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MLlib is Spark’s machine learning (ML) library

Make practical machine learning scalable 
and easy. 

General purpose machine learning library 
optimized for big data

 Linearly scalable  = 2x more machines, 
runtime theoretically cut in half

 Fault tolerant = resilient to the failure 
of nodes

 Covers the most common algorithms with distributed implementations

 Built around the concept of a Data Science Pipeline (scikit-learn)

2



Hochschule Offenburg  University of Applied Sciences

Example: Shell 
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MLlib Tools

At a high level, it provides tools such as:

 ML Algorithms: 
learning algorithms such as classification, regression, clustering, and collaborative 
filtering

 Featurization: 
feature extraction, transformation, dimensionality reduction, and selection

 Pipelines: 
tools for constructing, evaluating, and tuning ML Pipelines

 Persistence: 
saving and load algorithms, models, and Pipelines

 Utilities: 
linear algebra, statistics, data handling, etc.
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DataFrame-based API since Spark 2.0

 Machine Learning API for Spark is the DataFrame-based API in the spark.ml package.

 As of Spark 2.0, the RDD-based APIs in spark.mllib is in maintenance mode. 

 DataFrames provide a more user-friendly API than RDDs. 

 The many benefits of DataFrames include Spark Datasources, SQL/DataFrame queries, 
Tungsten and Catalyst optimizations, and uniform APIs across languages.

 The DataFrame-based API for MLlib provides a uniform API across ML algorithms and 
across multiple languages.

 DataFrames facilitate practical ML Pipelines, particularly feature transformations. 
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ML algorithms include

 Statistics: summary statistics, hypothesis testing,...

 Regression: generalized linear regression, survival regression...

 Classification: logistic regression, naive Bayes,...

 Decision trees, random forests, and gradient-boosted trees

 Recommendation: alternating least squares (ALS)

 Clustering: K-means, Gaussian mixtures (GMMs),...

 Topic modeling: latent Dirichlet allocation (LDA)

 Frequent itemsets, association rules, and sequential pattern mining
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Pipeline: training + testing

ML model

E.g. Linear  
Regression  
Model

Training

Testing

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname,

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname,

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname, …

New logs

-1 .1

2 .3

0 .1

Prediction

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname,

-1 .1

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname,

2 .3

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname,

0 .1

Running test: pyspark/conf.py  Spark 
assembly hasbeen built

with Hive, including  Datanucleus jars on
classpath
14/12/15 18:36:12 WARNUtils:
Your hostname,

-1 .1

…

ML algorithm

ML model

Dataframe

Estimator

Transformer
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Pipeline

Model  
(Transformer)Training

Training
data

Testing Test
data

Predicted
priorities

Evaluation
Predicted labels +
true labels (on test data)

RDD[(Double,Double)] Regression  
Metrics

Metric (MSE)

Double

Estimator

Transformer

How good is the model?

Evaluator
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ML workflow utilities include

 ML Pipeline construction

 Feature transformations: standardization, normalization, hashing,...

 Model evaluation and hyper-parameter tuning

 ML persistence: saving and loading models and Pipelines

 Distributed linear algebra: SVD, PCA,...
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Pipelines

 A Pipeline  consists of a sequence of PipelineStages. Pipeline stages can be either 
estimators or transformers to be run in a specific order.

 These stages are run in order, and the input DataFrame is transformed as it passes 
through each stage. 

 For Transformer stages, the transform() method is called on the DataFrame. 

 For Estimator stages, the fit() method is called to produce a Transformer (which 
becomes part of the PipelineModel, or fitted Pipeline), and that Transformer’s 
transform() method is called on the DataFrame.
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Transformer

 A Transformer is a class which can transform one DataFrame into another DataFrame

 A Transformer implements method transform(), which converts one DataFrame into 
another

 Examples
 HashingTF
 Bucketizer
 LogisticRegressionModel
 PipelineModel
 Binarizer
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Estimators

 An Estimator abstracts the concept of a learning algorithm or any algorithm that fits or 
trains on data. 

 An Estimator implements a method fit(), which accepts a DataFrame and produces a 
Model, which is a Transformer. 

 For example, a learning algorithm such as LogisticRegression is an Estimator, and calling 
fit() trains a LogisticRegressionModel, which is a Model and hence a Transformer.

 Examples
 RandomForestClassifier
 CrossValidator
 IDF
 Pipeline
 StandardScaler
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Example Pipeline with fit()

 Pipeline with three stages. The first two (Tokenizer and HashingTF) are Transformers 
(blue), and the third (LogisticRegression) is an Estimator (red). 

 The bottom row represents data flowing through the pipeline, where cylinders indicate 
DataFrames. 
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Example PipelineModel with transform()

 Thus, after a Pipeline’s fit() method runs, it produces a PipelineModel, which is a 
Transformer. This PipelineModel is used at test time.

 When the PipelineModel’s transform() method is called on a test dataset, the data are 
passed through the fitted pipeline in order. Each stage’s transform() method updates 
the dataset and passes it to the next stage.
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Pipeline and PipelineModel
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Example (Scala)

17

%spark2.spark  //Zeppelin Notebook

import org.apache.spark.ml.Pipeline

import org.apache.spark.ml.feature.VectorAssembler

import org.apache.spark.ml.regression.{LinearRegression, LinearRegressionModel}

// Set Features

val features = new VectorAssembler().setInputCols(Array("x"))    

.setOutputCol("features")

val linreg = new LinearRegression().setLabelCol("y")  

val pipeline = new Pipeline().setStages(Array(features, linreg))

val model = pipeline.fit(data)  // data is a dataframe (x,y)

val result = model.transform(data).select("x", "y", "prediction")

result.createOrReplaceTempView("linreg")

linreg.write.overwrite().save("hdfs:///tmp/linregmodel") //save model

val sameModel = LinearRegression.load("hdfs:///tmp/linregmodel")
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Data Science 

Develop Prototype Model using 
Scala/Python/R

Persist model or Pipeline:
model.save(“s3n://...”)

Scala
val lrModel = 
lrPipeline.fit(dataset)
// Save the Model
lrModel.write.save("/models/lr")

Data Engineering

 Load Pipeline (Scala/Java)
Model.load(“s3n://…”)

Deploy in production

Scala
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Persisted Models
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Example: Decision Tree
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Summary

 Further information at http://spark.apache.org/docs/latest/ml-guide.html

 Spark ML useful for Big Data Analytics

 Based on Dataframes and Pipelines

 Serialization of models helpful
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