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Distributed Collaborative Filtering Recommendation Based on User Co-occurrence Matrix Multiplier

HE Ming WU Xiao-fei CHANG Meng-meng REN Wan-peng
(College of Computer Science, Beijing University of Technology,Beijing 100124 ,China)

Abstract With the era of big data’s coming, the amount of application data increases sharply, the result of which gives
more and more prominence to a personalized recommendation technique. However, traditional recommendation tech-
niques applied to big data are confronted with some problems,such as low recommendation accuracy,long recommenda-
tion time and high network traffic. Therefore,the performance of recommendation degrades drastically. To address this
issue,a user co-occurrence matrix recommendation strategy was proposed in this paper. The user for the project’s predi-
cation rating matrix is got by multiplying user similarity matrix and item rating matrix. Candidate items set is generated
for each user using user similarity matrix multiply by item similarity matrix. On this basis, traditional collaborative filte-
ring algorithms were parallel expand according to the feature of distributed processing architecture, and a distributed
collaborative filtering algorithm was designed. Finally, multi-sub tasks are in series utilizing combination of redefined
MapReduce schema to execute automatically. Experimental results show that our approach achieve better prediction ac-
curacy and efficiency in distribute computing environment.
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if vector(R) is not null do
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for each row i in User-Item Matrix do
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Configuration preDataConf = new Configuration();

Job preDataJob = new Job(preDataConf, “PreDataJob”);
preDataJob.setJarByClass(PreDataJob);
FileInputFormat.addInputPath(preDataJob, inpath1);
FileOutputFormat.setOutputPath(preDatalob, outpathl);
preDataJob.waitForCompletion(true);
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Configuration buildSimMatrixConf = new Configuration();
Job buildSimMatrixJob = new Job(buildSimMatrixConf “BuildSimMatrixJob™);
buildSimMatrixJob.setJarByClass(BuildSimMatrixJob);

FileInputFormat.addInputPath(buildSimMatrixJob, outpathl);
FileOutputFormat.setOutputPath(buildSimMatrixJob, outpath2);
buildSimMatrixJob.waitForCompletion(true);
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Configuration recommendConf = new Configuration();

Job recommendJob = new Job(recommendConf, “RecommendJob™);
recommendJob.setlarByClass(RecommendJob);
FileInputFormat.addInputPath(recommendJob, outpath2);
FileOutputFormat.setOutputPath(recommendJob, outpath3);
recommendJob.waitForCompletion(true);
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