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Load Balancing Strategy on Periodical MapReduce Job
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Abstract The MapReduce task load balancing in Hadoop mainly depends on the partition function. The Hadoop default
partition function is not efficient in practical business processing, This paper presented a load balancing strategy based
on the weight value of the periodic jobs. Because the data’s distribution is similar in each period, we calculated the
weight from historical data’s profile. Through analyzing a sample data in Map phase to predict the whole data weighted
integral approximate distribution, the strategy guids the Reduce partition to ensure its load balancing. We also presented

the difference between TeraSort strategy and the new strategy. The experimental results with the view video logs show

Vol. 40 No. 3

that the performance of our strategy is improved about 2 times compared with the default strategy.
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Task FF 46 bt 1Al R R
Task021_00 12.48:45 13:48:37 59mins, 52sec
Task021_01 13:01:45 14.07,:34 65mins, 49sec
Task021_02 13:07:45 14,:21.37 73min, 52sec
Task021_03 12:58:45 15.:15.:36 196min, 50sec

ot 12:48:35 15.15.51 207mins, 16sec

3 AFREREREIEC012.6.18)

Task FF 44wt [E S REH HHEEE
task_r_022 00 15:50:07 16:03:30 73mins, 23sec
task_r_022 01 15:55:07 16:15.06 89mins, 59sec
task_r 022 02 15:53:07 16:20:15 87mins, 7sec
task r 022_03 15:59:07 16:28:42 89mins34sec

X B 15:49.:57 16:29:00 99mins, 3sec
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