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Storm. S4 . Flume, Streams, Puma, DStream,
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Hadoop 5&— > BE %6 1k ] 7 5 #8224 F0 A 1T 9 23 A Xt 5 &0 P mT RLER # b 76
Hadoop | F & Filiz 17 4b 38 ifg £ 2088 19 7 FH R )7

Hadoop FJE M J& http://hadoop. apache. org/, EFEUWE 1-2 Fras, #1k%] 2020 4F
8 H ,Hadoop 8 R4 2 3. 3.0,

Apache Hadoop

The Apache™ Hadoop® project develops open-source software for reliable, scalable, distributed computing.

The Apache Hadoop software library is a framework that allows for the distributed processing of large data sets across
clusters of computers using simple programming models. It is designed to scale up from single servers to thousands of
machines, each offering local computation and storage. Rather than rely on hardware to deliver high-availability, the library
itself is designed to detect and handle failures at the application layer, so delivering a highly-available service ontop of a
cluster of computers, each of which may be prone to failures.

Latest news Maodules

The project incluedes these modules:

Related projects

Release 3,1.4 availabl 2020 Aug 3 Other Hadoop-related projects at Apache include:
@ 3.1.4 available

This is the second stable releass of Apache
Hadoop 3.1 line. It contains 308 bug fixes,
Improvements and enhancements since 3.1.3

Usars are encouraged 1o read the overview of
major changes since 3.1.3. For details of 308
bug fixes, improvements, and other
enhancements since the previous 3.1.3 release,

» Hadoop Common: The commaon utilties that

support the ather Hadoop modules.

+ Hadoop Distributed File System (HDFS™): A

distributed file system that provides high-
throughput access to application data

+ Hadoop YARN: A f k for job

+ Ambari™: A web-based 1ool for provisioning,

managing, and monitoring Apache Hadoop clusters
which includes support for Hadoop HDFS, Hadoop
MapReduce, Hive, HCatalog, HBase, ZooKeaper,
Daozie, Pig and Sqoop. Ambari alse provides a

and clusiar resource management

» Hadoop MapReduce: A YARN-based system for

for viewing cluster health such as
heatmaps and ability to view MapReduce, Pig and
Hive applications visually alongwith features to

parallel processing of large data sats.
+ Hadoop Ozone: An object store for Hadoop.

K 1-2 Hadoop [ E M 3 71 {5 B

diagnose their performance characlernstics in a

pleasa check release notes and changelog user-friendly manner.

1.2.1 Hadoop [f¥F 1

Hadoop E A LIF HAME A
o Al EEYE . Hadoop 4% 0 A7 fifh RN AL BRE 4 19 68 0 (615 A5 .
o Y EYE : Hadoop f&7E AT H @153 AL 4R 1 1] 43 e B0 0T o8 i 34T 55 1Y, X s 4
JE AT LLJ7 i 4 e BB L T3 s
o M Hadoop REMETE 17 4 Z 18] B 25 Hb 7% 2l B4 , I DR UE 25 4> 19 2 19 3l 251 7, I
I A 3R AR P
* RAEETE . Hadoop g8 A s A EUE B 2 1 RIAS, OF H A48 A 3 ¥ R I AT 55 &
B .
o fRALAS : 5 —RHL. R & G % UL K QlikView, Yonghong Z-Suite %5 54 45 11 #H
It - Hadoop J& U8 149, 350 H A 51 B4 [ I 25 KRB AIR
Hadoop #% 22 I\ R A7 M K ECHE Fr 1 TF I ER AT 7 40 A R8T 2 i 1 i 5 25080 9 4b 3
e, JLFFA £ 8 FE %8 Hadoop 48 I & T B R IR 1 | Rk Ak T B AH R iR
55 WA CRE R L BUER L ELRE T 5 SRR S HF Hadoop,
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1.2.2 Hadoop M ER RS

Hadoop2. x #H 5 T Hadoopl. x i, HDFS 284 5 MapReduce B # A 5 K ) 28
b, BB EAne] v B TAR R4 . Hadoop2. x A7 M~ E AR T,

(1) HDFS ##J NameNodes #] DL LLAERER) 75 20 2%, B 5 T NameNodes HYZK P-4 J& AE
JyAA] HIHE

(2) MapReduce £ Hadoop2. x F 5 MR2 5% YARN . ¥ JobTracker H ¥ % IR 45 3 K
A 55 4 A= i J 014 B AL 455 o I Al & B W 450 S 3% 23 U A 2 57 g A P 74 B 4 T R R Y
ResourceManager LI} 45 BN FH Y ApplicationMaster,

ResourceManager T4 ¥ [m) i F A2 7 20 Bc 1T 8B % T8 . 51 ApplicationMaster | T4
PR FHARF 98 BE DL B . — > AR T AT LR 2 ML) MapReduce 2244 ) — A Bl (Y
1145 A A] DUJE X B8 AT 55 1) — A~ DAGCH R B ED L% . ResourceManager X4 & 11 & HL
%) NodeManager [t 55 . I T4 BB & 7 5L A9 T P i 72 L 08 -3 484 . 4> 1 AR O
i) ApplicationMaster SEBR b f&— AN HE 2R ELK 22 , I 11 3¢ M\ ResourceManager H 18 %5 R &2
5 NodeManager (s) WMEITIF 1T 5 .

Hadoop2. x BIAS ARG WK 1-3 Fiw.,
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Oozie
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B 1-3  Hadoop2. x HE 725 R GL 4 il

1. HDFS(Hadoop % X X & %)

HDFS J& Hadoop ¥ & " 86 77 6f 7 B JE Bl L J2 GFS sefEf. T2 — 1w AW
FR G . eI R X BE A B T AE IR AS A B R B F s 4T, HDFES fajfb 1 S0 — 3
PEASTRY 38 2k U 2B T 1) L B i A ek i 1R R RO U7 1) D) B L A A R R EOHE AR
N . BT —RE A2 UL EE DL IR 2 [ o A 7E AR B R AR )
YIERALAS .

2. YARN(HH XFREZE)

YARN & —Fp 70 Z R REHESL, 43 2 45 10 B9 A T /& ResourceManager , 3 /™ 52 4 22 ]
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3. MapReduce(H# X, HAE )

Hadoop MapReduce & Google MapReduce FE IR, F T KB EWITE, BF
e 1 oA AR AE SR AN T R T R A Map Ml Reduce W87, b Map %846 46 B /Y
M IC R FEATHR E B ERAE A R R By R 25 2R . Reduce WU e [i] 25 5 v A [m] g
B R “AE 7 BEAT B2, LIS B e & 45 0 . MapReduce A %3 & 75 K2 3B LAY 20 A X
IEAT R B BT s A B

4. HBase(5 M X 5 & & % &)

HBase J&— /83 7£ HDFS Z I [Tl [a] 51 (4 , X5 45 14 £k %5 H 0 wT A 4 s vl &6 L s 1k
fE oA 2 B AR AR 42 . HBase SR T BigTable B ECHE B RY . 14 5 (4 i HF 77 e S
# (Key/Value) , Hor i 8 th 47 SC B 91 OC B =7 AN () BOA) 1. HBase 24 1 %08 R A AR 4L
PR BEAL LS i) . HBase R A7 (19 Kot ol LA ] MapReduce e 2h B, &K K4 77
AT 8 R s A e —

5. Zookeeper (47 X W AE IR 55

Zookeeper T il P43 A A BE T MR 45 B 0] . 48 —iw 45 RS IR0 AR A48 2 L e
B IF A%, Hadoop B iF £ UK T Zookeeper, BB T1ET BN ER: i, A T8
Hadoop #24E,

6. Hive(#K ¥ BE)

Hive & X T —Fh 28l SQL M # )1 5 (HQL) . ¥ SQL % 1t &y MapReduce {T: 55 7
Hadoop A7, il # T BT,

7. Qozie

Oozie J&—FF IR TAE R M EME R 55 51 % . £ T Apache Hadoop %4 4b AT 55 .
Oozie J& A4 J& 1 L A {48 (9 18 ) B4 19 i 55, 12 17 78 Hadoop ¥ 5 1. Oozie 4 — 15
41y Hadoop 4b A TAE WA R TJ7 28, A S — DA i AL 3 APT,

8. Ambari

Ambari f&— B 2 T Web B T.H.. 32 #F Apache Hadoop & ff 9 {1 N7 | 45 B A 45
Ambari B ¥ K £ % Hadoop 4 4., 4 5 HDFS. MapReduce. Hive, Pig. HBase,
Zookeeper.Sqoop #l Heatalog %, Ambari ffi il Ganglia Y £ B 545, ] Nagios X &
Gl E Y E G A BIGYAY OC U I AN A5 LB R A s R AN A A T ) o 2R S0 )
RIEHBAT

Hadoop 2N T4 KBy 5t . HAHMEW T .

o FdEE R, —MEIEZL FH] Hadoop W, Hlés IR R Z N FEABIILTA.

o B4, MapReduce HEZL T, AR MEAD B SCHT 158, VR R DL H 343 B iX FF 19 26 T 1Bk

o Blm¥ K. T HDFS &It B 45 81 Hadoop i & A0 3 S0 8K i S0

4N, 7 RE R R AR A R R A s AT . X RE R A A K., AR
HEELET B KRN H &M Hadoop #EATANHR, 4347 F P ) &S E. .
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1.3 B¥ Spark ROV BES

Spark J& % Jhy KA R s b PTG B3 B9 PR i 315 51 % L 0 UC Berkeley AMP lab
CHn N R 240 sE A 73 4 19 AMP 5255 %) B T I 19 28 Hadoop MapReduce f38 F IR ATHESE .
Spark #1A Hadoop MapReduce BT EA B 555 {H AW F MapReduce B, Job 5 [a] #i
ERA DR E NG WA TF EERTE HDFS, It Spark B8 ¥ 4 #i& F TR 5
Bl ) 575 #1500 MapReduce 5 .

Spark BJE ™ /& http://spark. apache. org/, F A1 40 & 1-4 frx, #& 1k 2 2020 4 8
A Spark BB ARAZ 3. 0. 0, X N 5 1 i Hadoop MIAE 3.2, XFFMmBEIEF A Java.
Scala,Python.R #1 SQL,

S ”“"Ea

p Qr = Lightning-fast unified analytics engine

Dawnload Libraries - Documentation - Examples Community - Developers - Apache Software Foundation =

f B s 3 3 Latest News
Apache Spark™ is a unified analytics engine for large-scale data processing.
Spark 3.0.0 released {Jun 18, 2020)

Spark+Al Summit (June 22-25th,
2020, VIRTUBL] agenda posted (Ju

Speed z 120 110 Spark 2.4.6 released ()
a0 -
Run workloads 100x faster. E  Hadoop Spark 2.4.5 releasad (7
g 1 ® Spark
Apache Spark achieves high performance for both batch and streaming data, § 30 1
using a state-ol-the-art DAG schaduler, a query optimizer, and a physical [-4 08
axsculion anging 0 T , APAC H ECON
Log {adoop and 5 @“d&’
Download Spark
Ease of Use df = spark.read.json(“logs.json™)
: T . P df'm:r!' w2 Bl o, Buill-in Libraries:
Write applications quickly in Java, Scala, Python, R, -select("name. first").show()
and SQL. J—

Read JSON files with 2
Spark offers over 80 high-level operators that make it easy to build parallel
apps. And you can use it inferactively from the Scala, Python, R, and SQL
shells

| 1-4 Spark B9 F 715 8

LRI AE NAFHET L Spark t Hadoop R 100 7%, Spark 24 T 80 24wz 5
B RUFny 5 HPE. R, Spark $&# 7 K i 1Y %, £ 45 Spark Core,Spark SQL. Spark
Streamlng MLIib,GraphX, F¥ &7 0] LAFE [F]— A~ W FH R 3 i Je % 20 6l FH X 26 P

1.3.1 Spark I ERZRS

Spark IS REEEWWME 1-5 i,

Spark REWZ D)k 37 B BERL 02 47 . BB 2 47 T EC2, Hadoop YARN 1 Apache Mesos
Z F . Spark 8435 8] 19 % T IR 2 5 HDFS. Cassandra, HBase, Hive. Tachyon VL M H fil
Hadoop Z#E 7K .
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Hadoop HiRMt T Map 1 Reduce Wi i1, Fra BU1E L AR 15 5% e i Map 1 Reduce
M ERAE .
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Input Distributed
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1M Spark $& AR 22 A0 B0 s £ AEZR A, {0 Transformations f43% map. filter . flatMap .
sample. groupByKey. reduceByKey. union, join. cogroup. mapValues. sort. partionBy % £
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