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Abstract Hadoop is one of the most popular technologies in the area of cloud computing and big data nowadays, the
combination of its relevant software ecosystem with Spark technology influences the academic development and business
model. This paper firstly introduced the origin and advantages of Hadoop,and clarified the relevant technical principles,
such as MapReduce, HDFS, YARN, Spark and so on. Then we focused on the analysis of the current Hadoop academic
research achievements,and summarized four aspects: the improvement and innovation of the MapReduce algorithm, opti-
mization and innovation of technology of HDFS, secondary development and other combination, innovation and practice
of application field. And then the developing situation of domestic and foreign application was described. Hadoop with
the Spark is the trend of the future. This paper finally discussed the development direction of the future research and

some crucial problems which should be solved pressingly.
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HDFS' 5 38 B 3BT , LA B, & 5 3 5 8 R 4T FF
By R g R B IR, X RAE S R, A
NameNode 7 &5 - B8 & {5 B K KB TE DataNode 1 3141
i E IR [l Hhk B P B P SR IR BB Z A4 DataNode |
BB SO, BEBRGE e Ja 2 P S0 R A SR R B B B o,
WA 2 FiR.,

HEEML R/ R RER

B 2 HDFSEEHRBER

2.3 YARN

YARN® Y & Hadoop2. 0 2 W MR EH AL, B
—FE AT AT E AR TR R G, BT
Hadoopl. 0 #7758 i i [ BR B , BT B A8 2 4% MapRe-
duce 38#4 5 JobTracker BB~ EE I fE—F IR E B M
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[ ] 8 L]

AW AMPLab LB 2, ZIERRITF XMW BN
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Spark 3L R FHAFTHE, BT 2R AMBAEE SR
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MapReduce £ #——Map-Reduce-Merge!®? , 7E Reduce 1372
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RFEF K2 Verma AP % A R MapReduce #EH
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Ahmad %5 AU 4t %t 5 A 48 B F #9 MapReduce 4 BB/ #4912
B3 T Tarazu BEEY, 3 RHIERE T B9 Map 5 Reduce LA
bl #4754k, Cherniak 2 ADVR T #0813+
% MapReduce #7575 , iR 48 A [F §U3E W & R #17 U M1k,
K3 % Hive 1 MaoReduce {£45- 4 Bl 4 BEFIR .

I Berkeley K2/ Spark 224~ B AT ) KEUEHE
28, HoB O EAR R A A R £ (RDD) , R 45 5 A
B HEA T AR I8 (Spark Streaming) , 3
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HDFS 245 8 5 B K XM E# MRS iRt =4
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RS % AT 41 3 B2 B R L3 50 40 A0 3/ SCIE 30 , 1R
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[ A3 2883 HART/N U FFFE TR R &5 8% L8 H-B+
W&, ZEAFAET SURIE/AN RN I AR ARSI 18
BB B /DRI ER BT,

HDFS A BB EMRANERZ — Bl RBH T
KL HIT HDFS gl iifb. RFBEACIRB T —MHE
F GE 15 #) HDFS PRk sk s, HAE B E L S| AR D TTR
MEBEBERTREMBR AT, REREAVETH
PSR Y T —# HDFS S # R B R S E RS —
VanHDFS, i 11 3 30 B 1048 A 45 B H e A B A, 7
A MB LA BRI RIS Hm R REHTRA BB T
200 % R BABTERE AT S0k, WA T 30 IIFFRETTHS.

Xt TR E A SELER, /5 R E S0 R h—F
#TF CMM B £ BBt % B4 HDFS fi R E R R R, 4K
RUBE LA ERERI & CPU. N BEAE ek i, ER 1K
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AR BN, AR S —B A BRI AT R
50, REBRBAE B A %t B M PLEROL B RS HEE T AL E . X
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%t F 4% HDFS 55 f3#, Lu Kun™ 4 3 HDFS &
Fr AL FE G v B2 R AR A A SR B IR L R, 4R T G &Y
# HDFS-+#RL, #1337 R B AR AR FH S CH4 A —
SO R T HATAPTRIZHE . Nusrat Islam 2 AR T
— MR BB AR B MEM-HDFS, H A0 (54 0 SR &
TEAE TR, A K Hi 32 0 0 A St 3 3R, SR BB AT B [ R 1R 2
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FL,HRAT ERMEES AV B BRE S
THAREW . HATE 5 V85 i (Task Pool) HLHIA 3R #u k& T
EsEEEAME. EFEAERRMA, HHRSEERS
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doopDB 1, B R4 MapReduce fl RDBMS #i R, iZ & %5
B, LR Hadoop #1HE & W 53 8%, FEH RD-
BMS #ATHIE R 2 AL B (B M RB N E B TS B B
Yale K2 Abouzeid & A" X ELE I 5 LR R EH
AR HadoopDB B ¥ 8E. Gruska N ¥ 3¢ 2 #8038 5 5 Map-
Reduceiff {7 T4 & ARAEREME EE ER REFRE
B R AT PR RE

Qin Xiongpai™*> [3& T ¥ RDBMS i MapReduce fli& i
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Phoenix "/ X EEBE R F R MR T EH/ZLHE
F & e EBE E 4 9 MapReduce iTEEHR, Z R
G T NEE M MRERE, BT HEEE N M4
HIFFR, (BRAERIERR KMEL T, Phoenix R FA77E A1
A AR .

BHEKRER Tao Xu ZEAUE S ABIRGEWIRE, TR
TR AF AR LW RS —Banian, ZRE R IERH
WEESN 3B AR AERTZE N AENE . M HDFS
ERGHNFIEBEERENFRE. KREX PBREESE
IR EE T . Hadoop A= 75 E 1 Hive R R

Storm™ B— M FES RN FENIHITERSE, H
LHETERBIEAOLE. RBXFHHABEEAI RS
—FpET Storm Fl Hadoop HH7 B KSR M IR R . H Storm
By et RAL A Hadoop MM HITRAER . BB TE
FRALTEERERY B, YA ERLIEXREEEER
AR
3.4 BRRHBAHE ER

SQL 5 Hadoop Ryf&— B LARB M A Hadoop RFK
KEFRFHMNA, Rubao Lee F KT Ysmart BHE0Y LR S
BEERCRSE R SQL F| MapReduce FISUIEF# .

i IBM A B HEH T BigSQL, B2 X A i — 4 FCHAEE 3
AL SQL W51 %, 1ig SQL Uil BB R R ERE S
%) Hadoop #£ 7 L, m HEF FE YK HDFS &8 b,
BigSQL L3 T JfA: 7 K # Hadoop FdE11A] , {48 B4R i A)
125 B0 R FEARRE R U TR B Hadoop & ISR .

Zhao Huan £V KM A HE T Pk EEE T
£ #F Hadoop, Solr 1 Nutch 3 ZR KW T BR®M., ZEE
F Nutch ZJEEMH _+ M+ XERIHEEFA Solr @1
MR RE RIS F A B, 8 it Hadoop 43 77 AR B
SrieabsE s A P RERMERNE S,

R R i B K E i, Chen HongP ¥ IK Analyzer
(IK) 5 ICTCLAS(IC) t 3CiE X 42 # B 1: i T Hadoop =
FET IS TRIFHER.

Hadoop ¥ 418849 6157 F B £ Tl 4, B nE
B IEB B AR A .
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H 8 Hadoop $8 WAT &R Mk 47 kA< 43 5 2 Cloudera
CDH, Hortonworks #1 MapR® 3 8 /A % Apache i) Ha-
doop HATIT 1 B ZATHIRRAR , B3 Hadoop 1 T FHM #Y
MU R BT A A S E R R — R TR, R B AR 3.

E 4} Google, Yahoo, IBMPH &£ B Hadoop #5 K #)
FRAEMM AL, IBM 5 Bluemix B3 = HEL KR
i1 . ;. IBM InfoSphere Biglnsights #J#F Apache Hadoop
Z &, W 4 K B 0 B 7S BUEE i 4T 4 BT InfoSphere
Streams W AR A A #7118 07 A4 LB 408 . A9, com 2
Amazon 2F Hadoop WE I HER RS R TR KHE
FKIEE. Facebook fifi i Hadoop A Ik H & 5 £ 4848,
FF Hive 317 H B MBIEISHE. Twitter | Hadoop
) HDFS FEAsf 4R . B & 30 F P R 508 . R A Clou-
dera’s CDH2 R G RFEE 4845038

B N R A 5T Hadoop M4l AR WT S I, ZE AT
WE. BEEBRARNSGELRMAFUEFERS ER K
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WARFTSAG AL BB R E NS Hadoop )
AR Z—, ¥ 5 8 F§ MapReuce Java Jobs, Streaming Jobs,
Hive Jobs WEEHMBSFHNZHRL, EREERELE, W
RS AR TS B FRITSM AR, 4R,
Y E R Spark B84 1L 32 5 5 S 13 B 32 B HE AL B AR
HEWE Hadoop B REHZEZ— B E 2012 5%, HH#H
HEBIES 104, SYLBEEN 2800 EHEBT AL BRAR
AR B EIA 9000TB., HEX Hadoop #17 TR E M &, F L
T HCE(HadoopC+-H)REL R HCHWHEST T & BEE
CERGE, WAFRE AN BRI EMfEMERS. B
WEY 575 R 3P -B FE TDW (Tencent distributed Data Ware-
house) #F Hadoop 1 Hive Mty &, X E T EHIE L EL
BT R IS E MG, HaiE 3O BT Spark HEZE T
g, 4 AMET Fusionlnsight™ KRV & , @ of LA
TSI, L E A4S (Event-driven) R B R B E B4R
BysEatit AR, P EBS IR E SIS 2 8 H Hadoop, &
F MapReduce XF HEEAL 2 A4 47 R+ B #7808 . F)
AT HDFS kLM AR, PR THEIZ#E T RE BC
PDM #t HugeTable BUEQELREA .

HBRIE ACAKAHE . Z R EFEEESS A EE
B9 T Hadoop fEZR R EA R I 5 % & , %F MapReduce, HDFS,
Yarn, Spark A6 5 R S ATHLHI AT T 8 B8 A IR BB B4, 1]
BAET Hadoop AERGEURARBELEARE THELR
K, BEEMAT Hadoop #RMR G ERIVR M H A
MapReduce 583 B3 5 81%7 . HDFS SR AL 58157 —
WHESHEHERMLEE B HSUS e 5L, 2 BIxt H it
TR BEENELAETRTENMKNAE. &
B2 ETREEARR, K K& Hadoop 24, B=iTE
1 Hadoop M %242 )82 B B4 A 5 MY

REFEFEARF YU Hadoop MBEIEINIME , (HE R BF5
I WAMERRRY, REFABEUTZERASA.
MERE Apache 34 4 80 BF 38 R R 0 MapReduceV2, Spark,
Hive, Yarn, Hbase %3 2| T %@ MR 5T, EFAFT
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