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Overview ïAdvanced Data Analysis Tools

ÁSpark MLLib ïlarge scale machine learning 

ïRDD based API

ïDataFrame based API

ÁSpark GraphX ïgraph-parallel processing

üHow to clean your data? 

üHow to combine it all?

üHow to visualize it?
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Why Spark MLLib & GraphX?
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Xiangrui Meng, MLLib: scalable machine learning on Spark, Spark Workshop April 2014, 

http://stanford.edu/~rezab/sparkworkshop/
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Combined Analytics of Data
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Analyze tabular 

data with SQL

Analyze graph data 

using GraphX

graph analytics engine

Use same 

machine learning

Infrastructure

Use same 

solution for 

streaming data

Joseph Gonzalez, Reynold Xin, Ankur Dave, Daniel Crankshaw, Michael Franklin, and Ion Stoica, 

ñGRAPHX: UNIFIED GRAPH ANALYTICS ON SPARKò,spark summit July 2014
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Machine Learning Algorithms

ÁClassification
ïLogistic regression

ïLinear support vector machine (SVM)

ïNaµve Bayes

ïDecision trees and forests

ÁRegression
ïGeneralized linear regression (GLM)

ÁRecommendation
ïAlternating least squares (ALS)

ÁClustering
ïK-means and Streaming K-means

ïGaussian mixture

ïLatent Dirichlet allocation (LDA)

ÁDimensionality reduction
ïSingular value decomposition (SVD)

ïPrincipal component analysis (PCA)

ÁFeature extraction & selection
ïWord2Vec

Áé
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See: https://spark.apache.org/docs/latest/mllib-guide.html
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Performance of MLLib

ÁIt is built on Apache Spark, a fast and general engine for large-scale data processing.

ÁRun programs up to 100x faster than Hadoop MapReduce in memory, or 10x faster on disk.
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Åhttps://spark.apache.org/

ÅReza Zadeh, CME 323: Distributed Algorithms and Optimization, Stanford University, http://stanford.edu/~rezab/dao/

Åhttps://cacm.acm.org/magazines/2016/11/209116-apache-spark/fulltext

Logistic Regression

https://spark.apache.org/
http://stanford.edu/~rezab/dao/
https://cacm.acm.org/magazines/2016/11/209116-apache-spark/fulltext
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Performance of MLLib

ÁSpeed-up between MLLib versions
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Meng et.al. "MLLib: Machine Learning in Apache Spark", Journal of Machine Learning Research 17 (2016)
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Example: K-Means Clustering (RDD based API)

Goal:

Segment tweets into clusters by geolocation using Spark MLLib K-means clustering
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https://chimpler.wordpress.com/2014/07/11/segmenting-audience-with-kmeans-and-voronoi-diagram-using-spark-and-mllib/
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Example: K-Means Clustering (RDD based API)
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https://chimpler.wordpress.com/2014/07/11/segmenting-audience-with-kmeans-and-voronoi-diagram-using-spark-and-mllib/
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Example: K-Means Clustering (RDD based API)
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https://chimpler.wordpress.com/2014/07/11/segmenting-audience-with-kmeans-and-voronoi-diagram-using-spark-and-mllib/
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Example: K-Means Clustering (RDD based API)
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https://chimpler.wordpress.com/2014/07/11/segmenting-audience-with-kmeans-and-voronoi-diagram-using-spark-and-mllib/
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Machine Learning Pipeline with Spark MLLib

Data pre-processing

Feature extraction

Model fitting

Model training

Validation

Model prediction
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Spark MLLib Pipeline (DataFrame based API)
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Patrick Wendell, Matei Zaharia, ñSpark community updateò,https://spark-summit.org/2015/events/keynote-1/
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Spark MLLib Pipeline (DataFrame based API)

ÁDataFrame:

ïUse DataFrame from Spark SQL as ML dataset

ïCan have different columns storing text, feature vectors, true labels, and predictions

ÁTransformer:
ïA Transformer implements a method transform()

ïAlgorithm that transforms one DataFrame to another DataFrame

ÅFeature transformers (e.g., OneHotEncoder) 

ÅTrained ML models (e.g., LogisticRegressionModel)

ÁEstimator:
ïAn Estimator implements a method fit()

ïAlgorithm which can be fit on a DataFrame to produce a transformer

ÅML algorithms which trains on a DataFrame and produces a model (e.g., LogisticRegression)

ÁPipeline: 

ïChains multiple Transformers and Estimators together to specify an ML workflow
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https://spark.apache.org/docs/latest/ml-pipeline.html
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Machine Learning Pipeline with Spark MLLib

15

Learning:

https://spark.apache.org/docs/latest/ml-pipeline.html

Model:
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Spark GraphX
Key idea

ÁGraphs are essential to analytics (e.g. social 

networks)

ÁTables & Graphs are composable views of the 

same physical data

ÁEach view has its own operators that exploit the 

semantics of the view to achieve efficient 

execution 

ÁGraph algorithms are based on Pregel API
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Joseph Gonzalez, Reynold Xin, Daniel Crankshaw, Ankur Dave, Michael Franklin, and Ion Stoica, 

GraphX: Unifying Data-Parallel and Graph-Parallel Analytics, 

https://amplab.cs.berkeley.edu/wp-content/uploads/2014/02/graphx@strata2014_final.pdf

Fewer Triangles

Weaker Community

More Triangles

Stronger Community

https://amplab.cs.berkeley.edu/wp-content/uploads/2014/02/graphx@strata2014_final.pdf
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Spark GraphX
Main components

ÁVertexRDD maps IDs to vertex content

ÁEdgeRDD are of the form (ID1, ID2, ET)

ÁTriplets are a combination of Vertex & Edge RDDs

def Graph ( vertices : Table [ ( Id , V) ],

edges : Table [ ( Id , Id , E) ])

// Table Views -----------------

def vertices : Table [ ( Id , V) ]

def edges : Table [ ( Id , Id , E) ]

def triplets : Table [ (( Id , V), ( Id , V), E)]
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Performance of GraphX
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Joseph Gonzalez, Reynold Xin, Daniel Crankshaw, Ankur Dave, Michael Franklin, and Ion Stoica, 

GraphX: Unifying Data-Parallel and Graph-Parallel Analytics, 

https://amplab.cs.berkeley.edu/wp-content/uploads/2014/02/graphx@strata2014_final.pdf


