park

~ — -

S~

Distributed Data Management

Spark Batch Processing

Thorsten Papenbrock

F-2.04, Campus II
Hasso Plattner Institut



SEEKS

. ﬂ Hasso
Installation e

Installation (Development)

= Install Java 1.8, Maven, Git.

= Install Intelli]J IDEA (use @student.hpi.uni-potsdam.de email for a free ultimate license).
= Install Scala within the Intelli] IDEA setup.

= Checkout https://github.com/HPI-Information-Systems/spark-tutorial.git and
open the project in Intelli]J IDEA.

Installation (Deployment / Interactive Shell) Distributed Dat
Istribute ata

= Install Java 1.8, Maven. Management
. . ] Spark Batch
Download and install Spark: Processing
https://spark.apache.org/downloads.html
= Start the master/slave daemon processes: ;‘_grs;enpape”broc"
ade

https://spark.apache.org/docs/latest/spark-standalone.html
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Key-Facts Inatitut

Spark

= Written in Scala

= Offers Java, Scala, Python, SQL, and R bindings
= Uses (inter alia) Akka under the hood

= Can access data in Cassandra, HBase, Hive, and any Hadoop data source

>

cassandra

Distributed Data
= Runs standalone (own cluster and resource management) Management
Spark Batch
or on managed clusters (Hadoop YARN or Apache Mesos) Pfjcressiig

ThorstenPapenbrock

<D
K .
b i < .
KPP lid
ang MESOS Slide 3
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Interpreted and compiled to
a Spark execution plan
(= JVM Code!)

Spark Program (= Spark Job)

B (Java, Scala, Python, SQL, R)
5
? Spark Core P -
rogram code copied to all
standaone/ B / 52211 |/ eias he man onon
Distributed Data
Management
Spark Batch
Setup Processing
= On all nodes: Install and configure Java, Scala, SSH, Spark, (Hadoop, Kafka, ...) ThorstenPapenbrock
Slide 4

= See e.d.: https://medium.com/ymedialabs-innovation/apache-spark-on-a-multi-node-cluster-b75967c8cb2b
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\4 Driver Process Executors _
Executes code assigned

to it and reports state
of computation

Maintains the Spark
applications, responds to
user input, and manages

work distribution

T

User Code Distributed Data
Management
Spark Batch
Processing
Assigns resources to I
Spark applications

ThorstenPapenbrock
: Cluster Manager Slide 5
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For Spark <2.0 experts:
Where are the contexts?

SparkContext object

(connection to a Spark
execution environment)

SQLContext object
(connection to SparkSQL)

HiveContext object
(connection to Hive stores)

Now accessible via
SparkSession object

Driver Process

User Code

var sparkBuilder = SparkSession
.builder()
.appName("ExampleSpark")
.master("local[4]") //local, 4 cores
/ val spark = sparkBuilder.getOrCreate()

-

!

Spark Batch

‘ T ‘ T Processing

ThorstenPapenbrock
Cluster Manager Slide 6
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Executor processes

Spark Session

Driver
Scala UDF — y
§ >
Python UDF - —>
1. Function serialized 2. Spark starts Python process

and sent to workers and sends data

Worker python process

Writing UDFs in Python is possible
but costs performance because
UDFs cannot be compiled to JVM code:

» Python processes need to be started

= Python processes compete for memory/CPU
with the JVM processes that run anyways

» Data needs to be copied between processes
(serialization; inter-process communication)

y Distributed Data

Management

Spark Batch
Processing

ThorstenPapenbrock

3. Python returns Slide 7
answer
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App|lcatlon Sme|t Spark Program (= Spark Job)
-"é (Java, Scala, Python, SQL, R)
a
Local Execution a [Standalone]

= Execute the main () -function
Submit to Cluster
= Build a fat jar including all dependencies

=  Commit to cluster via spark-submit script: SparkRrogram SiSeatcaob)
(Java, Scala, Python, SQL, R)

./bin/spark-submit \

submit

--class <main-class> \
--master <master-url> \
-—deploy-mode <deploy-mode> \
--conf <key>=<value> \
. # other options
<application-jar> \
[application-arguments]

SR s
[Standalone/ &R / &% MEsos ]

ThorstenPapenbrock

https://spark.apache.org/docs/ Slide 8
latest/submitting-applications.html
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SEEKS

Application Submit

Local Execution

= Execute the main () -function

Submit to Cluster

= Build a fat jar including all dependencies

=  Commit to cluster via spark-submit script:

--master local[8]: local with 8 worker threads

./bin/spark-submit \ --master yarn: on YARN
--class de.hpi.time series mining.Main --master mesos://192.168.0.18:7077: on MESOS
--master spark://lQZ.lw - S—
--deploy-mode client—x client: local machine = driver process
-—executor-memory 16G \ cluster: one worker = driver process
——.totaljexecut(.)r—co.re? <7 ] \ :‘_ file/absolute path files are served by the driver’s HTTP file server.
/jobs/tlmeTserlesTman.ng. jar \ hdfs/http/https/£tp files are pulled from remote locations.
/data/time_series.csv \ local files are expected to exist on every worker.
/results/time series \ ThorstenPapenbrock

- https://spark.apache.org/docs/ Slide 9

latest/submitting-applications.html
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APACHE

Spark
Tools

p

Spark Shell

= Executing ./bin/spark-shell starts
the Scala console with an interactive
Spark session.

Spark UI

= Accessing http://localhost:4040 in @ web browser opens the Spark UI
that monitors the execution of Spark jobs.

Sp’or'l(: :

Distributed Data

Details for Job 2

Management
Status: SUCCEEDED
Completed Stages: 3 Spark Batch
. 0 Processing
Completed Stages (3)
Stage Id ~ Description Submitted Duration Tasks: Succeeded/Total Input Output Shuffie Read Shuffle Write Th O rSte n Pa pe n b rOCk
2017/04/08 16:24:43 04s 200/200 38008
3 2017/04/08 16:24:42 03s 272 10.7MB 38008 Sllde 10

2017/04/08 16:24:42 0.7s a8 434MB 10.7 MB
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@ N
DATA SOURCES DATA COLLECTION REAL-TIME/BATCH PROCESS RESULT STORE DATA CONSUMER
r— & a4 \ ( N ™
Messaging |r Reports
RDBMS Stream Processing
ML Apps
OQROR ¥ iatka
Social St;s':,# ‘ Witz .10 §3 | IoT Apps
i : | I Result Store Analytics
Machine . Raw Data Computed Data <} | ;:n . = ders .
ERP : §8 kafka O fhpslormg spa# RSE iﬁ. Alsis
i Spdg uery Engine
o c@ \% £ / L ey g aa g Services =
\ / - <
SUPPORTING CAPABILITIES :

ThorstenPapenbrock
https://unraveldata.com/spark-performance-management-2/ Slide 11
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Distributed Data Inatitut

Transformation

Pipeline RDD RDD RDD RDD RDD

00 F&@Eﬁgg

Transformation RDD . RDD RDD

partition 1

/

RDD

Resilient Distributed Dataset (RDD)
= An immutable distributed collection of data elements
= Partitioned across nodes; protected against faults

= (Can be operated in parallel partition 2

ThorstenPapenbrock
Slide 12

= Offers a low-level API with

transformation functions and actions .
partition 3
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Hasso
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Class
Relationship

Semantic

Typing

Type safety

Serialization

Optimization

Languages

Special

RDD[T]

A collection of T objects

Dataset |
Based on RDD[T]

A collection of T objects

DataFrame
Alias for Dataset [Row]

A collection of Row objects

Plattner
Institut

Example:
Tuples with explicit filed types

dataset.map((a,b,c) =>a + 1)
/I types of a, b, c are known

Example:
Tuples with implicit field types

dataframe.map(r => r.getint(0) + 1)
I types of r's fields are unknown and
need casting

val rdd = dataset.toJavaRDD()
val dataset = dataframe.as[(String,String)]

val dataframe = dataset.toDF()
val dataframe = rdd.toDF()
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Class
Relationship

Semantic

Typing

Type safety

Serialization

Optimization

Languages

Special

RDD[T]

A collection of T objects

Strongly typed

Dataset |
Based on RDD[T]
A collection of T objects

Strongly typed Java beans
(no-arg, serializable, get-/setters)

DataFrame
Alias for Dataset [Row]
A collection of Row objects

Un-typed rRow objects
(similar to JDBC’s ResultSet)
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Class
Relationship

Semantic

Typing

Type safety

Serialization

Optimization

Languages

Special

RDD[T]

A collection of T objects

Strongly typed

Compile-time checking

Java Serializable

Java, Scala, Python, R

Low level manipulation options
(e.g. for number of partitions)

Dataset |
Based on RDD[T]
A collection of T objects

Strongly typed Java beans
(no-arg, serializable, get-/setters)

Compile-time checking

Implicit Encoder functions to
convert T objects to tabular format;
Tungsten to generate byte-code

Catalyst query optimizer, Tungsten
execution engine, and off heap
storage mechanism

Java, Scala (as of version 2.1.1)

More transformations and actions

complex business logic

DataFrame
Alias for Dataset [Row]
A collection of Row objects

Un-typed rRow objects
(similar to JDBC’s ResultSet)

Runtime checking

Dynamic byte-code generation via
Tungsten execution backend

Catalyst query optimizer, Tungsten
execution engine, and off heap
storage mechanism

Java, Scala, Python, R

Special support for R and SQL
(grouping, sorting, aggregations, ...)

querying and transforming
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Hasso

Class RDD[T] Dataset | DataFrame
Relationship - Based on RDD[T] Alias for Dataset [Row]
Semantic A collection of T objects A collection of T objects A collection of Row objects
Typing Strongly ty] beans
Type safety  Compile-tin filter(value => value == null) ng -QFOUI?'BY( DEST]NAT'ON )
Serialization Java seria -flatMap(value => value.split("\\s+")) | tions to .sum(dFLI(?'HTS ) )
.map(value => (value,1)) tabular format; -sort(desc(*sum(FLIGHTS)"))
-reduceByKey(_+_) e byte-code .select(
o .collect() _ cOl("DESTINATION"),
Optimization - rizer, Tungsten col("sum(FLIGHTS)").as("sum"))
1d off heap .CO”eCt()
Languages Java, Scala, Python, R Java, Scala (as of version 2.1.1) Java, Scala, Python, R
Special Low level manipulation options  More transformations and actions Special support for R and SQL
(e.g. for number of partitions) (grouping, sorting, aggregations, ...)

complex business logic querying and transforming
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Structured Advanced analytics Ecosystem
streamin ML graph +
& Deep learning Packages

Structured Structured APIs

- Datasets - DataFrames

Distributed Data
Management

Low level APIs Spark Batch
Processing

ThorstenPapenbrock
Slide 17

Distributed variables




Spark:

Distributed Data

DataFrame

@databricks

Unified Apache Spark 2.0 API

Untyped API

+ Alias
Dataset
(2016)

Typed API

« Dataset[T]

<€ >
SQL DataFrames Datasets

DataFrame = Dataset[Row]

Syntax RUNtime Compile Compile
Errors Time Time
Analysis ) _ Compile
Errors Runtime Runtime Time

r‘

Distributed Data
Management

Spark Batch
Processing

ThorstenPapenbrock
Slide 18
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Transformation
Pipeline RDD RDD RDD RDD RDD
/
20D &@ggﬁg 20D

. RDD

RDD RDD

Transformation

Action
= A lazy operation on an RDD that .
creates one or many new RDDs

= RDD => RDD

An operation on an RDD that
triggers the execution of a pipeline

= Specifies how to handle the result

= RDD => Seq[RDD] (view, collect, or write)

ThorstenPapenbrock
Examples: collect (), reduce (), Slide19

count (), take ()

= Examples: map (), filter (), join(), =
reduceByKey (), cogroup ()
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Transformation

map(func)

filter(func)

flatMap( func)

mapPartitions(func)

mapPartitionsWithIndex(func)

sample(withReplacement, fraction, seed)

union(otherDatasef)

intersection(otherDataset)

distinct([numTasks]))

groupByKey([numTasks])

reduceByKey(func, [numTasks])

Meaning

Return a new distributed dataset formed by passing each element of the source through a
function func.

Return a new dataset formed by selecting those elements of the source on which func
returns frue.

Similar to map, but each input item can be mapped to 0 or more output items (so func should
return a Seq rather than a single item).

Similar to map, but runs separately on each partition (block) of the RDD, so func must be of
type lterator<T> => Iterator<U> when running on an RDD of type T.

Similar to mapPartitions, but also provides func with an integer value representing the index
of the partition, so func must be of type (Int, lterator<T>) => lterator<U> when running on an
RDD of type T.

Sample a fraction fraction of the data, with or without replacement, using a given random
number generator seed.

Return a new dataset that contains the union of the elements in the source dataset and the
argument.

Return a new RDD that contains the intersection of elements in the source dataset and the
argument.

Return a new dataset that contains the distinct elements of the source dataset.

When called on a dataset of (K, V) pairs, returns a dataset of (K, lterable<V>) pairs.

Note: If you are grouping in order to perform an aggregation (such as a sum or average)
over each key, using reduceByKey or aggregateByKey will yield much better performance.
Note: By default, the level of parallelism in the output depends on the number of partitions of
the parent RDD. You can pass an optional numTasks argument to set a different number of
tasks.

When called on a dataset of (K, V) pairs, returns a dataset of (K, V) pairs where the values
for each key are aggregated using the given reduce function fune, which must be of type
(V,V) => V. Like in groupByKey, the number of reduce tasks is configurable through an
optional second argument.

aggregateByKey(zeroValue)(seqOp, combOp,
[numTasks])

sortByKey([ascending], [numTasks])

Jjoin(otherDataset, [numTasks])

cogroup(otherDataset, [numTasks])

cartesian(otherDatasef)

pipe(command, [envVars))

coalesce(numPartitions)

repartition(numPartitions)

repartitionAndSortWithinPartitions(partitioner)

When called on a dataset of (K, V) pairs, returns a dataset of (K, U) pairs where the values
for each key are aggregated using the given combine functions and a neutral "zero" value.
Allows an aggregated value type that is different than the input value type, while avoiding
unnecessary allocations. Like in groupByKey, the number of reduce tasks is configurable
through an optional second argument.

When called on a dataset of (K, V) pairs where K implements Ordered, returns a dataset of
(K, V) pairs sorted by keys in ascending or descending order, as specified in the boolean
ascending argument.

When called on datasets of type (K, V) and (K, W), returns a dataset of (K, (V, W)) pairs with
all pairs of elements for each key. Outer joins are supported through leftOuterJoin,
rightouterJoin, and fullOuterJoin.

When called on datasets of type (K, V) and (K, W), returns a dataset of (K, (lterable<Vs>,
lterable<Ws)) tuples. This operation is also called groupWith.

When called on datasets of types T and U, returns a dataset of (T, U) pairs (all pairs of
elements).

Pipe each partition of the RDD through a shell command, e.g. a Perl or bash script. RDD
elements are written to the process's stdin and lines output to its stdout are returned as an
RDD of sttings.

Decrease the number of partitions in the RDD to numPartitions. Useful for running operations
more efficiently after filtering down a large dataset.

Reshuffle the data in the RDD randomly to create either more or fewer partitions and balance
it across them. This always shuffles all data over the network.

Repartition the RDD according to the given partitioner and, within each resulting partition, sort
records by their keys. This is more efficient than calling repartition and then sorting within
each partition because it can push the sorting down into the shuffle machinery.

Slide 20
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Action

reduce(func)

collect()

count()
first()
take(n)

takeSample(withReplacement,

num, [seed])
takeOrdered(n, [ordering])

saveAsTextFile(path)

saveAsSequenceFile(path)
(Java and Scala)

saveAsObjectFile(path)
(Java and Scala)

countByKey()

foreach(func)

Meaning

Aggregate the elements of the dataset using a function func (which takes two arguments and returns one).
The function should be commutative and associative so that it can be computed correctly in parallel.

Return all the elements of the dataset as an array at the driver program. This is usually useful after a filter or
other operation that returns a sufficiently small subset of the data.

Return the number of elements in the dataset.
Return the first element of the dataset (similar to take(1)).
Return an array with the first n elements of the dataset.

Return an array with a random sample of num elements of the dataset, with or without replacement,
optionally pre-specifying a random number generator seed.

Return the first n elements of the RDD using either their natural order or a custom comparator.

Wirite the elements of the dataset as a text file (or set of text files) in a given directory in the local filesystem,
HDFS or any other Hadoop-supported file system. Spark will call toString on each element to convert it to a
line of text in the file.

Write the elements of the dataset as a Hadoop SequenceFile in a given path in the local filesystem, HDFS or
any other Hadoop-supported file system. This is available on RDDs of key-value pairs that implement
Hadoop's Writable interface. In Scala, it is also available on types that are implicitly convertible to Writable
(Spark includes conversions for basic types like Int, Double, String, etc).

Write the elements of the dataset in a simple format using Java serialization, which can then be loaded using
SparkContext.objectFile().

Only available on RDDs of type (K, V). Returns a hashmap of (K, Int) pairs with the count of each key.

Run a function func on each element of the dataset. This is usually done for side effects such as updating an
Accumulator or interacting with external storage systems.

Note: modifying variables other than Accumulators outside of the foreach() may result in undefined behavior.

See Understanding closures for more details.

Types of actions
1. actions to view data (in the console)
2. actions to collect data (to native objects)

3. actions to write data (to output sources)

The Dataset and DataFrame APIs add
many further
transformations and actions:

https://spark.apache.org/docs/latest/api
/scala/index.html#org.apache.spark.sql.
Dataset

Slide 21
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Pipeline
| |

Transformation Pipeline

= A chain of transformations
= Forms an RDD lineage with all the parent RDDs of the final RDD(s)
= Intermediate RDDs can become ...

= smaller (e.q. filter, count, distinct, sample)

* samesize (e.g. map) Spark can, in fact, use query

= larger (e.g. flatMap, union, cartesian) optimization techniques
similar to SQL optimizers!

= ... than their parents
= Actions finish a pipeline causing Spark to ...
1. compile the code (from Scala, Java, Python, SQL, R) into an execution plan
2. optimize the execution plan (e.g. code/partition distribution and filter-push-down)
3. execute the execution plan (scheduling tasks to executors) Slide 22

= A Spark Session (i.e. Spark Program) can host multiple pipelines



SpOfK.. Certain transformations can be pipelined which is
an optimization that Spark uses to improve

Tra N SfO M at| on P| pe I | N | N g performance of computations

Narrow Transformations

= Transformations where all records in the same output RDD partition originate
from the same input RDD partition (ensure self-sustained partitions)

= Examples: map () or filter ()
= Spark groups narrow transformations into one stage (= pipelining) >
- data is kept in memory; transformations do not block later ones stage

Wide Transformations

= Transformations where records might get shuffled across different RDD
partitions; the records required to compute a certain output record may
reside in different partitions of the parent RDD EER
>
= Examples: groupByKey () Or reduceByKey () stage

= Spark executes a blocking RDD shuffle to transfer data across the cluster,  tporstenpapenbrock
which creates a new stage with a new set of partitions Slide 23
- data is written to disk; transformation blocks later ones
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P
N |

——————— ~{ val allWords = file.flatMap(_.split(",}s+"))

Stage 1

——————— val words = allwords.filter(!_.isEmpty)

——————— ~‘ val pairs = words.map((_,1))

Distributed Data

NN NN BN BN SN SN SN S S S S . .- L ] | a
Introduces barrier Management
— V‘
________ i Spark Batch
val reducedBykey = pairs.reduceByKey(_ + )
Stage 2 l L Processing

Stage 3 l

\'d Introduces barrier ThorstenPapenbrock
Slide 24

val top10words = reducedByKev.takeDnﬁ{lﬂ){ﬂrdering[lnt].reverse.un(_._Zl) ]‘
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Number of executor threads
= Configurable, e.g., to the number of cores in the cluster
= Defined by the Cluster Manager (YARN/Mesos) or the SparkConf:

= gpark.conf.set ("spark.executor.instances", "5") // 5 worker nodes
.set ("spark.executor.cores", "8") // 8 cores on each node

Number of partitions
= Configurable, but usually greater than nhumber of executor threads

to improve load balancing and minimize scheduling overhead (see data replication lecturel)
= Defined by the Spark Session (default 200)

= Change session-wide: spark.conf.set ("spark.sql.shuffle.partitions", "40")

= Change in pipeline: val rdd2 = rdd.repartition (40) ThorstenPapenbrock
Slide 25

Degree of Parallelism = min(nhumber of executor threads, number of partitions)
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CSVfile
j
Read
(Narrow)

]

DataFrame
—
Sort
(Wide)
1 Partition

Reads are narrow transformations,
i.e., if the input has only one
partition, then the pipeline starts with
only one partition!

DataFrame

5 Partitions

—

—— Array(...

take(3)
(Wide)
Distributed Data
Management
Spark Batch
Processing
ThorstenPapenbrock
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Spark:
Degree of Parallelism

/ DataFrame

N || —

HDFS

// Read Sort
v (Narrow) (Wide)

. #Blocks Partitions

Spark reads every block in parallel
and on the same node!

> #Blocks = #Partitions

DataFrame

—— Array(...

take(3)

(Wide)

5 Partitions

—

Hasso
Plattner
Institut

Distributed Data
Management

Spark Batch
Processing

ThorstenPapenbrock
Slide 27
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HDFS blocks vs. Spark partitions
= HDFS splits blocks on byte basis o
_ . ) o, What happens to overlapping lines?
= Spark splits partitions on line basis (*\n")
1 block 1 1 block 2 I block 3 block 4
< > < > < >
128 MB 128 MB 128 MB 42 MB
record 1 record 2 record 3 record 4 ecord 5 record 6 r¢/cord 7
artition 1 artition 2 artition 3
< = >e = >ie P >
: % 2 records 2 records :
> Partition 1 worker fetches rest of record 3 from (remote) block 2
> Partition 2 worker ignores leading record 3 bytes and starts with record 4 ThorstenPapenbrock
Slide 28

https://www.ae.be/blog-en/ingesting-data-spark-using-custom-hadoop-fileinputformat/
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Apache Parquet
= A columnar storage format for files
= Stores data and the data’s schema

= Compact due to ... (recall lecture “Distributed DBMS")

e.g. RDDs
= dictionary encoding, bit packing, run-length encoding

= Used by many projects in the Hadoop ecosystem to store (intermediate) data

Spark Parquet support

_ . _ L _ _ _ CSV and JSON formats
case class Flight(origin: String, destination: String, flights: Bigint) work similarly!

val flightsDataFrame = spark.read.parquet("/mnt/data/parquet/flight.parquet/") Spark Batch
val flightsDataset = flightsDataFrame.as[Flight] Processing

flightsDataset.printSchemay()
flightsDataset.map(f => new Flight(f.origin.toLowerCase(), f.destination.toLowerCase(), f.flights))
flightsDataset.write.parquet("/mnt/data/parquet/flight_mapped.parquet/")

ThorstenPapenbrock
Slide 29
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Column Functions for DataFrames

val flightData = spark Reference column values
read as Column object
.option("inferSchema", "true")

.option("header", "true")

.csv("/mnt/data/flight-data-2015.csv")
as Column object

Reference application values

import org.apache.spark.sqgl.functions.{col, lit, initcap, pow, month}

val result = flightData Uppercase first letter
.select( -
initcap(col("ORIGIN")),

month(col("DEPARTURE")).as("MONTH"), Take month from date

pow(col("FLIGHTS"), 2).as("CALCULATED"), :
lit("15.01.2018").as("UPDATED")) ﬁ Calculate power of two

limit(5)

.collect() Add constant value

Hasso
Plattner
Institut

Distributed Data
Management

Spark Batch
Processing

ThorstenPapenbrock
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Spark SQL
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val flightData = spark
read
.option("inferSchema", "true")
.option("header", "true")
.csv("/mnt/data/flight-data-2015.csv")

import org.apache.spark.sqgl.functions.desc

val result = flightData
.groupBy("DESTINATION")
Sum("FLIGHTS")
.withColumnRenamed("'sum(FLIGHTS)", "total")
.sort(desc("total"))
Jimit(5)
.collect()

Both compile to the same
execution plan!

val flightData = spark (check with rdd.explain())

.read
.option("inferSchema", "true")

.option("header", "true")
.csv("/mnt/data/flight-data-2015.csv")

T —

flightData.createOrReplaceTempView("flight")

val result = spark.sql(""

SELECT DESTINATION, sum(FLIGHTS) as total
FROM flight

GROUP BY DESTINATION

ORDER BY sum(FLIGHTS) DESC

LIMIT 5

"").collect() ThorstenPapenbrock

Slide 31
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A module for scalable fault- A module for scalable
tolerant streaming applications machine learning algorithms
(micro batches) (K-means, Regression, ...)
A module for working MLlib A module for graphs and graph-

with structured data
(DataFrame/Dataset)

parallel computation

(machine (PageRank, ConnectedComponents, ...)

learning)

Distributed Data

Management
Apache Spark Spark Batch
Processing
A fast and general engine for ThorstenPapenbrock
large-scale data processing Slide 32
https://spark.apache.org (batch processing framework)




Spark

Hasso
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Modules Institut
Performance
Mlib: GraphX: Spark Streaming:
Logistic regression PageRank Fault Scenario
120 1110 e R o node crash
2 - I @ 2 N
E an - 5 1000; S _
= B Hadoop @ 2w
o 60 E @ o 1
£ ¥ Spark < s E
S 07 ., § 0
= 5 : E 0 15 30 45
Time (s) Distributed Data
N Management
20 iterations Spark Batch
3.7B edges Many performance benchmarks, Processing

but consider:
» Technologies still evolve rapidly!
» Experimental setups have a huge

i I
https://spark.apache.org influence on measurements!

ThorstenPapenbrock
Slide 33




SAPACHE: E

park’

Spark Streaming

Batched Stream Processing

= Reasons:

Hasso
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= Incremental processing: start processing data that is still being written to

= Latency reduction: pipeline data to maximizing resource utilization

File

[ Producer ﬂ/

\

i ﬁe;";%

Transformation pipeline

N

File

read Q map Q filter :}reduce ;} write w
J

D

Data arrives
incrementally
from arbitrary

many producers

File " File “ File
| |

Spark consumes
data as it arrives in
micro batches

=

Results are also
produced
incrementally

ThorstenPapenbrock
Slide 34
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Batched Stream Processing

= Reasons:
= Incremental processing: start processing data that is still being written to
= Latency reduction: pipeline data to maximizing resource utilization

e

N

- File File Transformation pipeline File
[ Producer ~ / Q read Q map Q filter E:} reduce E:} write ﬁ)
File J

/(\; ________ File || ) R

Input stream
might be
volatile, i.e.,
read-once only

Stream processing reads the data exactly once

S~ =" and still guarantees fault-tolerance through

check pointing and write ahead logs (WAL) ThorstenPapenbrock
Slide 35
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Spark Streaming Inetitut

Streaming input sources:

. . Files text, csv, json, parquet
Batch Processing Batched Streaming| o Apache Kafka message broker
val articles = spark val articles = spark Socket UTF8 text data from a socket
= SP Rate Generated data for testing
.read ——— .readStream )
text("/mnt/data/articles/*.csv") text("/mnt/data/articles/*.csv")
val words = articles.as[String].flatMap(_.split(" ")) val words = articles.as[String].flatMap(_.split(" "))
val urls = words.filter(_.startsWith("http")) val urls = words.filter(_.startsWith("http"))
val occurrences = urls.groupBy("value").count() val occurrences = urls.groupBy("value").count()
occurrences.show() ——= Vval query = occurrences.writeStream

— .outputMode("complete")

format("console™)
"complete” write the entire result for .start()

every result update
"append”  append new results;

old results should not change
"update” output only changed results

Streaming output sinks:

Files "parquet", "orc", "json", "csv", etc.
guery.awaitTermination Kafka  "kafka" pointing to a Kafka topic
Foreach .foreach(...)

Console "console"
Memory "memory" with .queryName("...")
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Broadcast Variables ﬂ e

Enclosing scope variables “names” will be serialized and copied to every executor
(if a node has multiple executors, it receives the data
multiple times, i.e., once per executor)

val names = List("Berget", "Bianka", "Cally") V

val filtered1 = employees.filter(e => names.contains(e._1)) d iad .
val filtered2 = employees.filter(e => Inames.contains(e._1)) - and copied again:
val filtered3 = employees.filter(e => names(1).equals(e._1)) ﬁ

... and copied again!

Broadcast variables “names” will be serialized and copied to every executor node
(if a node has multiple executors, it still receives the data only once)
/ |

val bcNames = spark.sparkContext.broadcast(List("Berget", "Bianka", "Cally"))

val filteredl = employees.filter(e => bcNames.value.contains(e._1))
val filtered2 = employees.filter(e => IbcNames.value.contains(e._1))
val filtered3 = employees.filter(e => bcNames.value(1).equals(e._1))

... data already present!

... data already present! ThorstenPapenbrock

bcNames.destroy() Slide 37
ae




SEEKS

Regular Expression Support

Replace by regex One of many regex functions!

_—

import org.apache.spark.sql.functions.{col, regexp_replace}
val regexString = "BERLIN|JFRANKFURT|MUNCHEN|HAMBURG|OSNABRUCK|POTSDAM"

dataFrame
.select(regexp_replace(col("ORIGIN"), regexString, "GERMANY").as("O_COUNTRY"))
.show(10)

Extract by regex

import org.apache.spark.sql.functions.{col, regexp_extract}
val regexString = "(BLACK|WHITE|RED|GREEN|BLUE|YELLOW)"

dataFrame
.select(regexp_extract (col(“DESCRIPTION"), regexString, 1).as(“COLOR"))
.show(10)

Hasso
Plattner
Institut

Distributed Data
Management

Spark Batch
Processing

ThorstenPapenbrock
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- &
Further Reading Institut

The Data Engineers Guide to Apache Spark
= PDF on lecture homepage

Vv

i

Spark Documentation I\
= https://spark.apache.org/docs/latest/

= https://spark.apache.org/docs/latest/rdd-programming-guide.html SPARK
Spark API Documentation

WILEY

= https://spark.apache.org/docs/latest/api/scala/index.html

» https://spark.apache.org/docs/latest/api/scala/index.html#org.apache.spark.sqgl.<X>.html

= <X> € {Dataset, DataFrameReader, DataFrameStatFunctions, DataFrameNaFunctions,
Encoder, SQLImplicits, SparkSession, Column, functions}
Spark — Big Data Cluster Computing in Production

ThorstenPapenbrock

» https://www.amazon.de/ Slide 39

Spark-Data-Cluster-Computing-Production/dp/1119254019/
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Homework
Inclusion Dependency Discovery

Definition: Given two relational instances r; and r; for the schemata R;, and R;,
respectively. The inclusion dependency Ri[X] < R;[Y] (short X € Y ) with X c R;,

N

We consider only unary INDs for
this task, i.e., |X| = |Y| =1

“All values in X are also contained in Y”

foreign-key candidates

L Y |

ThorstenPapenbrock
Slide 40
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Name | Type |y | M25 | Cadius | period | period | moons | Rings | Atmosphere
Mercury | Terrestrial 0.382 0.06 0.47 0.24 58.64 0 no minimal
Venus | Terrestrial 0.949| 0.82 0.72 0.62| -243.02 0 no CO,, N,
Earth | Terrestrial 1.000 1.00 1.00 1.00 1.00 1 no N,, O,, Ar
Mars | Terrestrial 0.532| 0.11 1.52 1.88 1.03 2 no CO,, Ny, Ar
Jupiter Giant 11.209 | 317.8 5.20 11.86 0.41 67 yes H,, He
Saturn Giant 9.449 95.2 9.54 29.46 0.43 62 yes H,, He
Uranus Giant 4.007 14.6 19.22 84.01 -0.72 27 yes H,, He
Neptune Giant 3.883| 17.2 30.06 164.8 0.67 14 yes H,, He

Complexity: O(n2-n)
for n attributes
Example:

10 attr ~ 90 checks
1,000 attr ~ 999,000 checks

m Name c Type ?

m Name
m Name
Name

Name
Name

Name
Name

m Name

c Equatorial_diameter ?

IN

Mass ?

c Orbital_radius ?

N

N

Orbital_period ?
Rotation_period ?

c Confirmed_moons ?

N

Rings ?

c Atmosphere ?

m Type € Name ?

m Mass € Name ?

m Type € Equatorial_diameter ? m Mass c Type ?

m Type € Mass ?

m Mass € Equatorial_diameter ?

m Type c Orbital_radius ? ...
Orbital_period ?
m Type € Rotation_period ?

m Type

N

m Type € Confirmed_moons ?

m Type € Rings ?

ThorstenPapenbrock
Slide 41

m Type € Atmosphere ?

http://webdatacommons.org/webtables/index.html
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Inclusion Dependency Discovery
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i i i i i . Rotation Revolution _—
[ Name | rvpe | Sumtoriel T wass | orbitl [ obital | Rtation | Confirmed | mings | atmosphere | [Planct| otmia” | Shonas e
Mercury | Terrestrial 0.382| 0.06 0.47 0.24 58.64 0 no minimal | |_Mercury 58.6 days 87.97 days Moon| U+263D; b)
Venus | Terrestrial 0.949| 0.82| 072 o0.62] -243.02 0 no CO,, N, Venus 243 days 224.7 days iloion U+2638 ¢
Earth | Terrestrial 1.000] 1.00] 1.00| 1.00 1.00 1| no| N, O, Ar i 0.99 days 365.26 days Mf,rcur U+§62F .
Mars | Terrestrial 0.532| 0.11 1.52 1.88 1.03 2 no CO,, N,, Ar Mars 1.03 days 1.88 years e Sror .
- - 22 Jupiter 0.41 days 11.86 years Eaiith U+1F728 o
Jupiter Giant 11.209| 317.8 5.20 11.86 0.41 67 yes H,, He SEm 0.45 days 29.46 years M-ars U+2642 d
Saturn Giant 9.449| 95.2| 9.54| 29.46 0.43 62| yes Ha, He | [TUranus 0.72 days 84.01 years i_UF;'ter 3%:23 2
Uranus Giant 4.007| 14.6| 19.22| 84.01 -0.72 27| vyes H,, He | [Neptune 0.67 days 164.79 years Ufar‘::" U:2645 ;21
Neptune Giant 3.883[ 17.2| 30.06| 164.8 0.67 14|  yes H,, He Pluto 6.39 days 248.59 years Ur@ Ut26E2 O
_ Synodic period Synodic period (mean) Days in retrograde _ Mean distance Relative mean distance ngt::iz — 3:22:? f
Mercury 116 3.8 ~21| | Mercury 57.91 1 Erid =~ Utr29ed 9
Venus 584 19.2 41 Venus 108.21 1.86859 Pluto U+2647 B
Mars 780 25.6 72 Earth 149.6 1.3825 Plutd _ not present -
Jupiter 399 13.1 121 Mars 227.92 1.52353 Arie U+2648 %
e — e I
Hianas 370 12.15 151 Saturn 1,433.53 1.84123 Cancell U+2648 o
Neptune 367 12.07 158 Uranus, 2,872.46 2.00377 Leo U+264d B
- Pluto 5,869.66 1.3058 Libral U+264E] Eal
Aries| 1st House Mars| Venus Sun Saturn Mercury ScorpiSI U+264H m]
Taurus| 2nd House Venus| Pluto Moon Uranus Jupiter| - Calculated | Observed | Perfect | Actual Sagittarius| U+2650 &
Gemini| 3rd House| Mercury Jupiter| N/A] N/A Saturn (in AU) (in AU) | octaves | distance Capricorn U+2651 %
Cancer| 4th House Moon Saturn Jupiter Mars Venus Mercury 0.4 0.387 0 0 Capricorn) U+2651 Ll
Leo| 5th House Sun Uranus Neptune Mercury Mars| VNS 0.7 0.723 1 11 Aqu_ariu U+2652 =
Virgo| 6th House| Mercury Neptune| Pluto, Mercury Venus Saturn Earth 1 L 2 2 : P@ U+2653 2
- L Mars 1.6 1.524 4 3.7 Conjunction| U+260d 4
Libra| 7th House Venus Mars Saturn Sun Moon Asteroid belt 58 >.767 8 78 N
Scorpio| 8th House Pluto Venus Uranus Moon Saturn Jupiter 52 5.203 16 15.7 Thorsten Pa pen brock
Sagittarius| 9th House Jupiter Mercury N/A| N/A Sun Saturn 10 9.539 32 29.9
Capricorn| 10th House Saturn Moon Mars| Jupiter| Mercury Uranus 19.6 19.191 64 61.4 Sllde 42
Aquarius| 11th House Uranus Sun Mercury Neptune Venus Neptune 38.8 30.061 96 -96.8
Pisces| 12th House| Neptune Mercury Venus| Pluto, Mercury Moon Pluto 77.2 39.529 128 127.7 http://webdatacommons.org/webtables/index.html
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Inclusion Dependency Discovery - Rules ﬂ atiter

Assignment
= Task

= Write a Spark program that discovers all unary INDs in a given dataset
(within and between all tables!).

= The input dataset may consist of multiple tables.
= The Spark program should run standalone in local mode.
= Dataset

= Use the TPCH dataset provided on our website:
https://hpi.de//nc/en/naumann/teaching/teaching/ws-1920/distributed-data-
management-vl-master.html

= TPCH is a generated dataset often used to benchmark query performance. % www.tpc.org/tpch

» Parameter
ThorstenPapenbrock

= “java -jar YourAlgorithmName.jar --path TPCH --cores 4 Siide 43

= Default path should be “./TPCH” and default cores 4.
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|
Homework

Inclusion Dependency Discovery - Rules

Assignment
= Expected output
= Write the discovered INDs lexicographically sorted to the console.

= Use the following style for your output:
<dependent> < <referencedl>, <referenced2>,

= So the correct output should look as follows:

C_CUSTKEY < P_PARTKEY
C_NATIONKEY < S _NATIONKEY, N NATIONKEY
L _COMMIT < L SHIP, L_RECEIPT

Plattner
Institut

L _LINENUMBER < C_NATIONKEY, S_NATIONKEY, O ORDERKEY, L SUPPKEY, N_NATIONKEY, S_SUPPKEY, P PARTKEY, P SIZE, C_CUSTKEY, L_PARTKEY

L_LINESTATUS < O _ORDERSTATUS

L_ORDERKEY < O ORDERKEY

L_PARTKEY < P_PARTKEY

L_SUPPKEY < P_PARTKEY, S_SUPPKEY, C_CUSTKEY

L_TAX < L_DISCOUNT

N_NATIONKEY < C_NATIONKEY, S _NATIONKEY

N_REGIONKEY < C_NATIONKEY, S_NATIONKEY, N_NATIONKEY, R_REGIONKEY
O_CUSTKEY < P_PARTKEY, C_CUSTKEY

O_SHIPPRIORITY < C_NATIONKEY, S_NATIONKEY, N_REGIONKEY, N_NATIONKEY, R_REGIONKEY
P_SIZE < L_SUPPKEY, S_SUPPKEY, P_PARTKEY, C_CUSTKEY, L_ PARTKEY
R_REGIONKEY < C_NATIONKEY, S NATIONKEY, N_REGIONKEY, N_NATIONKEY
S_NATIONKEY < C_NATIONKEY, N_NATIONKEY

S_SUPPKEY < L_SUPPKEY, P_PARTKEY, C_CUSTKEY

ThorstenPapenbrock
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Hasso
Inclusion Dependency Discovery - Rules ﬂ e

Assignment

R Team! Team! Team!
=  Submission deadline g

= 27.01.2020 09:00:00

Submission channel

= Your git repositories

Submission artifacts
= Source code

= A slide with your
transformation pipeline(s)

Teams

= Please solve the homework

in teams of two students.
ThorstenPapenbrock

Slide 45



Homework Hasso
Inclusion Dependency Discovery - Hint ttner
Institut
input tuples cells p::::gel::::teign pafgi:li‘:::i ‘:lling attribute sets attribute sets inclusion lists partition aggregate sp]itI:qnlgz
R “Thriller”, “Thriller”, {a,t 4, {p. tp} (p.{tp}) —» (. {tp})
(“Thriller”, 4, /’ w 7. ( r; er’, a.8) . {p}) L) ~ : (0 &) ——> (o) (tp.{p}) —>» tpcp
“Thriller”) T: (4. {pH) / (4. {p}) o) ) (n.0) ®, (o))
- ("Thriller”, {t}) : t > (9 (_,’ (tp, {p}) L (b {tp}) ]—>I pEtp
R (“Thriller”, {a}) M), {n}) » m l - \
(“Thriller”, 5, T > G d {a,tta} (a, {tta}) » (a {tta})) —» (a {tta}) act
| Beatie) [ PE R PR — . (¢ (ata)) (& (ata))
Worker 1 M »  (“Beatit”, {t}) ||| Tl (“Beat it”", {t}) {t} l IE (ta, (@) (ta {at)) l_/_). (ta, {at}) aCta
- ) ; p. tp
Worker2 (“Thriller”, {ta}) » (“Thriller”, {ta}) * (“Thriller”, {a,t}) _Y (b. Gh) (0. ) o) | taca
(“Thriller”, 4, <: oy /. @ (o) ] (tp, (b)) | (£ 0) ' |
"MJ") T S R i} —» o) —» (00 (n, @) tact
> ("M {n}) /s ("MJ", {n}) I
(“Thriller”, 5, é'% SN Figure 2: Dataflow for deriving INDs from the outer join product.
"EvH") (A N :
T » (EvHL{n} > (EVHL() > (B, > ()
) ) ‘ Data FlatMap Reduce
Figure 1: Dataflow for a distributed full outer join on all columns of a dataset. The attribute Mslflltli‘-.;;e q R:c]:)]:tds > unio?aﬁ:riilfutes
names and some values are abbreviated for the purpose of lucidity. |
v
FlatMap Reduce
Create » by first attribute g::] t:
Scaling Out the Discovery of Inclusion Dependencies inclusion lists intersect attributes

S. Kruse, T. Papenbrock, F. Naumann,
Proceedings of the conference on Database Systems for Business, Figure 3: Stratosphere plan for unary IND
Technology, and Web (BTW). pp. 445-454 (2015). detection.
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Inclusion Dependency Discovery - Hints ﬂ atiter

Further hints

If you choose to implement the pipeline proposed in the paper, useful functions might be ...

= collect set()
= size()
= explode ()
= To get the column labels, have a look at dataframe.columns.
= Using 4 cores, you should be able to find all INDs on the provided TPCH dataset within ~10 min.

= Start developing your pipeline only with the region and nation tables;
when everything works, add the other tables to the input.

= Take one step of your pipeline after another and check intermediate results with dataset.show () .

= We evaluate all submitted algorithms on a server with 32 cores.

ThorstenPapenbrock
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