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Houioog L\m\\ev\%g;

No iterative Support from \anpyage
Must do manually

— SCALA

SCAlable LAnawage

Object-oriented | tompiled info Jova loyretode Lrunt on JvMm)
hello. scaln owpiled, Scala. clasg

(an veference Jova Libraries

Bleds OO0 oand FP (functional programming)

Stronoly  Stotically typed

— Whoil wWYong with Java?

Veybose Cbo'\\er?\m-ﬂ
No¥ des'\g)v\ed to e very concurrent toefore Jova St

— What's ri&\r\\— with  Tova?

Popular

0o

&’mmb\g uped

Library of classes — larpe
© VM — platborm  independent



Jovo. vy Scala

Almost completely interoperable

javac Java ] Scala scalac

JVM

SCALA JAVA

class Test {
public static void main(String[] args) {
int x = 7;

var x: Int =7
var x = 7

val y = "hi"
final String y = "hi";
square(x: Int): Int ¥

class Example {

int square(int x) {
return XxXxx;

square(x: Int): Int
XkX

h

announce(text: String) = {
println(text) void announce(String text) {

System.out.printin(text);

b

© N0 vetum kebwmd
+ feotures similar o TS § python



Mg\;o‘( Differences
Minimal verbosi-}n

Referential Trawmtpaveviy
© dype inferencing in Scolo
+ tompiler checks tupe of gubexprastine, otomic volues

Concurrency
* Actor wodel
Akka — open-Source framework for Rctor-based tonturventy

funttional  Proprom vv\ina
. H(a\r\er ovder fuwthions ok con  veturn onother funchion
Nested Punchions

Mimimal Vebority

Oietters g Settevs  (note:ppt link does not wovk 3 objectmentor hat
been wmoved to hitp://cleancoder.com/’)

Jovo.

Person {
String firstName;
e String lastName;
int age;

public Person(String firstName, String lastName, int age) {
this.firstName = firstName;
this.lastName = lastName;
this.age = age;

lic void setFirstName(String firstName) { this.firstName = firstName; }
ylic String getFirstName() { return this.firstName; }

public void setLastName(String lastName) { this.lastName = lastName; }
public String getLastName() { return this.lastName; }

public void setAge(int age) { this.age = age; }
public int getAge() { return this.age; }




¢ Ceala  Cowtomaric)

class Person(var firstName: String, var lastName: String, var age: Int)

© Jova i statically yped
~ fupe errore Caupt by cowpiler

Ruby & Pipthon do wo¥ veguive declared types
- harder to de

- no¥ ‘upe Safe

Seala 18 Statically Wped butr it uses type 'mFerendna
- hape errers Coupht by Lompilel

= https://docs.scala-lang.org/tour/type-inference.html

val collegeName = "PES University"

def squareOf(x: Int) : x * x

© Jowa: everyy volue is o tppe, except primitive tppes Cint, bool)
for efficienty reasons

Scola: every volue i On object; Compiler turns o primitives for
efficiency

Jovo. hat operduvs § wethods  with diffecenty syntaves

* Tn lcalo, opevatore ore wethods aad cither syntax an be used



— 3. Cmuwwwa/

Lomunrevxub Vs pacalielism

- Concuvvengy creates illusim of parallelism; con trewte wutiple
Hareads en Hae same cove

- mnwrrev\% achieved W\voubh tonrext Switdhin

- Povollelissn veguives wultple tovec Yo vun wwaltiple computatime
s\mu\faneous\&

Fine-graned conwurrenty: Freoment interathions between Ywreads
Working together

- difficwtt Yo implement right

- reguires locke en shaved veSouvtes

Convse-qrained concurrency: infrequent interackions between largely
independent Sequential processes

- entier o qer right

- wmop-veduce

- not ot cycle level

Jowo 5% 6 — veasonable Suppsrk fov Fine- grained toncurrenty
+ Scala g occet to tme Jova AP
Scala also has Rerove fox coarte-grained  parallelism

- Smdiﬂ& metsopes “si“ﬁ send | mbsivachon

messane
Magp >  Qeduce




— 4. Funchionaf ?Mghammw
* Problem with conturrenty: acquire locks

Tk prop lowprape doec wor allow wodification of voriawles, loces not
veguived

Functional procbmw\m\na Iav\omaes use °“\25 immutoble doto C%: ML,
OClaw\, Ragwell | \isp)

Difficuy Yo learn

Seala & o impure functional lawguage — can proaram Fuvxt.-\ium\\\a
buy ot ferced upm yow

Features

fanctima) operationt creake new shuchuree and do wot wodify
existing struchures

~ Oxe objects

Qrjaments

~ wn be rehurned

T an operate own collections



© Quidesstt W Scala — Java Sry\e

def sort(xs: Array[Int]) {
def swap(i: Int, j: Int) {
val t = xs(1); xs(i) = xs(j); xs(j) = t
}
def sortl(l: Int, r: Int) {
/val pivot = xs((1 + ) / 2)

pivot var i = 1; var j=r
in the wtddle shitle (1 < J) g
while (xs(i) < pivot) i += 1
while (xs(j) > pivot) j -= 1
explitity if A<= H{
revote wap(i, J)
14=1
j—=1
}
determine }
when fo Swop if (1 < j) sortl(l, j)
if (j < r) sortl(i, r)
}
sortl(0, xs.length - 1)
}
twop
>
A\ J . - _
Sovy T Sovt



Quicksort in Scola = funciiomal programwaing

def sort(xs: Arrav[Int]): Array[Int] = {
if (xs.length <= 1) xs

else {
val pivot = xs(xs.length / 2)
ray.concat(
sort(xs filter (pivot >)),
pick o pivot xq filter (pivot ==),
sort(xs| filter (pivot <)))
}
sevy va\u‘:’s\ }
smaller f\wan
pivot sort ValueS  oncakenate resuly
8c¢aker Hnon
ﬁvo&
Z (4
> new vy 4
< 4
—_— ] (
<
< >
> >
7 7

8: Does this sort array in ascending order or descending order?

def sort(xs: Array[Int]): Array[Int] = {
if (xs.length <= 1) xs
else {
val pivot = xs(xs.length / 2)
ray.concat(
sort(xs filter (pivot >)), s
xs filter (pivot ==), l _— Mceno\ma

sort(xs filter (pivot <)))



8: Consider the program with array

xs = 3,1

’2’0’7’6,4’5

Write a program to sort in the reverse order (if ascending, sort
descending)
How can we parallelize this?

def sort (xs: Preray () Mm&l'.l'n\".l = {

if (xs.\eno’ch <z 1) %8

eve §
sovt(xs  filter (pivor <), an  povailelise
xs fitter Cpivet ==, fi\{-eﬂv\& Yasus
sok(xs  filver Cpivot 7))
%
i
Funchional

o gram M'w(r) g Funckions

/ ||S+ YCW\&"\S MV\MV\GQA

val list = List(1, 2, 3)

1ist,
list.

list.
1ist.

list.
list.

List:
list.

foreach(x => println(x)) // prints 1, 2, 3

foreach(println) // same

map(x => x + 2) // returns a new List(3, 4, 5)
map(_ + 2) // same

filter(x => x % 2 == 1)// returns a new List(1, 3)
filter(_ % 2 == 1) // same

reduce((x, y) => x +y) // => 6

reduce(_ + ) // same



funthional  Programming & %\‘3 Data

Tndependent pavaliel opemtimme
= wapl) P

Paralel operations to be wwsolidated
- agpregation ) of ¢P

SPARL

Most  cluster ?ro& models .« DG C Divecred kc,bdic. tnmyk\

ho\van\'abu of Hadoop

1 Taput HDFS — Owrput HDRS
2. User specified no.of wm/R

3. Handle failures

Issues of Hodoop LHhink: pape rank)

I Tierative

L Every Werotion requives write to dise

3. ofp of vedwcer —2 inpur of mopper Cin & out of disk)

Look: Haloop



Tn- Memc% lomputaion

" Word-counr propram in Seala

txt").getlLines
")).tolterable

>

printin(topl0.mkSEring

eath operation creates
dara  value Haok canbe
kept W mewovy y reused

TrevoXive ?rocessiwb n MeMrfa
Thinw: poge ron\L

Each iteration reads
data from memory
and writes it back to

Data is read from
persistent store




Ladl\‘ma

Run different
queries from cached
data interactive

one-|time
processing

Cache data in
memory

Problems

I Too larpe fs¢ RAM 5 how o dead with overflows
2 How Yo split nccots DRAM of ewtive cluster
3 How o handle follures Cpower failwres)

DISTRIBUTED DATASET

Flume: imperk logt info  HDES (evvor lopg, Ookivity  loog

ek)



Example Log '\"roces&ivx&

Lood from loa into memevy
* Seavth fur povtemnt

lines = spark.textFile(“hdfs://...")
errors = lines.filter(startswitheERROR())
messages = errors.map(split(“\t"),2)
cachedMsgs = messages.cache()

cachedMsgs.filter(containsfoo()) .count()
cachedmsgs.filter(containsbar()) .count()

Distribute e Compuhxh‘ mn

lines: viclwal D& with 2 parks  (dichribured)
© filker performed soporately ™ eadh partition  (parolleld)

Coche
lines = spark.textFile("hdfs://...") errovs
errors = lines.filter(startswithERROR()) = E /=
messages = errors.map(split(“\t"),2) iﬁ W . -
cachedMsgs = messages.cache() Driver lines j:a
cachedMsgs.filter(containsfoo()).count() Lache

cachedmsgs.filter(containsbar()).count()

— e § |
Y -
e slp Wl ey \u\cs"/‘ ervevs
OO s - e s R Q-
lines enrove MeSsaAec P
R\er Mmap ines ervrs
muﬂurl[::::] —r [:::] ""*[::::] Rirer
lines evvovs meSsopes
KWee mMmap
Wetker 3 — —[ ]

lines evvovs MeSsaﬁcc



Hav\o\\ivxﬁ Fautt Tolerance

Consider the following code:
Stepl Step2
messages = textFile(...).filter(startswitheERROR())

.map(split(*“\t")(2))
Step3

.

Step1: Read Step2: remove all Step3: split the
in the file to lines that don’t line

an in memory contain the term

RDD ERROR

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

filter(func) Retumn a new dataset formed by selecting those elements of the source on which func
retumns true.

© wWhat W n, craghes after  filtey

messages = textFile(...).filter(startswithERROR())
.map(split(“\t") (2))

-

(\O “\ '\o ‘\‘ “O ‘\‘




Resilient Distribuyed Dovacer (RDDD

* Pdd lineage informodion Yo the contept of o distribured dodaser
* Pbiliyy to vecreate in cose of failure
Ceep rrack of operationt performed on ROD amd 4o create RDD
Types of operatime support

Source Destination

RDD Opzmhows
. Trontformations
2. Achimne

Tronsfomarion

© Create new doataset from exis!-i% dotaset
Qa-. mapl) W swla

Tabls 3-2. Basic RDD transformations on an RDD contaming {1, 2, 3, 3}
Function name Purpose Example Result
map() Apply a function to each element m the RDD and rdd.map(x => x + {2,3, 4, 8}
return an RDD of the result 1)
flatMap() Apply a function to each element m the RDD and rdd. flatMap(x => 3. 2.3 3. 4
return an RDD of the conteats of the terators retumed x.to(3)) 3, 3}
Often used 1o extract words.
filrer() Retum an RDD consisting of only elements that pass rdd.filter(x => x {2, 3, 3}
the condinon passed to filter() = 1)
distinct() Remove duplcates rdd.distinct() {2, 2, 3)
sample(withReplacement, Sample an RDD. with or without replacement rdd.sample(false, Nondetermmustic

fraction, [seed]) 0.5)



RDD[String]

Hello world

Welcome to Spark

Hello again

.map(

RDD|Array(String]] RDD(String]

| .split(” *)) " Flatten?,

flatMap(line => line.split(“ *))

Hello

o3 B

welco

H
3

L

6: | = {4739 R, 25, 3¢}

| fiker (o = C2o%2) == 1)

]

filreved= §415%9,25)

8: n, {47,294 aa}

true
tyue
folse

n £3s,363

| fitker(x 21 (22 == 1)

n, 47,243

n, QISI



Flarmop
[“line one”, “line two" )
spiit each line
[ (Mline”, “one"d, (“line”, “two"})
tombine

\ TR .
(Mine”, “one” , “line", "+wo"]

Trowtformations  en % RDDe

WS8R 3-3. Two-RDD mansformations on RDDs contatming {1, 2, 3} and {3, 4, 3} onede ‘F‘
vepeat 3

Result / M‘smu

Function name Purpose Exampie

union() Produce an RDD contamning elemeats from both rdd.union(other)

RDDs
intersection() RDD contammng only elements found m both RDDs rdd.interzection(other) {3}
subtract( Remove the contents of one RDD (e.g.. remove rdd.subtract(other {1, 2)

traming data)

cartesian( Cartesian product with the other RDD rdd.cartesian(other) €135 335002, 4)5

(3,5)}



Ackions

. Op¢m+%1\s WMot relurv 00 valwe

-y

ot
master

ok master

reduce O

Table 3-4. Basic actions on an RDD containing {1, 2, 3, 3}

with the provided zero
value

Function name Purpose Example Result
collact() Retum all elements from  rdd.collect{) {1, 2, 3, 3}
—
the RDD
count({) Number of elemeants rdd. count() 4
the RDD
countByValue() Number of times each rdd. countByValue() {(1, 1), (2,
element occuss m the 1), (3, 2)}
RDD
take(num) Retum numelements from  rdd. take(2) {1, 2}
the RDD
top(num) Return the top num rdd. top(2) {3, 3}
elements the RDD
takeOrdered(num)(ordering)  Retum num elements rdd. takeOrdered(2) (myOrdering) {3, 3}
based on provided
ordermg
takeSample(withReplacement, Return numelements at rdd.takeSample(false, 1) Nondetermmstic
num, [seed]) random
reduce(func) Combume the elements of  rdd.reduce{(x, y) => x + ¥} 9
—
the RDD together in
parallel (e.g.. sum)
fold(zero)(func) Same as reduce() but rdd. fold(@)({x; y) => x + y) 9



RDD Opevations en Lew-Volue gpoire

‘ S?avv.: ?a‘\r RODs

Table 4-i. Transformations on one par RDD fexample: ((1. 2), (3, 4), (3, 611
z /3
—

Function name Purpose Exampie Resuit
reduceBykey({func) Combine values with the same key rdd, reduceByKey( (1,
o ) =rx vy) 20

neede yurﬁﬁm &
fanthon

groupByKey() Group values with the same key. ridd. groupByKey () (¢5

zombineBykey(createCombiner, Combine values with the same key using a dufferent result  See Examples 4-12

mergeValus, mergeCombiners,  TVPE through 4-14
partitionsr)
mapValues(func) Apply a function to each value of a pair RDD wathout rdd.mapValues(x =>  {(1,
changing the key *+1) 3).
(3.
5).
3,
7}
flatiapValues(func) Apply a function that returns an iterator to each value of a  rdd. flatMapvalues(x  {(1,
pair RDD, and for each element returned. produce a « (x to 5) 2),
key/value entry with the old key Often used for a,
tokenization. 3),
(1
1),
(1,
5)
(3,
4),
(,
5)}
keys() Return an RDD of just the keys rdd. keys() {,
3, 3}
values() Return an RDD of just the values rdd, values() {2,

4, 6}




wuny %‘6 Leyy:

distributed action
retarne hasamap  of (e, Tad)  pairs  with tount of

wdnu.%

Create a spark context: tell
Spark to create a new job
Read in text file
val sc = new SparkContext (new SparkCont () .setAppHane (“Sparx Count™l

val tokenized = sc,textfile(args(l)).

Split it Into words

atMap (_.apiit(® "))

val wordCourts « tokenized.map({_, 1)) .redygeBykey{ + )

Each of these
is an ROD

Reduce by key, Can also
use countbykey

Map each word to 1

Spmv. Avchitedture

. €5:|0% Nﬁﬂﬁ%B

jars)

val errors
an RDD

val sc = new SparkContext ("spark://...", "MyJob", home,

val file =

errors.cache ()

sc.textFile("hdfs://...") // This is an RDD

= file.filter(_.contains ("ERROR")) // This is

cache : in ovder ko veplicate i foik,
reduce processing fime, retain for further use

errors.count () // This is an action C?nvm\— 50"'\30‘6'— Lb\\ﬂ(‘.\')

distributed

Filtered Cached Count() - KDD
Rdd Rdd acion groph

How is this executed by Spark?




Requests cluster
manager for
workers to run

operations

swbmit

This is the
master for your
spark
application

Your program

sc = nen SoarkContext |

T o= s textFile(".")

Where to run the tasks

» Cluster Manager

YARN

The driver

packages the
transformations
and actions and
creates tasks on
workers

Input Data
HOFS

for lineage info/
foult tolerawnce
Spark client
(app master) Spark worker
| RoDgmen T e [
/ Scheduler ‘ e threads
!Block cker Block
3 ¥ manager
[Shufﬂetrg@ ———
N
HDFS, HBase, ...

Do we have all the
data to move
forward
wurkers = node



Spark  Worli Detatls
! _na At

¢ Moaster D€ Slave —
RDD Objects DAGScheduler TaskScheduler Worker
rod, tdd,
) Cluster ,
C i° ..t manager . | Threads
J DAG TaskSet Tas
¥ Qrovp ‘ > Block
[ ‘L’ - 4 - manager
Vol Rwer
rddl. join (rng; split graph into launch tasks via execute tasks
.groupBy(..
T filterty stages of tasks cluster manager
. submit each retry failed or store and serve
build operator DAG stage as ready straggling tasks blocks

zo.za, Eneoution

+ Spark driver: wo execwtion when emcountir @ ronsfrs moion

- Tronsfarmotions only woved  for lineage
Exewntes my when  ation  ewwountered

_.

Tines = spdrk.textFile hdfs

created

Transformation say map

Action say count. Triggers execution: all
transformations done block by block on
same server followed by count




Q: th \0\1«3 exe cukion?
Qubbing 4ravmckormoims  feduce  wex  +raffic

Bri info  mewmovy onee
Optimisations tan be performed

Spark \op Mining. Exawple

lines = spark.textFile(“hdfs://...”) — base LOD
?OTN\B\ errors = lines.filter(startswitheERROR())

messages = errors.map(split(“\t"),2) —> W&-V\%‘FS(MCA

cachedMsgs = messages.cache() Lo

cachedmsgs.filter(containsfoo()).count() — achpn
cachedMsgs.filter(containsbar()).count()

Worker




RDDs- Depils

Partitioned , locality aware , distributed collecin
RDDs are immutravle (no parkial state  with multiple  threads)

RDDs are DS ¥t either
- point o data Source CHDFS)
= oppy o rantformahon Yo parent DD: +o penerate new elemente

Computotions en  RDDs
- loaily evalwated lineage DAks composed of chained KODs

lines. filter. spliv (™). count By ey )

done

S\AV{, Slowe downe
noh{

noisf
C—1 \ines

l $ilker
——

! s?\il—

lcoum\—Bb lwa
I

can be faster ton be slower



Whpn  RDD Absirathion ?

Suppert operaions other than MR

Support W-memery  owputadion

rewitrary  composidion of suth  operators

Simplify scheduling  Corder of oeneration of RDDS)

Representing  RDDs

Splits — set- of parritions Gnathines)
- like Hadoop, eath RDD associated with input partitim

Py

P [

Ma

i fitker “ l fitker 2] dependency

i
F
>
.

Mme:

List of dependenciec en  parent RDODg

© funtkin  to Lompute partitins gven parents
Op¥ienal  preferced  locations

" Optional ?aﬂihmi.\b info (partitiner for swukfle)



RODs Tntecface

partitions() Return a list of Partition objects

preferredLocations(p) List nodes where partition p can
be accessed faster due to data
locality

dependencies() Return a list of dependencies

iterator(p, parentiters) Compute the elements of

partition p given iterators for its
parent partitions

partitioner() Return metadata specifying
whether the RDD is hash/range
partitioned

Hadoop RDD (wmap)

Parkitione — one per block

Dependenciet - none

Compute (.Farh'-HmD - vead covrespandi ‘olot
Preferred locatins — HDFS block location
farkitioner — wnowne

Filkered ROD

Partiions — Same os  yarent
Dependenties - 4-1 wikh  parent

Compure - compute parent Ond filter it
Preferred locations - 0st pavent (none)
fartitioner - none



Join RDD

ROD, RDD,.

A NS

joined RPD

Parkitions — one per redute +osk
Dependencies = many o one

Compute — rend ond join twatfled dato
Preferred locations — none

Porkitioner — Hath PartiHoner

wuce%\w\;\} ROD
- Tramgformation

Porkitine — one per ey

Dependencies = many fo wany  (on all parent nodes)
Compute - veduce daten ond send

Preferred locatins — Swoser of povent parditigns involved
Parkitioner - Wath

Ay Vy X, Y
X Vo,




S?au‘ w S dneo\u\mg_\,

— ?mae Rank ‘wn SVM\L

(source) cdest)
lines = textfile
links = lines.map(lambda urls: urls.split()).groupByKey().cache()

ranks links.map(lambda url neighbors: (url_neighbors[0], 1.0))

for iteration in range(MAXITER)):
contribs = links.join(ranks).flatMap(lambda url_neighbors_rank:
computeContribs(url_neighbors_rank))

ranks = contribs.reduceByKey(add).mapValues (lambda rank: rank *
0.85 + 0.15)

def computeContribs (url_neighbors_rank):

"""Calculates URL contributions to the rank of other URLs.

num neighbors = len (url_neighbors_rank) 2
rank = url neighbors rank [len (url_neighbors_rank) 1]

for i in range (1, num neighbors):
yield (url neighbors rank[i], rank / num neighbors)

o fene [neignoours

AN

o)
O (@) O



DAG ReYresen\'aﬁm

lines = textfile("urls.txt")
links = lines.map (lambda urls: urls.split()).groupByKey().cache()
ranks = links.map(lambda url neighbors: (url neighbors[0], 1.0))

for iteration in range(MAXITER)):
contribs = links.join(ranks).flatMap(lambda url neighbors_rank:
computeContribs (url neighbors rank))

ranks = contribs.reduceByKey(add).mapValues(lambda rank:
rank*0.85 + 0.15)

| InputFile |
I
| Links Ranks,
\lu, neighbors) ) | (url, rank) )
join
Contribs, |
reduceByKey
(CRanks, )
=
~ Contribs, |
reduceByKey

L\R:nks:

Note: (owls % \inks Spread  across ruMiple nodes. How does
spark gnsure join wovks  propeciy?



LnkS join Ranks

'+ Wide o\e.ymo\ev\%

Links | — = = = - & town

|
url t\e\@r\ b

Linke I | o
\ n madaines
: a-b
|

™,
"

onLe

c-d

ucl  Cand

o
C ' comn >
{

//
W\.5 ‘ : / \ n conn Reduwce

© Reguires  Pall Swwffle over network
tadn  wWovker o\epw\s A\ pavents

Mole wore  efficient?
- m?or’ﬁﬁcm

© IF Linkg § Ranus parfitioned with same Funvkion



* Narcow dependency

Linkg | — - - - -
\
Linee N
M, | t
wrl  neign | b " n macthwnes
l |e l o-L
|
™M, |
(
| —'d \' ¥
onve Kom\ts | o l c- d
m, | ‘
wel  Cand ' b 2|
I : s
(
M,y N Reduce
Vld |
Clo o] ] _ |
Mop
Wide § Narvow Par’:ihmi«g;
. Narrow
- wdh partition of pavent RDD wted by Ok mosk one partiiien
of child RDD
- No thwfle y \)'\?e\‘me o?cm-h‘ms
2. Wide
- wultiple thid partitions oy depend
- tanifle

Copar¥itign: both join inputc partitimed with Sawe funttion



Narrow Dependencies:

—

—/

map, filter

join with inputs
co-partitioned

"Links not |

shuffied

Ranks,

Wide Dependencies:

groupByKey

join with inputs not

co-partitioned

" Ranks also
not shuffied

Ranks,

S— | '
Join flathlap reduzesyKey

‘
— S— ’

join  flatMap rsducedyxey



Navrow Wide

Map Intersection

FlatMap Distinct

MapPartitions ReduceByKey

Filter GroupByKey

Sample Join

Union Cartesian
Repartition
Coalesce

fasiaing

© Wbgraphe  separated by wide ?aﬁiﬁm
© Within 8\‘00‘)«‘- local

--------------------------

0 e

| E—t - &Y b =

E . 5 Tk S— —
' L

§ . £ ‘\ T’_\M

;| 2 PR

et A e '

stewne boundarg:
Subogtaph wide dependenty



So 04§, can e scheduled in povallel

S, only after s, y S, tomplere
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from pyspark.sql import SQLContext
sqlContext = SQLContext(sc)

# DataFrames can be created from existing RDDs,
# HIVE tables or other data sources.

# Here, from JSON file

df = sglContext.jsonFile("pes/students.json")

# Display the contents
df.show()

## USN name marks
## 045 Vkoli 11
## 010 Stendul 43
## 195 Abachpan28

# Alternatively, from an existing RDD by naming
# the columns
Df = rdd.toDF("USN", "name")

Usinga  DodhaFrame
(@)

# Print the schema in a tree format
df.printSchema()

+ = ; + "o LU | nn
only the ame column

# Select everybody, but increment the age by 1

df.select("name", df.marks + 1).show()



9: Consider a case where you have data in a CSV file that consists
of <pan_number, date, tax_paid> and you wanted to find out the
total tax paid by each individual pan holder

) How will you do it in Spark?

w) How will you do it with Spark Data frames?

(o) raduce?,\o\teb( C'x,\o) = 'L-\—\ﬁ') luuo—- ?un—ﬂum\oe(

(o) select  sum(rox-paid) from of aroup by pan-nuwbey
Cpseudorod e)

df = rdd.toDF("pan number", "date", "tax paid")

df .select("pan_number", "tax paid").groupBy('"pan number").sum()

Olhur, ooty

Spark  olwous peeferted

DryadLINQ, FlumeJava
- Similar "distributed collection" API but cannot reuse
datasets efficiently across queries

Relational databases
- Lineage/provenance, logical logging, materialized views

GraphLab, Piccolo, BigTable, RAMCloud
- Fine-grained writes similar to distributed shared memory

Iterative MapReduce (e.g. Twister, HaLoop)
- Implicit data sharing for a fixed computation pattern

Caching systems (e.g. Nectar)
- Store data in files, no explicit control over what is
cached
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W pvg, Join min(rs, st rb)

woall Uock Time

Time taken for enhice job Yo finish

unwy: time ls /bin

veal: woall dodL time

USEr: Xime (PV Spewds exeuting wser Code

e Xiwe (PU Spends  exemting sustem (08D tode

Teade-0ff — fomllelisw

Dividina fosus: reduce wall dock Hme, increase comwmunication
Hime

" Reducer size 9 (not no. of ceducevs)
= no of unigne volwes with Same ey

No of map ©0fPs T

small, move reducers

— Moy veducers T/,
- yvedute WCT, increase CT

Replicatin roke v
= r=(noof wvpaws n mapper of¢)/(no of inpur retords to mapperd

-e(avac\’?rm M 4ocee 4o R “asus



Wl Uock, Exomple — SIMILARTY ToiN BETWEEN IMAKES
T
DB of 10° imasys, | MB eacn (1TB DR

S'\M'\\Mi-hs fantHen  s(xy) on ima\{)es X and B Such  aar
sCx W) = $Cy 0

©Owkput o Ay ST LW > &
— Naive P\\%mmm
€ath  imbae Pl was  inder i

Mopper
- veods u)pb)
- oenerntes oWl possive pairs CLi, 4%, (P, ) Ligd

* Reducer
- veads (4i,3), 10, %)
- omputes 8L, 1)

ommunicaion  cotr of naive a\oooriw\m?
= 0(n*) where w=no.of imanes Cro oenevate  Pars)

Pavallelism of waive olopritam
- potentially very Wigh oac veduter e very igh § eath
tan e processed in pacalel

© Repiicokion  voke of wave Olpgritw?
= ofP of magper| \/P to mapper
- olw)



— Allernate Solwkion  (Low  Comwwnicakion Cowk)

- Reducer rune on tame wode OS wapper

. \!e% \ow poealielism

/gwmmam&/ - L Uwicy

. One four ‘o eacth vedwcer
© High Omwmunitaion oty Coad)
\’“25\" parallelism UboodD

2. Do ever m 8\ on one wnode
* Low ?am\\ it Cbadd
Low communicatHon tosk (16000\3

2. Sovne\‘h'm& in  behween?

— (voup- Bosed  Rigprivam
Group imapes

Suppose the groups are GO,
Group GO is sent to nodes 0, 1, ..., 98
o 4, . d QG Why?
I I I I I I =.I Group GO has to be compared with 99 other groups

IMA”S I I Group G1is sent to?

_9'_1‘—
Group G1is sent to 0, 99, 100, ...196 (0+98 other nodes)
Group G2 is sent to?

Group G2 is sent to 1, 99, 197, 198, ... 293 (1, 99 +97 other nodes)
Group G3 is sent to 2, 100, 197, 294, ...389 (2, 100, 197, +96 other nodes)

R\ (3%



* No. of oroups =

No. of imangs per group = m=n/g

© Cadn Group Sent to A\ Servers

Toral no. of wessages = Ay

© Total dota= molyD:= nlyd Vg = CC

© faralelism = no. of wodesz (-1 + (1) * (g-D + ...= o)) = ol@)
3

* Or, wno. of nodes = “Ca_= %Cg—\)
&

: Suppose we have groups of 100
() How many groups are there?
tv) How many nodes is each group sent to?

What is the
(i) Communication cost of the algorithm?

GidParallelism of the algorithm?

b
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(v toaun froup sewr fo 10t nodes
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o CC = na-— 10 images x 10 groups = |0
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