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import java.io.ICException;
import java.util.StringTokenizer;

import org.apache.hadoop.conf.Configuration;

import org.apache.hadcop.fs.Path;

import org.apache.hadoop.ic.IntWritable;

import org.apache.hadocp.ic.Text;

import org.apache.hadoop.mapreduce.Job;

import org.apache.hadcop.mapreduce.Mapper;

import org.apache.hadocop.mapreduce.Reducer;

import org.apache.hadcop.mapreduce.lib.input.FileInputFormat;
import org.apache.hadoop.mapreduce.lib.cutput.FileCutputFormat;

public class WordCount {

public static class TckenizerMapper
extends Mapper<Object, Text, Text, IntwWritable>{

private final static IntWritable one = new IntWritable(l);
private Text word = new Text();

public veoid map(Object key, Text value, Context context
) throws IOCException, InterruptedException {
StringTokenizer itr = new StringTokenizer(value.toString()):
while (itr.hasMoreTokens()) {
word.set(itr.nextToken());
context.write(word, one);
}
}
}

public static class IntSumReducer
extends Reducer<Text,IntWritable,Text,IntwWritable> {
private IntWritable result = new IntWritable();

public veid reduce(Text key, Iterable<IntWritable> values,
Context context
) throws ICException, InterruptedException {
int sum = 0;
for (Intwritable val : values) {
sum += val.get();
}
result.set(sum);
context.write(key, result);
}
}

public static void main(String[] args) throws Exception {
Configuration conf = new Configuration();
Job job = Job.getInstance(conf, "word count”);
job.setJarByClass(WordCount.class);
job.setMapperClass(TokenizerMapper.class);
job.setCombinerClass(IntSumReducer.class);
job.setReducerClass(IntSumReducer.class);
job.setCutputKeyClass(Text.class);
job.setCutputvalueClass(IntwWritable.class);
FileInputFormat.addInputPath(job, new Path(args[0]));
FileCutputFormat.setCutputPath(job, new Path(args[l1]));:
System.exit(job.waitForCompletion(true) ? 0 : 1);
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Schema On WRITE (RDBMYS)

- Create schema
- CREATE TABLE customer(id string, name string, ...);
- Add data
- BULK INSERT custormer FROM "c:WdataWcustomer” WITH filedterminator="","";

- Query
- SELECT id, name FROM custormer;




Schema On WRITE (RDBMYS)

Create schema

- CREATE TABLE customer(id string, name string, ...);
Add data

- BULK INSERT custormer FROM "c:WdataWcustomer” WITH filedterminator="","";
Query

- SELECT id, name FROM custormer;
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Schema On READ (Hive)

- Create schema

- CREATE (EXTERNAL) TABLE customer(id string, name string, ...)

- LOAD THE DATA
- hdfs dfs -copyfromlocal /data/ /user/hadoop/customer

- Query

- SELECT id, name FROM custormer




Schema On READ (Hive)

Create schema

- CREATE (EXTERNAL) TABLE customer(id string, name string, ...)

LOAD THE DATA
- hdfs dfs -copyfromlocal /data//user/hadoop/customer

Query
- SELECT id, name FROM custormer
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Lambda Architecture

PRECOMPUTE HADOOP
A(L "I'.D?:/;-I;A SA?CH VIEWS BATCH LAYER
RECOMPUTE  IRULAA U D)
ok s Gafes SERVING LAYER

aggregate | aggregate | aggregate
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Spark 2F?

L83 Data Processing= /2t HE= 10 General ot 2T
Hadoop MapReduce2t H[==3t 7HE 2| M 22 Computing
Framework
Wiitten in Scala, Java, Python (Mostly in Scala)
Apache License 2.0
Developers: U.C Berkeley, AMPLab, ASF
In-memory Cluster Computing 7|s2 XS
ApacheO| A 712 2ol 371 T2ME Z SfLf
Spark 1.6.2 Version Released recently
K

Spa

Lightning-fast cluster computing
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Low latency (interactive) queries on historical data
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« Sophisticated data processing
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Unified Platform

~ ™)
BlinkDB
\ J
4 Y4 Y4 N )
Spark SQL Spark MLLib GraphX SparkR
Streaming
\_ J\. VAN v, V.
Spark Core

Cluster Manager
(StnadAlone, Yarn, Mesos...)

Data Source
(HDFS, S3, Cassandra...)




Fast

Hadoop Spark Spark
World Record |100TB * 1PB
Data Size 1025TB 100 TB 1000 TB
Elapsed Time |72 mins 23 mins 234 mins
# Nodes 2100 206 190
# Cores 50400 6592 6080
# Reducers 10,000 29,000 250,000
Rate 1.42 TB/min 4.27 TB/min 4.27 TB/min
Rate/node 0.67 GB/min 20.7 GB/min 22.5 GB/min
Sort
Benchmark Yes Yes No
Daytona Rules
) dedicated data |EC2 EC2
Environment . .
center (i2.8xlarge) (i2.8xlarge)




Fast

4000

© 110 s/ iteration
‘g 3000 /
E" 2000 - B Hadoop
g B Spark
2 1000 ,\

0 - firstiteration 80's

1 5 10 20 30 later iterations 1S

Number of Iterations




while ( | val file = spark.textFile("hdfs://...")

' val counts = file.flatMap(line => line.split(™ "))
.map (word => (word, 1))
.reduceByKey ( + )

cublic static voia {  counts.saveAsTextFile ("hdfs://...")

Word count in Spark(Scala)




. AZBIO K| QS 2 OfLat V[ ENo R AZtatel

- —1—

[ |
o Atbb= 713 HEXOl 910 & SILIo| 1 HE|FAQt &
O| 2 QEAASO| AHHIE 7|HICZ2 T2 3 0=
1A,




K& A0
MLELOHH 37tX| A E CHEZE X|R&SHX[BH 2 E 7|5
= 37FX| AO{Of| CHell & LSHA K| SHK| = &% 3.

H M OCH CF2 X| 2t Spark SQLIS| ¢, AE2|Y,
MLIib2| Z+E Matrixe= 2ZeE M X[&

ESH Al 3o A%*Efszr IHO| A OF X| IBSIC}.

728 0|H AZetE HESID KHHELE IiO|M = AFE S
8%, AtEstd &= 7|%
OFOF

M&ot=A| O]2| =2l Of of

rulo




{0 O| Ef Off A| A 8 0t B 8k

—

 SparkQ| Ot TEF

* Oha

_

_ SHE 2.0 23 S

— HDFS % 3l |2 A|AE(Hbase, Casandra, Hive S)1to| =&t

— Amazon EC2
- R
— RDBMS

— Tableau




4500
4000
3500
3000
2500

2000 T

1500
1000
500

800000

Spark

700000

600000

500000

400000
300000

200000

MapReduce

100000

0

Commits

X
©
Q
V)
8
-
3
)
x
Q‘Hm
e
| =
Lines of Code Changed

b

SK



How Fast?

 RDDs (Resilient Distributed Datasets)
- 222 8N 0AM SFl= HolH YE= CHE & M 220 S2f
7} 9le

AN OO

- "HE2 No|E = Y& Immutable (read-only) , partitioned =l elements
of &gt

-+ HOHE 383 & AT HOIH REAl 771 N |

(o) B ™ E

- O M=z |
|

2 H2ZE 2510 MER &f 2. —
[ ] Update -T- | E I : Machine E
« Cache |

Parallel
Transform | !




Fault Tolerance?

« RDDs (Resilient Distributed Datasets)
— Fault Tolerance - LineageE 0[|&%t H|O|H =+

— Need not exist in physical storage — RDDs= 0220 &
AP AAXMESH7| M0 OOl XE2|A| ClA3F AFESHA]
= AL Ho|H S7A| 02 P8 ARl MEste =
£ H (ex> HDFS) H|O|EH{E =&5t7[ A|&fgt.

— Laziness : E= A ¥ 2 02 A gs 288+ OpX[S)
Operation & F=A| ALt

messages = textFile(...) filter(_startswith("ERROR"))
.map(_split(‘#t)(2)

HDFS File

A 4

Filtered RDD )I Mapped RDD
filter

map




Spark H|O|EH = &

val textFile = spark.textFile("hdfs:/...")
val counts = textFile.flatMap(line => line.split(" "))
.map(word => (word, 1))

.reduceByKey(_+ _)
counts.take(10)
RDD
[String] Strmg Int)]
_ hello world hello
L hello spark world

hello
spark

A AlLH2 0| 0{X|X| A A Lto]
=0t AIEFEICH
(transformation) (action)

(hello, 1) (hello, 2)
(world, 1) (world, 1)
(hello, 1) (spark, 1)
(spark, 1)




Spark SQL Introduction

A2 Shark (SQL on Spark) = 7HY SEFSHL SparkSQLE ZZ2HE T}
SIE[RA=

Spark =210t SQL HEIE 280t Seamless SHA| A 7+

Hive H|O|Z, Parquet L2, JSON Lt} 22 02 220X Data Access 7t
7|Z2] Hive frontend 2t MetastoreE A{AMHE SF0] 7| E2| Hive HI|O|E, 2],
UDFs & JLHZ AME 7ts

M|

JDBC 22 ODBCE &9l MHRZEE 2510 7|E Bl Tooldt2| HEE 7ts
DataFrame API(14), DataSet API(1.6)

SerDes BI Tools N

Store
Spark SQL JDBC / ODBC
Apache Spark Spark SQL

Spark SQL can use existing Hive metastores, o _
SerDes. and UDFs Use your existing Bl tools to query big data




[terative operations on MapReduce

teration - 1 thration =2
HDFS || a1\ HOFS HDFS | R L HDFS
_ read rite__'__“__read o JN\write
gl /| _\gim/ |\ =
| \

Data on M2 Tuples | R Tuples | ...

Disk | )| (on Disk) | (on Disk)
Input from

M3 [ R3
stable ||

storage




Interactive operations on MapReduce

_——_ fead )
p g "
4[ Query2 Result2
N——y Y
Input from Query3

stable storage ;




[terative operations on Spark RDD

teration - 1 it Reration -
HOFS | Rt MRL \ wiite eee e MR | HORS
_rend | AN
| bﬁfﬁ | | MR2 MR? Ll ».(::7)'&,_
'"é:ﬁ':'"" MR3 MRS MR3 iy

storage ' : % ‘ | storage




[terative operations on Spark RDD

~~, HDFS
read

Disk | One Time I
_______/ Processing
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Kafka
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Kinesis

Twitter

input data
stream

Spark Streaming
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Streaming
batches of
Spark input data Spark
Streaming Engine

HDFS

~ Databases

i Dashboards

batches of
processed data
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Spark Streaming Overview

Scalable, High-throughput, Fault-tolerant stream processing= 7+sSH| &t

Kafka, Flume, Twitter, TCP sockets & 02 7tX| 2AE ALES 4= QUS.

L= O

Map, Reduce, Join, Window £ High Level 7| s== AFESIH Processing

Sk A Ol©S
ot = Q3.

ProcessE! Data= File system, Database S0 A& = /U2,

Kafka ) :
- J\Z | HDFS |
HDFS spQr K ) ) Ii Databases ;|
ZeroMQ Streamin 9 | Dashboards |

Twitter




How does 1t work?

MAZIC 2 S0{ & data stream batch THE LR O] X[ LEFO{Z
batch TFH?|2| data= Spark 2TI0| 25X processing El F{0f| Z[F final
streamO| -G &,

Spark streaming= Discretized stream =2 DstreamO|2}1 St= High-level
abstractions M| STt
DStream= O 2] input &AM EE dEE = US.
DStream2 15X QI RDDEFLD &2 = R

DStream Ll RDD= Y&t QIE{E A|ZF L EXHSH= Data’t =0{US.

1
<

input data batches of batches of
stream Spark input data Spark processed data
Streaming Engine L JL_]l

ROD@time1 RDD@time2 RDD@tme3 RDD @ time 4

from data from data from data from
DStream = . 93t - = - s
timeOto1l time 1to 2 time2to3 time3tod >




Spark Streaming Of| A

« Line= split2 S5l wordsZ Hi.
« val words = lines.flatMap(_.split(“ “))

«  WordcountE DStream 2| APl Q] mapX} reduceE SoHA]

AS
T O.

« val paris = words.map(word => (word, 1))

« val wrodCounts = pairs.reduceByKey(_ + )

lines lines from lines from lines from lines from
DStream timeOto 1 time 1to 2 time2to 3 time3to 4
flatMap
operation
words words from words from words from words from
DStream timeOto1 time 1to 2 time2to 3 time3to4d




Window Operations

« Windowed computation 7|52 A|SSH=0| 0|42 sliding window LH2]
HIO|E{E transform S}7| I8HA] &,
* Window-based operations =o}7| ?[o{A= 2702| TrZt0|EH7F € Q.
« Window length — window AtO|=

« Slide interval — window-based operation0| &&= QIEH

time 1 time 2 time 3 time 4 time 5
original
DStream
window-based
operation

windowed
DStream

window window window

at time 1 attime 3 attime 5




Fault-tolerance and Zero Data Loss

Application Executor
Driver
Computation Block Input
checkpointed : metadata t
) 1 Streaming . STeam
_ 1 ol Receiver ]
Block J L
1ol metadata O— DD)}

- S L, written O Block dat

= {0 log 3lock data

© = written to both c
39 —~ Spark memory + log o
+— O n
= 2\ Context >
> O )
W L




Improvements to Kafka integration

Spaik’

- Streaming

{ L) river k

Launch jobs
using offset
ranges

New Direct Kafka integration
w/o Receivers and WALs

Query latest offsets
and decide offset

ranges for batch

Read data using

offset ranges in
jobs using Simple AP} % kafka




Visualizations
for Understanding Spark Streaming Applications

Timelines (Last 1000 batches, 0 active, 1000 completed) Histograms

events/sec 9 200 4(?0 6(IJO 800 1.900

300.00 #batches
~ Input Rate 200.00
Avg: 48.61 events/sec 100.00
0.00

17:12:15 17:28:54

Status Location Last Error Time Last Error Message

ACTIVE localhost - -

events/sec 0 290 4(?0 6([)0 800 1.900
300.00 #batches
SocketReceiver-0

Avg: 10.55 events/sec 200.00
100.00 "l“ i |

0.00
17:12:15 17:28:54

ACTIVE localhost - -
events/sec 9 290 4?0 6(30 8(-)0 1,900
300.00 #batches

SocketReceiver-1
200.00 -

Avg: 38.06 events/sec
0.00 -

17:12:15 17:28:54



Combine batch

Join data streams with static data sets

- " ) 2 s £ ) ) J
Cregte gata set fromHagoop 1l

val d ataset =sparkContext.hadoopFile(*file")

Spark

,"17'."'1",'71 ':'II?','H‘Z‘ f" ""' ":l.‘t'fi".'.' W ’.L.':‘A":‘t' fi’:‘;l‘:‘;":f'l. Spark SQL rV"_lIb
kafkaStream.transform | batchRDD =
batchRDD join(dataset)

filter( ... )

Streaming

@databricks




Combine machine learning

Learn models offline, apply them online

/ ~r rrdal Al ino
fLearn model offiine

val model = KMeans.train(dataset, ...}

Spark

Streaming MLIib GraphX

TP A PNy e I e R s N
AppIY model eniine on stream
-

kafkaStream.map [ event=> Spark Core
model.predictievent feature)

@databricks




Combine SQL

Interactively query streaming data with SQL

/ Register each batch in stream as table
kafkaStream.map [ batchRDD=>
batchRDD.registerTempTable("latestEvents") [EIEIEESE

Spark

- , MLIib Graphx
streaming

Spark Core

FH G, ~he miinnys #ohla
Y Interactively guery table

sqlContext.sql("select * from latestEvents”)

@databricks







Tungsten execution engine

« Spark &S bottleneck&?
— I/OL} network bandwidth?
— &M= CPU 2t memory0ll A = bottleneck & 24!
« otERIH2 CPU, Memory SO0IMSE ZIHer &=
= e M=z=2 OI8Ot 2R

* Project Tungsten
— Memory Management and Binary Processing
— Cache-aware computation

— Code generation: using code generation to exploit
modern compilers and CPUs

— DataFrame(1.4), Dataset(1.6)




DatakFrame

. 7|&FQl MO HO|X|TH M2 23t M)

Spark Python DF |

Spark Scala DF |

ROD Python e
RDD Scala [

0 2 . 6 8 10

Performance of aggregating 10 million int pairs (secs)




Spark 2.0

Performance optimizations
Custom encoders
Python Support.

Unification of DataFrames with Datasets
— Static DataFrames -> Countinous DataFrames




MLIib, SparkML

.« HHAOQI Machine Leaming ¥ 12|53} REIZ|E|Z SparkE oIt Z2HE

» Goal is to make practical machine learning scalable and easy.

« 27FX| I{7|X|

« spark.mlib contains the original API built on top of RDDs.
» spark.ml : provides higher level API built on top of DataFrames for constructing ML

pipelines.

- HEHE

(lassification and regression
Collaborative fittering
Clustering

Dimensionality reduction
Optimization




Zeppelin

e N N ) ~\
ETL Exploration (Computmg i Dashboard
& Analytics Reports
‘)ﬂm?ﬁmmm Drill Tajo h “ tesl <2
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Zeppelin

Interpreter

& Zeppelin  note

Load Data Into Table

val bankText « sc.textFile(s™/user/cloudera/zpdatas/bank-full, csv™)

cese closs Bonk(oge: Tnteger, job: String, maritol: String, educotion: String, bolonce: Integer)

val bonk = bonkText.mop(s > s.split(";")).
s «» Bork(s(@).tolnt,

s(1).resloceAll("\

s(2).reploceAll("\

p)

filter(s «> (®) != "\"oge\""J.mop(

"
here

b
oerk. toDF (). registerTempTanle"bank™) W
bonkText: org.epoche, spark, rdd, BI0[String] - t - .5 iti :

defined closs Sonk

bonk: org.opoche.spork.rdd, ROD[Bark] = NapPortitionsRDO[SE] ot mop ot <console>:28

3

%sal

select oge, count(1) value
from bank

whare age < 39

group by oge

order by oge

® M @ & | sETTNGS

@0Cwped  OSucked
11850,

1.000.0

8000

600.0

4000

2000 I
=il

FINSHED [ ¥sql NEGHET
select age, count(l) velue
from bank
where age < ${maxAge.3R}
gros by oge
order by oge

maeAge 0
w8 M W SETTNGE

o1 19 920 21 o2
0z 0= 0

23 OM 0x e
2

gz

Expose the
er/clouderaszpdata/merk-Full . csv MapPartitionsin0[S5] et textFile ot <consoles:zD@taFrame as a

SQL Table

marital  Sg0

Share notebooks

Use the
exposed
DataFrame in
queries and
leverage the
built-in
visualizations

select age,
from bank
where saritol."S{maritalesingle,singleldivorcedimrriod)”™
group by oge

orde” by oge

count(l) value

B M @ & @ | SETTNGES

RS
ope | wolue

Koys Greups Vahsos

EX : Craig Lukasik
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- RHadoop

« SparkR
— Spark 1.4 HTHRE dAlo= ZehE @i 7| K|
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R =4t 2| B

« O 7
=]
— Revolution R Enterprise + AzureR
« 7% R B 7t

« Azure?| SEIRE AREE &

oo
ok

A OlO
T AN DO

— Oracle R Enterprise
« RO BHOE AMZ ArESIHA 223 9| H|O|Hof| &

A O] ©
=t = AF

+ ROIO|O| Bk QS LY oA HEHHO| |22 X
o|§ |:t|§l_ L

— IBM Netezza, SAP HANA S




SAMNE| HHE
e Parallel I{Z|X]|
— WA=l HE|Z O L 7| X

— ZE| 22 E X|d1 HEZ2E SHES = US

e Show EH;"X'
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« SparkR
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Auto scaling scikit-learn with Spark

Distributed Cross Validation

/ ﬁ(‘z rModel #1 ‘\
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Deep Learning using Spark

Distributed Cross Validation
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 Databricks Blog
— SparkE THE AIEN=S0| 2t 2| Af(Databricks)
— Spark 25°2| £2 WE=0| L 22t
- "ZHAIR 189 &E+ =X = Databricks Blog”
e Spark Summit
- R 2o TEXNRL} s &7
.
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— Learning Spark, Advanced Analytics with Spark &
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