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A kurzusrol

Big Data rendszerek, architekturak megismerése, alap szintd
hasznalata

— Hadoop, HDFS, MapReduce

— Spark, GraphX, Stream

Data Science modszerek megismerése, algoritmusok
hasznalata

— pandas, dataframe, numpy, jupyter

— dontési fak, osztalyozas, klaszterezés, dimenzio csokkentés
— vizualizacié, matplotlib



A kovetelményekrol

e El6adas:
— Vizsga a félév végén

* Gyakorlat:
— 1 beadando: Hadoop MapReduce
— (Hazifeladatok)

— 2 ZH a félév soran:
* Spark batch elemzés
e Adatelemzés, vizualizacio



Big Data

Big Data is like teenage sex:
everyone talks about it, nobody
really knows how to do it, everyone
thinks everyone else is doing it, so

everyone claims they are doing it.
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A vilag megvaltozott!
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Nem a méret a lényeg!

IT'S NOT-THE'SIZE'OF YOUR DATA THAT MATTERS

IT'S HOW YOU USE IT!




Mi az a Big Data?

BIG DATA DEFINITION ¢RECOMMIND

€ € Data that exceeds the processing
capacity of conventional database
systems. The data is too big, moves too
fast, or doesn't fit the structures of your
database architectures. 99

Forbes

Source. Edd Dumbill, Forbes




As of 2011, the global size of

By 2014, it's anticipated

40 ZETTABYTES It's estimated that data in healthcare was there will be

(43 TRILLION GIGABYTES | O KN 2.5 QUINTILLION BYTES estimatedito be 420 MILLION

of data will be created by @) [ 2.3 TRILLION GIGABYTES | The 150 EXABYTES WEARABLE, WIRELESS
ﬁ%ig,ﬂa:r;nzc(r)%a:e of 300 2020 O of data are created each day [ 161 BILLION GIGABYTES ] HEALTH MONITORS

4 BILLION+
HOURS OF VIDEO

&=

are watched on

o &. FOUR V,s
ABY

G BILLION - YouTube each month
‘ PEOPLE &
have cell
phones

30 BILLION
PIECES OF CONTENT

are shared on Facebook

every month
Qoo

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

Most companies in the
U.S. have at least
hat exactly i

100 TERABYTES assive amounts
[ 100,000 GIGABYTES |
of data stored

services

WORLD POPULATION: 7 BILLION
g 3 into four dime
Velocity, Variety and Veracity

The New York Stock Exchange Modern cars have close to Depending g on, big 1IN 3 BUS Poor data quality costs the US

captures 100 SENSORS i ‘i,; economy around

1718 OF TRADE that monitor items such as LEADER $3.1 TRILLION A YEAR
fuel level and tire pressure don't trust the information 3.1 IRILLIUN A YEAR

|NFURMAT|UN they use to make decisions

during each trading session
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in one survey were unsure of
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there will be how much of their data was
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Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS




Volume - 640K Big Data?

1981

640K ought to be enough for anybody.

(Bill Gates)

more Fun onlyon WWW.ApnaTalks.com

10



Volume

44 40 2.3

zettabytes zettabytes zettabytes
Projected volume of Volume of data Volume of data that
global IT traffic by created by 2020, up humans produce
2020 300% from 2015 every day
Source: IBM, Grazziti 7 /) FinancesOnline

REVIEWS FOR BUSINESS
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Velocity
THE INTERNET IN2 02 3 EVERY MINUTE

22,831
visits to
ChatGPT
271,309
105 & Android
app downloads

3.02M

photos created
with smartphonaes

r
6.94M ] ' I~ 694,000
i 1 video hours viewed

emoji sent

11,834 A SECONDS
o 347222

chats on
Microsoft Teams tweets

3.47M

snaps created

6.3M

tetal Zoom
meeting minutes
fal

Created by: eDiscovery Today & LTMG
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Variety (types of Big Data)
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Veracity

Tényleg ez az 0sszeflugges?

Math doctorates

2000 degrees

1600 degrees

1200 degrees

800 degrees

STOP GLOBAL WARMING: BECOME A PIRATE
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Big Data 5V

{) VOLUME

¥ VARIETY

insight
VELOCITY

£l VERACITY

< 66% effort

S VALE < impact
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innovation relies on

i > 3
o

Personalized Video-Video Project Cost
Video Ranking Similarity Ranker Predicting Algorithm

O o) &

Artwork Visual Continue Trending

Analysis Watching Ranker Now Ranker




The impact of Big Data on businesses and people

-
Virtual personal assistants

Siri knows what users mean when they ask her questions, she knows where
they are, what time they are talking about and can use this information to
look for restaurants of a particular type of food and check whether there
reservations are available.

Google Now makes recommendations before users ask for them, especially
when it is linked up to the user’s calendar and location sensing is enabled on

Google NOW the user’s phone. Google Now knows where the user is and where he/she
needs to be, it can tell users about things like traffic or the weather before
you even ask for it.

e L
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The V's Evolution of Big Data

' 9V’S (Owais,2016) 1 OV’S (Data Science Central) 1 7 V ’S (Panimalar,2017)

Volume Volume Volume
Variety Variety Variety
Velocity Velocity Velocity
Veracity Veracity Veracity
Value Value Value
Visualization Variability Variability
Variability Validity Validity
Validity Venue Venue
Volatility Vocabulary Vocabulary
Vagueness Vagueness
Volatility
Visualization
Viscosity
Virality
Verbosity
Voluntariness
Versality
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Where is all the data coming from?

There are three major
sources of Big Data:

* People-generated data
* Machine-generated data
* Business-generated data

Source; IBM, Said School of Business, 2012

— S a— . — o e

Big data sources

Multiple answers allowed

Transactions
Log data
Events

Emails

Social media
Sensors
External feeds
RFID scans and POS data
Free-form text
Geospatial
Audio
Images/videos
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loT — Internet of Things

Interaction Between the Three Components of the Internet of Things

Report States
Internal states/external status
.-'III----II.----III----II.-—.
: -
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Videos Images
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.
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ANALYTIC ENGINES [ ]
Feedback and n
Control
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Big Data Skillek

Data Engineers Data Scientists

Big data

Distributed systems | Programming  Statistics

langus S !
| languages Advanced analytics

|
. Systems
Advanced programming "'. op}érat'or‘s

Data pipelines
Machine learning

Artificial intelligence

-
.
.
N
N
N

Skills Overlap
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Data Engineers



Motivacio — Hagyomanyos rendszerek

 Hagyomanyos rendszerek
— Tipikusan egygépes rendszerek
— Relativ , kis” méretd statikus adatok
— Komplex feladatok elvégzése ezeken az adatokon mikodik

— Mi torténik ha nem fér el az adat? (Google példa)

e 10 milliard weblapot dolgoz fel naponta (atlagos méret 20 KB)
10 milliard*20 kB = 200TB

* Lemez olvasasi sebesség: 50MB/s => 4 millidard mp ~= 46+ nap

e Szamitasi kapacitas novelése
— Gyorsabb processzor
— Tobb memodria



Big Data Architekturak

* Big Data Architektura

— Folyamatos adatfolyamok (napi > 1TB)

— Tobb gép klaszterben

— Az adatok elosztva tarolédnak (pl.:

HDFS)

— Szadmitasok parhuzamositva (MapReduce)

e Kapacitas novelés

— Uj gépek kapcsolasa a klaszterhez

Common Data Center Topology

__Internet

Data Center

Core Layer-3 router

"" I{yer -2/3 switch

Access @—_[ @ Layer-2 switch

99 98 09

Ea
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Technologiak (nem teljes)

S,cmr‘I’(\Z ( }

AR P RARCHE

HSASE

https://hadoopecosystemtable.github.io/



https://hadoopecosystemtable.github.io/

Kik hasznaljak?
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Példa Big Data Architekturara

Hue Mahout Apache Drill
(Web Console) (Data Mining) (Scalable, interactive query
system)
APACHE
$HuUe \BRILL

Apache GIRAPH
(Graph Processing)
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Qozie
(Job work flow & schedullng)

Sqoop/Flume 130
(Data Integration)

Map Reduce Run Time
(Distributed Programming Framework)

rh‘): HBase
{Column No SQL DB)
HBASE

Hadoop Distributed File System (HDFS)

2393

https://hadoopecosystemtable.github.io/

=i ==

Zoo Keeper
(Cluster Co-

ordination)
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Big Data Architektura

LAMBDA ARCHITECTURE

)
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853 InterviewBit

https://www.interviewbit.com/blog/big-data-architecture/
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Big Data Architektura

KAPPA ARCHITECTURE

= INGESTION
TOOL
8 (APACHE
F KAFKA ETC)
= STREAM PROCESSING
FUNCTIONS
() oo
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Disztribuciok

* Apache
— Az elemek egyesével érhetbek el.
— Opensource

— Telepitd: Ambari

* Cloudera, Hortonworks
— Komplett telepitd rendszer
— Support (fizetds)
— Trainingek (fizetds)



Data Scientist



Ki az a Data Scientist?

32



Data Scientist a ,,legszexibb”
foglalkozas a 21. szazadban!

In Australia, demand for data scientists is booming

Australian data science job postings, per million job postings, 3-month moving average
1,500
—Data science job postings
—Annual average
1,200
900
o\ 2
\ | 600
300
0 Analytics and Data Science Job Growth
2014 2015 2016 2017 2018 2019
/e,
Source: Indeed indeed
o 0.08 -
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o
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=
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e
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e
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Anaytics and Data Science Job Starters [as a percentage of all
g &
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=}
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Linked (]
analytics
4]

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010
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Data Scientist

\’wa of Dota Scienﬁsl‘g

BEFORE]
2 ag 7

data Sci evtists!

ﬁObOd\{ cared fof O PQOP\Q | &_0-_\—1:’9’ MKS
“matn 0ReK" i poviies. RK.
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Adat vezérelt vilag!

§  POILOSOTHTE NATURALIS
¥

P

500 years ~50 years

1 — Empirical 2 - Generalization 3- S'mUIaJ_"OnS 4 - Data-driven
observations Theoretical models Computatmnal science
sciences eScience
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Gondolkozz Masképp!




DATA SCIENCE SKILLSET

Dangef zone!

Substantive
......... Expertise

Data Science

N

Traditional
Research

Machine
Learning

Math and Statistics
Knowledge
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A Data Scientist munkaja —
a munkatarsak szerint

X+ Yy + 22

\/Iz + 9% + 22

(2% + yy)z — (2% + y*)Z
V/IE Ty EEV/IE 1
—yYX + Ty

,\/Iz + 12

r

0

@



A Data Scientist munkaja —
az anyukaja szerint
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A Data Scientist munkaja —
valojaban

import pandas as pd

iImport numpy as np

SELECT * FROM Data WHERE...

@beckerfuffle #pyDataNYC




The Data Science is OSEMN

Obtain

* From other location

* Query from

* Filtering lines

» Extracting columns
or words
Rreplacing wlues
Handling missing

values

Converting formats

Explore

» Understanding data
* Deriving statistics

» Creating
visualizations

Model

* Clustering

» Classification

* Regression

* Dimensionality
reduction

Source: A Taxonomy of Data Science

iNterpret

» Drawing conclusion
from datz

» Evaluating meaning
of results

« Communicating
result

41



Big Data kihivasok

Storage of
data

Lack of
Standardization

Data Quality

Data
Transmission

Data
Integration

Big Data
Challenges

Data
Visualization

Scalability

Security &
Privacy of Data

Data Mining
Techniques

Data
processing
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“a] alo) torténelem

e 2004 — Google publikalja a MapReduce technikat
* 2006 — Apache projekt lett Yahoo! tamogatassal
* Tovabbi tamogatok:

amazon.com

. Go gle

-= JPMoRGAN CHASE & Co.

Linked m@.
lost.fm €he New Jork Times

VISA twitter yarioo!
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Kiknek j6 a hadoop?

“... to create building blocks for programmers who
just happen to have lots of data to store, lots of
data to analyze, or lots of machines to
coordinate, and who don’t have the time, the
skill, or the inclination to become distributed

systems experts to build the infrastructure to
handle it.”

Tom White
Hadoop: The Definitive Guide



Kik haszaljak?

45



Klaszter:

Terminologia

— QOsszetartozd szamitogépek

halmaza

Rack:

— Egy fizikai vagy virtualis
csoportba tartozé gépek,
amelyek jellemz6en azonos
aram és haldzati elérésen
keresztll érhetbek el.

Node:

Hadoop Cluster

Rack 1

- " Node 1

-y Nodc 1

-1y Node 2

- Node n

Rack n

_ll Node 1

- Node 2

\' Node n

— Szamito egységek, tipikusan a

szamitogépek
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Hadoop Sorts a Petabyte in 16.25 Hours and a Terabyte in

62 Seconds

By aanand — Mon, May 11, 2005 11:00 AM EDT

3 recommena I JICAETRIIE

We used Apache Hadoop to compete in Jim Gray's Sort benchmark. Jim's Gray's sort
benchmark consists of a set of many related benchmarks, each with their own rules. All
of the sort benchmarks measure the time to sort different numbers of 100 byte
records. The first 10 bytes of each record is the key and the rest is the value. The
minute sort must finish end to end in less than a minute. The Gray sort must sort more
than 100 terabytes and must run for at least an hour. The best times we observed were:

Bytes Nodes
200,000,000,000 1406
1,000,000,000,000 1460

100,000,000,000.000 3452
1.000,000,000 000,000 3658

ANMIVAILTIALETY DOUV 11UUED

Maps
8000
8000
190,000
80,000

Reduces

2600
2700

10,000
20.000

Replication

1

1
2
2

Time

29 seconds
62 seconds
173 minutes
975 minutes

47



Hadoop Architektura

e Két f6 komponens:

— Distributed File System
* Hadoop Distributed File System (HDFS)
* Google File System (GFS)

— MapReduce Engine / Resource Manager (Yarn)
» Adat feldolgozd keretrendszer
* Beépitett er6forras manager és Gitemez6



Hadoop Distributed File System (HDFS)

 Meglévod fajlrendszeren mikodik
— Nagyobb mennyiségl hiba kezelésére tervezték
* replikak miatt
* Nagy méretd fajlok tarolasara tervezték

— Folytonos adat olvasasara hatékony
* Véletlen elérés nincs

» A fajlokat blokkokra bontja és azokat tarolja



HDFS fajl blokkok

Nem ugyanaz mint az op. rendszer fajl blokkjai

— HDFS tobb operacids rendszeren tarolja a blokkokat
Blokk méret: 128MB (régebben: 64MB)

Fajl mérete nagyobb lehet mint barmely lemez kapacitasa a
klaszterben
— A fajlok tobb nodeon tarolédnak blokként

Ha kisebb a fajl mint a blokkméret

— Akkor csak a sziikséges részt tarolja

128MB 128MB | 128MB | 66MB




HDEFS replika

A blokkok tobb node-on vannak tarolva: replikalva

Ez biztositja hogy ne legyen adatvesztés hiba esetén
Default replikaszam: 3

Szabaly: 1 replikanak mindig masik rackben kell lennie

Diock #1 l
.
Nlack 43 —

Node 3

ﬁ!
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R

Replika készités folyamata

Blokk elkliildése egy node-nak

A node elkildi a blokkot egy masik rackben [év6 node-hoz
Ez a node elklldi az adatot nodenak a sajat rackjében
Minden node visszaigazolja, hogy letarolta az adatot

52



Klaszter allapotanak ellenbrzése

hdfs dfsadmin —report vagy Ambari felllet
Megmutatja a HDFS allapotat

— Hidnyz6 blokkok szdama
— Nem replikdlt blokkok szama

:\Users\Gogo>hdfs dfsadmin —report
a kényvtarnév vag% dtetcimke szintaxisa nem megfelelé.
Conf igured Capacity: 499739/79072 (465.47 GB)
Present Capacity: 63237525417 (58.89 GB)
DFS Remalnlng 63236362240 (58.89 GB)
DFS Used: 3177 (1.11 MB)
DFS Usedx: ©.00x

issing blocks (with replication factor 1):
ending deletion blocks:

(:.499739779672 (465.42 GB)

: 7

S Used: 436502253655 (406.52 GB)
DFS Remaining: 63236362240 (58.89 GB)
DFS Usedx: @.Q00x
DFS Remainingx: 12.65x
Conf igured Cache Cap301ty B (2 B)
ache Used: @ (@ B)

Remaining:
Cache Used:x:
Cache Remaining:
Kceivers: 1
Last contact: Thu SEﬁ 10 13:34:28 CEST 2020
Last Block Report: u Sep 1@ 13:33:27 CEST 2020




Download

Hadoop is released as source code tart
using GPG or SHA-512.

Version Release date
3.14 2020 Aug 3
3.3.0 2020 Jul 14
2100 2019 Oct 29
3.2.1 2019 Sep 22
292 2018 Nov 19

Verziok

Major Version )
Incremented whenever Patch Version

major changes are Incremented with bug
made like architectural fixes

change Minor Version
Incremented whenever
minor changes are
made which doesnot
breaks the API like
new feature
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Architektura (Hadoop 1.x)

JobTracker:
— MapReduce Jobok kezelése

— Klienssel valo
kommunikacio

— Feladat kiosztasa a
TaskTrackereknek

Task Tracker

— Adott task folyamat
elvégzése:
* Map
* Reduce
e Shuffle

| Client

Hadoop cluster
| Job Tracker

/ \

| Task Tracker | Task Tracker

N/ |

‘ Data Node
. Name Node
' Data Node

| Data Node




Architektura (Hadoop 1.x)

NameNode:
— HDFS Konyvtar struktura kezelés

— Fajlok meglétének ellenbrzése
* replikaszam
* hianyzd blokkok
— Memobériaban tartja az
informacidkat

— Lehet bel6le kett6.

DataNode

— Tarolja a fajl blokkokat a HDFS-
en.

| Client |

G

Hadoop cluster

| Job Tracker

/ N\

| Task Tracker | Task Tracker

‘ Data Node \ / | Data Node

| Name Node

| Data Node | Data Node




Architektura (Hadoop 1.x)

Probléma:

— Job Tracker sz(ik keresztmetszet

* Tobb kliens kiszolgalasakor tulterhelt

— Csak MapReduce Jobokat képes
kezelni

| Client

S

L

Hadoop cluster
‘ Job Tracker

/N

| Task Tracker | Task Tracker

x / |

‘ Data Node
! Name Node

| Data Node | Data Node
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Architektura (Hadoop 2.x)

e Resource Manager (YARN)

— Kapcsolat a kliensekkel )
— Jobok felligyelete

— A klaszter er6forrasainak
ismerete

— Containerek készitése
* Node Manager

— Adott node er6forrasainak
ismerete

* Application Master

— Tetsz6leges alkalmazas
feligyelete és kezelése

MapReduce Status
Job Submission ------
MNode Status
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Hadoop 3.x

hadaap Z)(3) BENEFITS

= OrCT

Support Supports Storage
Support GPUs Multiple multiple overhead lntrgi-::(nde
’ Standby NameNodes reduced from Balancin
NameNodes  for multiple  200% to 50%. 5
namespaces. -

L
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MapReduce

Nagy mennyiség(i adat feldolgozasa
Map
— Master node szétbontja a problémat kisebb feladatokra
— Kiosztja ezeket a feladatokat a worker node-oknak
Reduce
— Master node 6sszegydijti a részproblémak eredményét

— Osszegzi a részeredményeket

A Map és a Reduce folyamatok is képesek parhuzamosan futni



Alap adattipusok

e Kulcs-érték parok
e Listak

Input Output
map <k1, vi> list(<k2, v2>)
reduce <k2, list(v2)> list(<k3, v3>)
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MapReduce overview

-

ﬁ—*—°=5

—-—'E

: bHDFtoc

== =

Map Shutfie Reduce

Distributed
FileSystem HDFS,
data in blocks
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input

[unnur]

Egyszerl adatfolyam példa

)

(0,
(1'
(2,
(3,
(4,

A)
B)
B)
C)
D)

map

(A,
(B,
(B'
(C,
(D,

—

1)
1)
1)
1)
1)

shuffle

—_

<kl, vi>

N—/
list (<k2,v2>)

<k2, list(v2)>

reduce
~ ™ )
(A, [1] ) (A, 1)
(B, [1, 1]) (B, 2)
© 121 ) "% « 1
(D, [1] ) (D, 1)
\_ J . _—

list(<k3, v3>)

output

oow>
N
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MapReduce — Map fazis

Mapperek

kis program, elosztva a klaszterben, lokalis adaton fut

az input fajl csak egy kis részén dolgozik

minden mapper értelmezi, sz(iri vagy atalakitja a bemenetet

<kulcs,érték> parokat hoz létre

(g - g=

Logical Output

==

Logical Output

o

sort
-

=

ipagm
winend—*To OFS
I8¢ =

@8 =
7
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MapReduce — Shuffle fazis

Minden mapper kimenete lokalisan csoportositva van kulcs
alapjan

Minden egyes kulcshoz kivalasztunk egy node-t

Minden ilyen adatmozgatast a MapReduce végez

Y caicrouneny ]
sort
Logical Output
LLLLLLL 1 o=} e
- o :/ 9 Pt
_— . -
ca sort ﬁ—-—. .,.i.‘..’.,. o To OFS
el —H 2 =3
----- o
I 4
e I s sort
7 — =
NG = J
N
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MapReduce — Reduce fazis

e Reducerek

— kis programok, amelyek aggregaljak a hozzajuk
tartozo kulcshoz rendelt értékeket

— Minden reducer sajat fajlba irja a kimenetét

= [ - = mawr ww '

= 3-8 = Eﬂ i |
merge

s -r:n ' ' -
we— . \ —— :::-‘-.-xlx.r ~+To OF5
LT 25
8 ’\4 - / "
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MapReducer — Combiner (opcionalis)

Minden adatot lerendeziink és csoportositunk miel6tt eljut a
reducer node-hoz. Ahhoz hogy csdkkentik a haldzati
forgalmat, a map oldalon mar tudunk végezni egy elGzetes
redukalast.

Z Ut

67



MapReduce — Elosztott fajlrendszer

Vezérlési szabaly

— az adat a teljes klaszterben van tarolva

— a programot mozgassuk az adathoz, ne az adatot a programhoz

Topologia fliggo futtatas
1.
2.
3.

Blocks

Ott ahol az adat van

Abban a rackben ahol az adat van

Barmely rackben

@ _|@
8 ®
9|y ®

e
n2
n3
m n
n4 ]
2 :
Rack 1
| m
,/ s
m n 1
Rack 1 n2 n2
n3 n3
n4 nd4
ack 1 Rack 2
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Speculative Execute

Egyes node-ok lassuak lehetnek

Ugyanaz az adat megtalalhato tobb node-on is.
Futtassuk ugyanazt a feladatot ezeken a node-okon.

A leggyorsabb eredményét fogadjuk el a tobbit elvetjik.

TR Cluster

1 3 2

Blocks
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Word Count példa

* Ebben a példaban allatnevek vannak

— MapReduce automatikus darabolja a fajlt sortorések alapjan
— A fajl két részre lett bontva, és két node-on tarolodik

* Meg szeretnénk szamolni milyen gyakran fordulnak el6 a
nagymacska allatnevek
— SQL-ben igy nézne ki:

WHERE name IN ("Tiger", "Liema™, .)

" SELECT COUNT (NAME) FROM animcls
GROUP BY name;

Node 1 Node 2
Tiger Tiger
Lion Tmr
Lion Wolf
Panther Panther




Map task

» Két feladtunk lesz a Map folyamatnal:

— sz(lrje ki a nem nagy macskakat
— készitse el6 s szamolashoz az adatot:

* <Text(name), Integer(1)>

Node 1
Tiger <Tiger, 1>
Lon <Lion, 1>
Lon “Lon, 1>
Panthor <Panther. 1>
Wolr

Node 2
M v.fw 1"
Tiger <Tiger, 1>
Wos <Panther, 1>
Parther

The Map Tasks
are executed
locally on each
split
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Shuffle

Shuffle fazis mozgatja az értékeket egy adott kulcs alapjan a
megfelel6 node-okhoz

Elosztast a Partioner Class végzi (hash elosztas)
Reducer barmely node-on képes futni (itt nodel, node3)

— Kilonboz6 szamu Mapper és Reducer task is lehet

Node 1 Node 1
Tiges Tiger, 1> E‘K <Panther, <1,1>>
Lion <Lion, 1> ~| o
igar, <1.1,1>>
Lion <Lion, 1» _45 e ———
Panther <Panther, 1> \/
Node 2 / 1\ Node 3
Tiger <Tiger, 1» L~ Shuffle datnbutes keys e <Lion, <1,1>>
T usng a hash parttioner
T 1> Resulls are stored in
Wor <Panther, 1> HOFS blocks on the
Panther - machines that run the
Reduce pbs
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Reduce

 Areducer aggregalja a kulcshoz tartozo értékeket
— Az eredmény a HDFS-re lesz visszairva
— Alapbdl egy file / reducer

— Reducer aggregalja az értékeket egy adott kulcshoz (ebben az esetben
az allatnevekhez)

Reducer Tasks running on DataNodes Output files are stored in HDFS
Node 1
<Panther, <1,1>> %z]
<Tiger, <1,1,1>>
Node 3
<Lion, <1,1>> D
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Combiner (Optinal)

 Combiner
— opcionalis, de gyorsitani tudja a futast
— aggregaciot végez a map folyamat utan
— kevesebb adatot kildink at a halézaton a reducereknek
— Shuffle fazis el6tt fut

Map Task running on each of 2 DataNodes Reduce Tasks
Node 1 Node 1

Tiger <Tiger, 1> <Lion, 2>

Lion T <Lion, 1> = <Panther, 1> | . | <Panther, <1,1>>

Lion <Lon, 1> <Tiger. 1> / <Tiger, <1, 2>>

Panther <Panther. 1>

Wolt

\r:lode 3
e <Tiger, 1> Lol <Tiges 2> r/ «Lion, 2»
<Tger, 1> <Panther, 1>
<Panther, 1»




Writeables

boolean BooleanWriteable
byte ByteWriteable

int IntWriteable

float FloatWriteable
long LongWriteable
String Text

double DoubleWriteable
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Mapper

package hu.elte;
import java.io.IOException;

import org.apache.hadoop.ioc.IntWritable;
import org.apache.hadoop.ioc.LongWritable;
import org.apache.hadoop.ic.Text;

import org.apache.hadoop.mapreduce.Mapper ;

Fpublic class WCMapper extends Mapper<LongWritable, Text, Text, IntWritable> {
private final Text wordEey = new Text{""):
private final IntWritable wordNum = new IntWritable(l):;
@0override
public void map(LongWritable key, Text value, Context context)
= throws IOException, InterruptedException {
String[] fields = walue.toString() .split (" ")
= for (String s : fields) {

wordEey.set(s) ;
context.write (wordRey, wordNum) ;




Reducer

=] N W QO [ =

=] Fy N W L [ = O LD 00

b b N ==

L [ = O LD 00

rackage hu.elte;
import java.io.IOException;
import org.apache.hadoop.ioc.IntWritable;

import org.apache.hadoop.ioc.Text;
import org.apache.hadoop.mapreduce.Reducer;

Fpublic class WCReducer extends Reducer<Text, IntWritable, Text, IntWritable> ({
private final IntWritable wordNum = new IntWritable(l):
public void reduce (Text key, Iterable<IntWritable>» wvalues, Context context)
= throws IOException, InterruptedException {
int sum = 0;
= for (IntWritable wval : wvalues) {

sum += wval.get () ;
- }
wordNum. set (sum) ;
context.write( key, wordNum ) ;
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Driver

package hu.elte;

import org.apache.hadoop.conf.Configuration;

import org.apache.hadoop.fs.Path;

import org.apache.hadoop.io.IntWritable;

import org.apache.hadoop.io.Text;

import org.apache.hadoop.mapreduce.Job;

import org.apache.hadoop.mapreduce.lib.input.FileInputFormat;
import org.apache.hadoop.mapreduce.lib.output.FileQutputFormat;

public class WCDriver {
public static volid main(Stringl[] args) throws Exception {
Configuration conf = new Configuration() ;
Job job = Job.getInstance {conf, "WCTest"):

job.setJarByClass (hu.elte.WCDriver.class) ;
job.setMapperclass (hu.elte.WCMapper.class)

job.setReducerClass (hu.elte . WCReducer.class) ;

// TODO: specify output types

job.setOutputKeyClass (Text.class) ;
job.setoutputvalueClass (IntWritable.class)
System.out.printlnlargs[0]+" - "+args[l]1);

// TODO: specify input and output DIRECTORIES (not files)
FileInputFormat.setInputPaths(job, new Path({args[01)):

FileOutputFormat.setOutputPath (job, new Path(args[1])}):;

if (!job.waitForCompletion(true))
return;
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