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MapReduce



Machine learning with Hadoop 
MapReduce
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Machine learning with Spark
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http://www.cloudera.com/content/cloudera/en/products-and-services/cdh/spark.html


SOM -MapReduce



Self-Organizing Map



SOM benefits
● Better clustering performances than k-means
● Linear complexity
● Topological visualization



SOM MR
Initialization

var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)
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SOM MR
Map: distance data 1
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var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
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SOM MR
Map: select closest prototype
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var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

    val closestP = closestPrototype(prototypes, d)



SOM MR
Map: process new local prototypes

y

x

var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

    val closestP = closestPrototype(prototypes, d)



SOM MR
Map : process new local prototypes
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SOM MR
Map : process new local prototypes
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var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

  prototypes = data.map{d => 
    val closestP = closestPrototype(prototypes, d)
    prototypes.map{ p =>
      val t = T(p, closestP)
      (p*t, t)
    }
  }



SOM MR
Map : process new local prototypes
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var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

  prototypes = data.map{d => 
    val closestP = closestPrototype(prototypes, d)
    prototypes.map{ p =>
      val t = T(p, closestP)
      (p*t, t)
    }
  }



SOM MR
Maps outputs

Map 1

Map 2

Map 3

…..

var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

  prototypes = data.map{d => 
    val closestP = closestPrototype(prototypes, d)
    prototypes.map{ p =>
      val t = T(p, closestP)
      (p*t, t)
    }
  }



SOM MR
Reduce: Merge locals models
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var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

  prototypes = data.map{d => 
    val closestP = closestPrototype(prototypes, d)
    prototypes.map{ p =>
      val t = T(p, closestP)
      (p*t, t)
    }
  }.reduce{ (a, b) => 
    a.zip(b).map{case ((aV, aT),(bV, bT)) => 
      (aV+bV, aT+bT)
    }
  }.map(r => r._1 / r._2)



SOM MR
10 iterations

y
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var prototypes = Array.fill(9)(
  Vector(Array.fill(2)(Random.nextDouble))
)

for (i <- 1 until 10) {
  prototypes = data.map{d => 
    val closestP = closestPrototype(prototypes, d)
    prototypes.map{ p =>
      val t = T(p, closestP)
      (p*t, t)
    }
  }.reduce{ (a, b) => 
    a.zip(b).map{case ((aV, aT),(bV, bT)) => 
      (aV+bV, aT+bT)
    }
  }.map(r => r._1 / r._2)
}



Speed up

● 100 millions observations
● SOM - Map : 10 x 10



MapReduce Topological 
BiClustering 
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Conclusions & perspectives

● Data set size has increased significantly
○ MapReduce is crucial for some algorithms 
○ Deal with large data 

● New approach 
○ Deal with mixed data
○ Clustering data stream using batch paradigm
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Thank you!
Questions?


