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Abstract; When Hadoop processing huge amounts of data, both in the Map tasks and Reduce tasks requires a lot of time to transfer data.

(School of Information Science &. Engineering, Changzhou University, Changzhou

This paper presents a scheduling algorithm based on double prefetching, the algorithm predicts the node which will execute the Map task by
estimating the progress of running tasks, so that the node can prefetch required data for Map tasks. Moreover, the system can also prefetch
the data for Reduce tasks while Map tasks are running. Due to the performance of the cluster nodes in heterogeneous environment are not i-

dentical, the algorithm adopts an improved prediction model to improve the accuracy of the judgment of task progress. Experiments show that

the algorithm is superior to the existing scheduling algorithm with less response time.
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for each map in TaskTracker do
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while Rate < ReduceThreadhold do

Rate = MapNumsinished/ MapNumsoral

end while

while ! (all maps has finashed) do

for each node in NodesWithReduceTask do

if task needs more data do
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if HECH% then
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end if
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<property name="transactionAttributes">

<props>

<prop key="delete*">PROPAGATION_REQUIRED</prop>

<prop key="update*">PROPAGATION_REQUIRED</prop>

<prop key="create*">PROPAGATION_REQUIRED</prop>

<prop key="get*">PROPAGATION_REQUIRED,readOnly</prop>
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