. In order to validate the improved algorithm, the local scheduling algorithm and
the integrated preemptive local scheduling algorithm were compared by experiments. Experimental results show that,on
the same data.,the average completion time of the integrated preemptive local scheduling algorithm is significantly re-
duced.
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. else{set Reduces running(conf,job id);}
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{ int m time=get maps time(conf,m id); NX*N[}D D
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Public void Cal MrAndRr diffValue(Context conf,job id)
{ int min m re time=get Min MapRemaining(conf,job id);
// Reduce
int max mr cp progress=get Max ReduceRemaining (conf,job
id);
//
boolean result=get MR compare(conf,min m re time,max mr
cp progress);

if(resule) { set Reduces hang(conf,job id);}

o

Public void Restart diapatch Reduce(Context conf,int job id)

{// Map Tasks

int map finish nums=get finish map task(conf,job id);

//

Boolean result=get MR compare(conf,map finish nums) ;

//true

//false

if (result) {

// Reduce Task

Set Reduces running(conf,job id);}

else{ set Reduces hang(conf,job id);}

}
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