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Abstract: The scale effect of big data has brought great challenges to data storage, management and a-
nalysis. And the high efficiency and low cost big data processing technology has become a hotspot re-
search in academia and industry. In order to improve the efficiency of collaborative filtering algorithms,
the implementation of the algorithm under the MapReduce architecture is decomposed in order to analysis
the defects of the algorithm. For the Spark suitable for the iterative and interactive tasks, this paper pres-
ents the methods to improve the execution efficiency from the MapReduce platform to the Spark platform.
The implementation flow of the algorithm in Spark is designed, and efficiency is improved by parameter

adjustment and memory optimization. Experimental results show that: based on spark DAG scheduling,
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the algorithm can reduce more than 65% HDFS 1/0 operations and enforce the efficiency and energy effi-

ciency were increased by nearly 200% and 50% .

Key words: collaborative filtering; MapReduce ; Spark ; algorithm optimization ; energy consumption op-

timization
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Table 4  Description of experimental environment
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Fig. 4 The algorithm execution time comparison
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