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(')C€ilc CETIC Presentation

ection to ICT Researc

- An applied research centre in the field of ICT

- The knowledge developed by CETIC is made available to companies to
help them integrate these technological breakthroughs into their products,
processes and services, enabling them to innovate faster, save time and
money and develop new markets.

- Three departments:
Software & System Engineering
Software & Services Technologies
Embedded & Communication Systems
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(__")cehc Who am | ?

Your Connection to ICT Research

Background:

- Engineering computer science degree
- Master degree in Computer Science and
Mathematics applied to Finance and Insurance

Mission:
- Big Data: data analysis
https://www.cetic.be/Ons-Dridi
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C cetic What is Spark ?

Your' Connectionto ICT Researc

e Definition

“Apache Spark is an open source big data processing framework bullt around
speed, ease of use, and sophisticated analytics. It was originally
developed In 2009 in UC Berkeley’s AMPLab, and open sourced in

2010 as an Apache project.”

rk

Spa

Source : http://www.infog.com/articles/apache-spark-introduction
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(')cetic High Level Architecture
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Spark Driver

S

o=

Spark Worker

.

Spark Worker Spark Worker

Source : https://bighadoop.wordpress.com/2014/04/03/apache-spark-a-fast-big-data-analytics-engine/
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C)Cdic How does it work ?
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RDD Objects DAGScheduler TaskScheduler Worker
| | | '| Cluster
) manager Threads
TaskSet Task
| P Block
: : - - ) manager
rddl.join(rddz) split graph into launch tasks via execute tasks
- Groungy(..) stages of tasks cluster manager
filter(..)
| submit each retry failed or store and serve
build operator DAG stage as ready straggling tasks blocks
stage
failed
e

Source: https://www.sigmoid.com/apache-spark-internals/
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Ocetic RDD and Operations
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RDD Objects DAGScheduler TaskScheduler Worker
| | | | Cluster
: . manager Threads
| TaskSet Task
| I Block
| : - - ) manager
rddl.join(rddz) split graph into launch tasks via execute tasks
- Groungy(..) stages of tasks cluster manager
filter(..)
| submit each retry failed or store and serve
build operator DAG stage as ready straggling tasks blocks
stage
failed
e

Source : http://spark.apache.org/docs/0.6.2/api/core/spark/RDD.html
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Ocetic RDD and Operations
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e Definition

“A Resilient Distributed Dataset (RDD), the basic abstraction in Spark.

Represents an immutable, partitioned collection of elements that

can be operated on in parallel. This class contains the basic operations
available on all RDD”

Source : http://spark.apache.org/docs/0.6.2/api/core/spark/RDD.html
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Ocetic RDD and Operations
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e Creating RDD:

- From existing collection

val collection = List ("a", "b", "c", "d")

val rddFromCollection = sc.parallelize (collection)

G e o o e e e e e e me R R R R R M R R e R M M M e S M M M R e M M M M e M M M M e e M G M e M M M R e e M S M e e e e e e e e e e

i val rddFromTextFile= sc.textFile (" List ")
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Ocetic RDD and Operations
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e Operations:

- Transformations
Apply functions to all the records, ex: map, filter, join

- Actions

Apply some computations and return the results to the driver program ,
ex: reduce, count

© CETIC - www.cetic.be
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e Definition

“The term MapReduce actually refers to two separate and distinct tasks
that Hadoop programs perform. The first I1s the map job ... and the

second is the reduce.”

\
/! tput Dats
educe()

wput Dats —
——
r
Split [k1, w1) Mesrge [k1, 1, Vv2 ]

Source: https://www-01.ibm.com/software/data/infosphere/hadoop/mapreduce/
© CETIC - www.cetic.be




Ocetic RDD and Operations
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Case of MapReduce :

T Y
u M
Input Tuples Tuples Tuples MR4 Qutput
Data on (on DIEl'I[} (on Drslt} (on DIE-l'[} Data on
Disk Disk
~ ~_

Case of RDD:

Ty Ty
R 0 N
Input | 1 RDD1 RDD2 RDD3 4 | output
Data on (in memory) (in disk) (in memory) Data on
Disk Disk
S, ~—

Source: http://www.thecloudavenue.com/
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RDD Objects DAGScheduler TaskScheduler Worker
| " Cluster
) manager Threads
DAG TaskSet Task Block
—_—
— - - ) manager
rddl.join(rddz) split graph into launch tasks via execute tasks
- Groungy(..) stages of tasks cluster manager
filter(..)
| submit each retry failed or store and serve
build operator DAG stage as ready straggling tasks blocks
stage
failed
P

Source : http://spark.apache.org/docs/0.6.2/api/core/spark/RDD.html
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e Definition :

“DAG stands for Directed Acyclic Graph, in the present context. It’s a
DAG of operators. The DAG Is optimized by rearranging and
combining operators where possible™

@ Q
@ -
Execution Starts
eeeeee _
—_—

DAG(Directed Acyclic Graph)
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Ocetic Run mode of Spark
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RDD Objects DAGScheduler TaskScheduler Worker
| " 5 Cluster
) manager Threads
DAG | Task
| — I Block
—— > - manager
rddl.join(rdd2) split graph into launch tasks via execute tasks
- QroupBy(..) stages of tasks cluster manager
Filter(.)
| submit each retry failed or store and serve
build operator DAG stage as ready straggling tasks blocks
stage
failed
.

Source : http://spark.apache.org/docs/0.6.2/api/core/spark/RDD.html
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(E)Cetnc Run mode of Spark
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Spark runs in four modes:

- Local mode: run our application locally. This is really useful for
debugging, we can step our code line by line with an IDE

- Cluster Mode:

Standalone mode: we can easily deploy a standalone cluster
with very few steps and configurations and then we can play around
with it.

Apache Mesos

Hadoop Yarn

© CETIC - www.cetic.be 13




Ocetic Run mode of Spark

Your Connectionto ICT Research

e Cluster Mode:

WORKER NODE
Worker

Executor
Submits Jobs Task II Task

Ask for resources
Schedule Tasks
- Send Tasks -

Cache
i 'L@ |
| DriverProgram i

s | ClusterManager
_ SparkContext _ s WORKER NODE
L‘ ‘ - Worker

Gets Job results

Executor

Task Il Task

Cache

Source: https://trongkhoanguyenblog.wordpress.com
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Ocetic Programming model
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e Master-Workers:

MASTER NODE WORKER NODE

MASTER HWorker
Driver

L‘ CoarseGrainedExecutorBackend CoarseGrainedExecutorBackend

Application code
def main(){

val s¢ = new SparkContext() Executor Executor

o) () () =) || @) ) () (=)

val rdd = sc.makeRdd{)
val finalkdd = rdd.transformation()
val res = finalRdd.action()

Cache Cache

Source: https://trongkhoanguyenblog.wordpress.com

© CETIC - www.cetic.be 15
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Ocetic Programming model
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e« Spark Context and SparkConf:

- The starting point of any spark program is Spark Context

- It’s initialized with an instance of SparkConf
- Contains various methods to manipulate RDD

val conf = new SparkConf () i
setAppName(" Test Spark ")
setMaster(" local[4] ")
val sc= new SparkContext(conf)

_________________________________________________________________

© CETIC - www.cetic.be 16
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e Definition :
“Machine learning is a method of data analysis that automates analytical

model building. Using algorithms that iteratively learn from data, machine

learning allows computers to find hidden insights without being explicitly
programmed where to Iook “

Source: http://www.sas.com/

© CETIC - www.cetic.be 17
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« What problems does it solve ?

AN K

- Marketing

- Human resources
- Risk management
- Health care S
- Travel P L pELAYED
- Education -

' +DELAYED
sankFURT - @@ DELAYED

- 925 0055 | A\
o o o 50 LONDOA
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C cehc Machine Learning With Spark
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« MLLib Library :

“MLlIib is Spark’s scalable machine learning library consisting of
common learning algorithms and utilities, including classification,
regression, clustering, collaborative filtering, dimensionality
reduction, as well as underlying optimization Primitives”

Spoﬁ\(z
MLIib

Source: https://spark.apache.orqg

© CETIC - www.cetic.be 19
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chtiq Machine Learning With Spark
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« Types of Machine Learning system:

Machine
Learning Models

© CETIC - www.cetic.be 20
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- Build a model that makes predictions

- The correct classes of the training data are known
- We can validate performance

- Two broad categories:

Classification: assign a class to an observation. e.g.: patient will
have a heart attack or not.

Regression: predict a continuous measurement for an
observation. e.g.: car prices

- Algorithms:

Regression, Decision Tree, Nalve Bayes, SVM, ...
21
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« Unsupervised models:

- Exploratory data analysis to find hidden patterns or grouping In
data

- The clusters are modeled using a measure of similarity

- Performance ?

- Algorithms:
ACP, K-means Clustering , Hierarchical clustering ...

© CETIC - www.cetic.be 22
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ML Architecture:

“__,

Live Model
Server

. b |
: Personalized | R
I Content I ===~
|

Prediction Segmentation

N

Administrators
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« Data Ingestion and storage:

|

Users

I

Live Model ; i
Server . 4 — —

__________________________

——————————————————————————

| Content :"' """ = l\_ L——--j-_______________,'

________________________

Prediction Segmentation

N
&=,
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e Data Ingestion:

- Browser, and mobile application event logs or accessing external
web APIs

 Data Storage:

- HDFS, Amazon S3, and other filesystems; SQL databases such
as MySQL or PostgreSQL; distributed NoSQL data stores such as
HBase, Cassandra, and DynamoDB, ...

© CETIC - www.cetic.be 25




C)cetic Machine Learning With Spark
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« Useful datasets available publicly:

UCI Machine Learning Repository: http://archive.ics.uci.edu/ml/

« Amazon AWS public datasets: http://aws.amazon. com/publicdatasets/
« Kaggle: http://www.kaggle.com/competions

« KDnuggets: http://www.kdnuggets.com/ datasets/index.html

2 Used dataset:

» Training data from the Kaggle: train.tsv
» Classifying problem : web page is a ‘Short-lived’ or ‘not’

— o e e e e mmm M e e Rmm M e e Mmm M M e Mmm Mmm M e Mmm M M G Mmm M M e Mmm M M e e gy

________________________________________
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 Data transformation:

"’ mmmmm) | Datalngestion |

Users .
A B
-
Live Model
Server
CTT T T T T T A i
: Personalized | e
I Content I -~
|

Prediction Segmentation

N’

2=,

Administrators
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« Data transformation:

- Filter out or remove records with bad or missing values
- Fill in bad or missing data

- Apply robust techniques to outliers

- Apply transformations to potential outliers

- Extract useful features

QO

TRANSFORM

© CETIC - www.cetic.be 28
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 Data transformation:

- Remove the first line

____________________________________

————————————————————————————————————-‘

_____________________________________

val rawData = sc.textFile("data/train_noheader.tsv")
 val records = rawData.map(line => line.split("\t"))
| \ records.first()

Array[String] = Array("http://www.bloomberg.com/news/2010-12-23/ibm-
predicts-holographic-calls-air-breathing-batteries-by-2015.html", "4042",

© CETIC - www.cetic.be 29
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 Data transformation:

- Apply some data cleaning

——————————————————————————————————————————————————————————————————————————————————————

Import org.apache.spark.mllib.regression.LabeledPoint
Import org.apache.spark.mllib.linalg.\ectors

val data = records.map { r =>val trimmed = r.map(_.replaceAll("\"", "))
val label = trimmed(r.size - 1).tolnt |
val features = trimmed.slice(4, r.size - 1).map(d => if (d =="?") 0.0 else
d.toDouble)

LabeledPoint(label, Vectors.dense(features))}

© CETIC - www.cetic.be 30




C)CGNC Machine Learning With Spark
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« Data transformation:

- Cachethedata
data cache
'val numData = data. count

G o e e e o S O R R R R R e REE MmN RSN RSN R S S e e e R S S S e

The value is: 7395
- Replace the negative values by zero

val nbData = records.map { r =>
val trimmed = r.map(_.replaceAll("\"", ""))
val label = trimmed(r.size - 1).tolnt
val features = trimmed.slice(4, r.size - 1).map(d => if (d =="?")
0.0 else d.toDouble).map(d => if (d < 0) 0.0 else d)
LabeledPoint(label, Vectors.dense(features))

© CETIC - www.cetic.be
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 Training Classification Model:

|

Users H
F 3
-~
Live Model ! G ’
]

Server ,__si_______"_ ______ TR el

Fm———————x Model Training Model Testing
. 1 H
: Personalized PP | i
| Content :" ____ 2 V4
|
__________ | Train/Test Loop
Results

Prediction Segmentation

Administrators
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CX:eﬁC Machine Learning With Spark
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* Training Classification model:

- Set up Input parameters

Import org.apache.spark.mllib.classification.LogisticRegressionWithSGD
Import org.apache.spark.mllib.classification.S\VMWithSGD

Import org.apache.spark.mllib.classification.NaiveBayes

Import org.apache.spark.mllib.tree.DecisionTree

Import org.apache.spark.mllib.tree.configuration.Algo

Import org.apache.spark.mllib.tree.impurity.Entropy

val numliterations = 10

val maxTreeDepth =5

© CETIC - www.cetic.be 33
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« Training Classification model:

- Train logistic regression

_____________________________________________________________________________

G o - e o o S R R RS R R e M REE RSN RSN RSN G RN MmN MEE MEE MmN RSN M BN S MEE MEE MEE MEE RSN RSN G N MEE MEE MEE MEm RSN RS G e e MEe MEE MEE RSN RSN M N M MEm MEE MEE MmN MEE G e e MEe MEe MEm R M G e e e Rme R R S e

14/12/06 13:41:47 INFO DAGScheduler: Job 81 finished: reduce at
RDDFunctions.scala:112, took 0.011968 s

14/12/06 13:41:47 INFO GradientDescent: GradientDescent.
runMiniBatchSGD finished. Last 10 stochastic losses 0.6931471805599474,
1196521.395699124, Infinity, 1861127.002201189, Infinity,
2639638.049627607, Infinity, Infinity, Infinity, Infinity

1rModel: org.apache.spark.mllib.classification.LogisticRegressionModel =
(weights=[-0.11372778986947886,-0.511619752777837,

© CETIC - www.cetic.be 34
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« Training Classification model:

- Train an SVM model

———————————————————————————————————————————————————————————————

14/12/06 13:43:08 INFO GradientDescent: GradientDescent.runMiniBatchSGD
finished. Last 10 stochastic losses 1.0, 2398226.619666797,
2196192.9647478117, 3057987.2024311484, 271452.9038284356,
3158131,191895948, 1041799.350498323, 1507522.9415370489,
1754560.9909073508, 136866.76745605646

svmModel: org.apache.spark.mllib.classification.SVMModel = (weigh
ts=[-0.12218838697834929,-0.5275107581589767,

© CETIC - www.cetic.be 35
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« Training Classification model:

- Train the nalve Bayes model

______________________________________________

——————————————————————————————————————————————

14/12/06 13:44:48 INFO DAGScheduler: Job 95 finished: collect at
NaiveBayes.scala:120, took 0.441273 s

nbModel: org.apache.spark.mllib.classification.NaiveBayesModel = org.
apache.spark.mllib.clagsification.NaiveBayesModel@666ac612

© CETIC - www.cetic.be 36
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* Training Classification model:

- Train the Decision tree model
val dtModel = DecisionTree.train(data, Algo.Classification, Entropy,
. maxTreeDepth)

14/12/06 13:46:03 INFO DAGScheduler: Job 104 finished: collectAsMap at
DecisionTree.scala:653, took 0.031338 s

total: 0.343024
findSplitsBins: 0.119495
findBestSplits: 0.200352
chooseSplits: 0.199705

dtModel: org.apache.spark.mllib.tree.model.DecisionTreeModel =
DecisionTreeModel classifier of depth 5 with 61 nodes

© CETIC - www.cetic.be 37
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« Generate Predictions

- Use the logistic regression model: only the first feature

'val dataPoint = data.first
vaI prediction = IrModel.predict(dataPoint. features)

The value is:
prediction: Double =1.0

————————————————————————————————————

vaI trueLabel = dataPoint.label

The value Is:
trueLL,abel = Double = 0.0

This Is wrong ! ®

© CETIC - www.cetic.be 38
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 Generate Predictions

- Use the logistic regression model: RDD vector

val predictions = IrModel.predict(data.map(lp => Ip. features))
. _predictionstake®)
The output Is:
Array[Double] = Array(1.0, 1.0, 1.0, 1.0, 1.0)

© CETIC - www.cetic.be 39
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 Evaluate Performance

"’ mmmmm) | Datalngestion |

Users .
A B
-
Live Model
Server
CTT T T T T T A i
: Personalized | e
I Content I -~
|

Prediction Segmentation

N

2=,

Administrators
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 Evaluate Performance

- Accuracy and prediction error

i ' val IrTotaICorrect = data.map { point => if (IrModel.predict(point. features)
: = point.label) 1 else 0 }.sum |
' val IrAccuracy IrTotalCorrect / data.count i

___________________________________________________________________________________

The output Is:
IrAccuracy: Double = 0.5146720757268425

Not excellent !

© CETIC - www.cetic.be 41
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« Improving model performance

- Feature standardization, Additional features, Correct form of data
- Feature standardization
Matrix of vectors using the RowMatrix class

Import org.apache.spark.mllib.linalg.distributed.RowMatrix___________ ,
val vectors = data.map(lp => Ip.features) |
val matrix = new RowMatrix(vectors)

val matrixSummary = matrix. computeCoIumnSummaryStatlstlcs()

———————————————————————————————————

—————————————————————————————————————————————————————————————————————————
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« Improving model performance

- Feature standardization

StandardScaler ou Normalizer

Import org.apache.spark.mllib.feature.StandardScaler
val scaler = new StandardScaler(withMean = true, withStd =
true).fit(vectors)
i val scaledData = data.map(lp =>
. LabeledPoint(Ip.label,scaler.transform(lp.features)))

© CETIC - www.cetic.be 43




C)Calc Machine Learning With Spark

Your Connectionto ICT Researc

« Improving model performance

_-_Feature standardization_
val IrModelScaled =  LogisticRegressionWithSGD.train(scaledData, !
" numlterations) i
' val IrTotalCorrectScaled = scaledData.map { point =>

If (IrModelScaled.predict(point.features) == point.label) 1 else

0 }.sum
' val IrAccuracyScaled = IrTotalCorrectScaled / numData

The output Is:
IrAccuracyScaled: Double = 62.0419%

It’s better !

© CETIC - www.cetic.be 44
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« Text Mining

Text processing Is too complex for two reasons:

- Text and language have an inherent structure
- The effective dimensionality of text data Is extremely large

Possibilities with MLLIb:

- Term weighting schemes, Feature hashing , tokenization, Removing
stop words , Excluding terms based on frequency, stemming , etc.

© CETIC - www.cetic.be 4
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Spark MLLib and Apache Mahout:

- In case of Mahout it iIs Hadoop MapReduce and in case of MLIib it is
RDD

- Algorithms with Spark MLLIib are more developedu1 g‘-"

Spark MLLIib and R project:

- Spark includes SparkR library
- Working with R Is not so fast

© CETIC - www.cetic.be 46




Ocetic Other applications

Your Connectionto ICT Research

™ Alpha / Pre-alpha

BlinkDB

(Approximate
SQL)

Spark

Streaming
l:-"S I‘f‘E‘H I | M QI'J

MLLib GraphX SparkR

WEE L (Graph

learning) Computation) (R on Spark)

Spark Core Engine

Source: http://www.jorditorres.org/spark-ecosystem/
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