N\YIZANYIANYIANYVI ANV I ANV I AN

Z Qﬂ%ﬂ\ﬂ%ﬂ%ﬂ%ﬂ% 7
NYZANYZANYZANYZANYZANYZANTZ4N
ZA\YZANYZANVZANYZANYZANYZA\Y/
NYZANYZANYZANYZANYZANYZANTZAN

7N 2N\ 7N\ 7\ 7\ 70\ 2\
~
TRANSFORMATIONS ANBpAKTION



LinkedlIn

Blog:data-frack

Databrickavould like to give a special thanks to JEFomspofor contributing 67
visual diagrams depicting the Spark API under the MIT license to the Spark

community.
Jeff ds original , oOCaecamtiyouvaereadomor&kabaua n be found
Jeff 60s phiocopogct i1 n his

After talking to JeffDatabrickcommissione@ldamBreindelto further evolve
Jeffds work into the diagrams you see iIin this



http://nbviewer.ipython.org/github/jkthompson/pyspark-pictures/blob/master/pyspark-pictures.ipynb
http://data-frack.blogspot.com/2015/01/visual-mnemonics-for-pyspark-api.html
https://www.linkedin.com/profile/view?id=8052185
https://www.linkedin.com/profile/view?id=128303555
http://data-frack.blogspot.com/2015/01/visual-mnemonics-for-pyspark-api.html

€databricks

making big data simple

A Foundedn late 2013
A by the creators of Apach®park
A Original team from UBerkeleyAMPLab
A Raised $47 Million in 2 rounds
A ~55 employees
AWedr e huiidgabickpeggalie.con
A Level 2/3 support partnerships with
A Hortonworks
A MapR
A DataStax
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Databricks Cloud:

0 Anified platform for building Big Data pipelin@$rom ETL to
Exploration and Dashboards, to Advanced Analytics and Data
Products 6



RDD @ RDD Elements

Legend ey

original item

EN
partition(s) x

user input

v

user functions
emitted valuee—

T

Sporﬁ input
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Legend
Randomized operation
Set Theory / Relational operation

Numeric calculation
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Spor‘l’(? Operations
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ANSFORMATION

=== = easy

Do - medium

Essential Core & Intermediate Spark Operations

General Math / Statistical Set Theory / Relational  Data Structure / I/O
A map A sample A union A keyBy
A filter A randomSplit A i ntersection A zipwithindex
A flatMap A subtract A zipwithUniquelD
A mapPartitions A distinct A zipPartitions
A mapPartitionsWithIndex A cartesian A coalesce
A groupBy A zip A repartition
A sortBy A repartitionAndSortWithinPartitions
A pipe
A reduce A count A takeOrdered A saveAsTextFile
A collect A takeSample A saveAsSequenceFile
A aggregate A max A saveAsObjectFile
A fold A min A saveAsHadoopDataset
A first A sum A saveAsHadoopFile
A take A histogram A saveAsNewAPIHadoopDataset
A forEach A mean A saveAsNewAPIHadoopFile
A top A variance
A treeAggregate A stdev

A treeReduce
A forEachPartition
A collectAsMap

A sampleVariance
A countApprox
A countApproxDistinct
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ANSFORMATION

=== = easy

General

A flatMapValues

A groupByKey

A reduceByKey

A reduceByKeyLocally
A foldByKey

A aggregateByKey

A sortByKey

A combineByKey

Math / Statistical

A sampleByKey

o< = medium
Essential Core & IntermedidairRDIDperations

Set Theory / Relational

A cogroup (=groupWith )
A join

A subtractByKey

A fullOuterJoin

A leftOuterJoin

A rightOuterJoin

Data Structure

A partitionBy

A keys
A values

A countByKey

A countByValue

A countByValueApprox

A countApproxDistinctByKey
A countApproxDistinctByKey
A countByKeyApprox

A sampleByKeyExact
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VS

narrow

each partition of the parent RDD is used by
at most one partition of the child RDD

(I11)

wide

multiple child RDD partitions may depend
on a single parent RDD partition




LINEAGE

0 O rokthe challenges in providing RDDs aalastractioris choosing a
representation for them that ctrack lineageacross a wide range of
transformations 6

0 T Imest interesting question in designingritesfaceis how to represent
dependencies between RDDOs

0 Weéound it both sufficient and useful to classépendencies into two types:
~where each partitioof the parent RDD is used by at
most ongoartitionof the childRDD
awvheremultiplechild partitions may depend on it

P @y




narrow wide

each partition of the parent RDD is used by multiple child RDD partitions may depend
at most one partition of the child RDD on a single parent RDD patrtition
fﬁﬁ ) ——
s —=
map, filter — union

join w/ inputs not

join w/ inputs .
J P co-partitioned

co-partitioned
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MAP

RDDx

3 items in RDD




MAP

RDDx

User function
applied item by item

RDDy










@0\

Aftermap) has been appliede

MAP

RDDx RDDy

before after



MAP

RDDx RDDy

Return a new RDD by applying a function to each element of this RDD.



RDDx RDDy

MAP

map(f, preservesPartitioning=False )

Return a new RDD by applying a function to each element 8fQbis

X = sc.parallelize (["b", "a", "c")

y = x.map(lambda z: ( z, 1))
p print( x.collect () E‘E’:‘
print( v.collect ())

X: [b,'a,'c 1

y: (b, 1), (&', 1), (¢, 1)]
val x = sc.parallelize  (Array("b", "a", "c"))

val v = x.map(z=>(z,1 ))
’ printin  (x.collect (). mkString (", "))

printin  (y.collect (). mkString (", "))




FILTER

RDDx

3 items in RDD




FILTER

RDDx

True <«

Apply user function:
keep item if function
returns true

RDDy




FILTER

RDDx

RDDy




FILTER

RDDx




FILTER

RDDx

After filter()

before

has

been appliedé

RDDy

' -

after

)




RDDx RDDy

FILTE

filter( )

Return a new RDfontaining only the elements that satisfy a predicate

X = sc.parallelize ([1,2,3])

a y = x.filter  (lambda x: x%2 == 1) #keep odd values
print( x.collect ()) E‘E’:‘
print( y.collect ()
X: 1, 2, 3]
yio[1, 3]
val x = sc.parallelize (Array(1,2,3))

x.filter (n =>n%2==1)

val vy
printin  (x.collect (). mkString (", ")
printin  (y.collect (). mkString (", "))




FLATMAP

RDDx

3 items in RDD




FLATMAP

RDDx

RDDy




FLATMAP

RDDx




FLATMAP

RDDx RDDy




