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Study of parallelized k-means algorithm on massive text based on Spark
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3)(School of Information and Electrical Engineering, China Univ. of Mining and Technology, Xuzhou 221008,China)
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Abstract Due to sharp volume increment of internet text, the processing time of k-means on such data is incredibly lengthened.
Though some researchers have adopted classic parallel architectures, such as Hadoop, to improve k-means execution efficiency, the
results are still unsatisfactory. The major reason is that most mining algorithms, including k-means, need frequent iteration which is
hard to be efficiently handled by classic parallel platforms. A parallelization algorithm of k-means, based on Spark, which is the
state-of-the-art big data parallel processing architecture, is proposed. The given algorithm makes full use of in-memory-computing
RDD model of Spark so as to well meet the frequent iteration requirement of k-means. Experimental results show that k-means
executes much more efficiently in Spark than in Hadoop based on the same datasets and the same computing environments, which
specifically reflects in the aspects of speedup ratio, the expansion ratio and others. Therefore the conclusion can be drawn that
Spark performs sensibly better than Hadoop on processing big data mining algorithms.

Key words k-means; parallelization; text clustering; Spark; RDD; Hadoop; MapReduce
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1.valsc = new SparkContext(args(0), "SparkKMeans")
2. val lines = sc.textFile(args(1))
3. valK=arg(2)
4. valconvergeDist = arg(3)
5. valMaxlter = arg(4)
6.val data = lines.map(parseVector _).cache()
7.varkPoints = data.takeSample(false, K, 42).toArray
8.vartempDist = 1.0
9. vartemplter=0
10.0 while(tempDist>convergeDist&&templter<Maxlter)
{
10.1 var closest = data.map (p => (closestPoint(p, kPoints), (p, 1)))
10.2 varpointStats = closest.reduceByKey{case ((x1, y1), (x2, y2)) => (x1 + x2, y1 + y2)}
10.3 varnewPoints = pointStats.map {pair => (pair._1, pair._2._1/ pair._2._2)}.collectAsMap()
10.4 tempDist=0.0
10.5 for (i<- 0 until K){
10.5.1tempDist += kPoints(i).squaredDist(newPoints(i))}



10.6 for (newP<- newPoints) {
10.6.1kPoints(newP._1) = newP._2}
10.7templter=templter+1

}
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