
TRANSFORMATIONS AND ACTIONS
A Visual Guide of the APIhttp://training.databricks.com/visualapi.pdf



Databrickswould like to give a special thanks to Jeff Thomsponfor contributing 67 

visual diagrams depicting the Spark API under the MIT license to the Spark 

community.

Jeffõs original, creative work can be found hereand you can read more about 

Jeffõs project in his blog post.

After talking to Jeff, Databrickscommissioned Adam Breindelto further evolve 

Jeffõs work into the diagrams you see in this deck.

LinkedIn

Blog: data-frack

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


making big data simple

Databricks Cloud:

òA unified platform for building Big Data pipelines ðfrom ETL to 

Exploration and Dashboards, to Advanced Analytics and Data 

Products.ó

ÅFounded in late 2013

Åby the creators of Apache Spark

ÅOriginal team from UC Berkeley AMPLab

ÅRaised $47 Million in 2 rounds

Å~55 employees

ÅWeõre hiring! 

ÅLevel 2/3 support partnerships with

ÅHortonworks

ÅMapR

ÅDataStax

(http://databricks.workable.com)
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Randomized operation

Legend

Set Theory / Relational operation

Numeric calculation



Operations   =

TRANSFORMATIONS

ACTIONS

+



Åmap
Å f ilter
Å flatMap
ÅmapPartitions
ÅmapPartitionsWithIndex
ÅgroupBy
ÅsortBy
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Essential Core & Intermediate Spark Operations
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Åsample
Å randomSplit

Math / Statistical

= easy

Set Theory / Relational 

Åunion
Å i ntersection
Åsubtract
Ådistinct
Åcartesian
Åzip

Å takeOrdered

Data Structure / I/O

ÅsaveAsTextFile
ÅsaveAsSequenceFile
ÅsaveAsObjectFile
ÅsaveAsHadoopDataset
ÅsaveAsHadoopFile
ÅsaveAsNewAPIHadoopDataset
ÅsaveAsNewAPIHadoopFile

ÅkeyBy
ÅzipWithIndex
ÅzipWithUniqueID
ÅzipPartitions
Åcoalesce
Å repartition
Å repartitionAndSortWithinPartitions
Åpipe

Åcount
Å takeSample
Åmax
Åmin
Åsum
Åhistogram
Åmean
Åvariance
Åstdev
ÅsampleVariance
ÅcountApprox
ÅcountApproxDistinct

Å reduce
Åcollect
Åaggregate
Å fold
Å first
Å take
Å forEach
Å top
Å treeAggregate
Å treeReduce
Å forEachPartition
ÅcollectAsMap



= medium

Essential Core & Intermediate PairRDDOperations
T

R
A

N
S

F
O

R
M

A
T

IO
N

S
A

C
T

IO
N

S
General

ÅsampleByKey

Math / Statistical

= easy

Set Theory / Relational Data Structure

Åkeys
Åvalues

ÅpartitionBy

ÅcountByKey
ÅcountByValue
ÅcountByValueApprox
ÅcountApproxDistinctByKey
ÅcountApproxDistinctByKey
ÅcountByKeyApprox
ÅsampleByKeyExact

Åcogroup (= groupWith )
Å join
ÅsubtractByKey
Å fullOuterJoin
Å leftOuterJoin
Å rightOuterJoin

Å flatMapValues
ÅgroupByKey
Å reduceByKey
Å reduceByKeyLocally
Å foldByKey
ÅaggregateByKey
ÅsortByKey
ÅcombineByKey



vs

narrow wide

each partition of the parent RDD is used by 

at most one partition of the child RDD

multiple child RDD partitions may depend 

on a single parent RDD partition



òOne of the challenges in providing RDDs as an abstraction is choosing a 

representation for them that can track lineage across a wide range of 

transformations.ó

òThe most interesting question in designing this interface is how to represent 

dependencies between RDDs.ó

òWe found it both sufficient and useful to classify dependencies into two types: 

Å narrow dependencies, where each partition of the parent RDD is used by at 

most one partition of the child RDD

Å wide dependencies, where multiple child partitions may depend on it.ó



narrow wide

each partition of the parent RDD is used by 

at most one partition of the child RDD

multiple child RDD partitions may depend 

on a single parent RDD partition

map, filter union

join w/ inputs 

co-partitioned

groupByKey

join w/ inputs not 

co-partitioned



TRANSFORMATIONS
Core Operations



MAP

3 items in RDD

RDD: x



MAP

User function 

applied item by item

RDD: x RDD: y



MAP

RDD: x RDD: y



MAP

RDD: x RDD: y



MAP

RDD: x RDD: y

After map() has been appliedé

before after



MAP

RDD: x RDD: y

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



MAP

x = sc.parallelize (["b", "a", "c"]) 
y = x.map(lambda z: ( z, 1))
print( x.collect ())
print( y.collect ())

['b', 'a', 'c ']

[('b', 1), ('a', 1), ('c', 1)]

RDD: x RDD: y

x:

y:

map(f , preservesPartitioning=False )

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

val x = sc.parallelize (Array("b", "a", "c"))
val y = x.map(z => (z,1 ))
println ( x.collect (). mkString (", "))
println ( y.collect (). mkString (", "))



FILTER

3 items in RDD

RDD: x



FILTER

Apply user function:     

keep item if function  

returns true

RDD: x RDD: y

emits
True



FILTER

RDD: x RDD: y

emits
False



FILTER

RDD: x RDD: y

emits
True



FILTER

RDD: x RDD: y

After filter() has been appliedé

before after



FILTER

x = sc.parallelize ([1,2,3])
y = x.filter (lambda x: x%2 == 1) #keep odd values
print( x.collect ())
print( y.collect ())

[1, 2, 3]

[1, 3]

RDD: x RDD: y

x:

y:

filter( f )

Return a new RDD containing only the elements that satisfy a predicate

val x = sc.parallelize (Array(1,2,3))
val y = x.filter (n => n%2 == 1)
println ( x.collect (). mkString (", "))
println ( y.collect (). mkString (", "))



FLATMAP

3 items in RDD

RDD: x



FLATMAP

RDD: x RDD: y



FLATMAP

RDD: x RDD: y



FLATMAP

RDD: x RDD: y


