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Abstract: In many areas such as science, simulation, internet, and e-commerce, the volume of data to be analyzed
grows rapidly, parallel techniques which could be expanded cost-effectively should be invented to deal with the big
data. Relational data management technique has gone through a history of near 40 years, now it encounters the
tough obstacle of scalability, relational technique could not handle large data easily. In the mean time, none
relational techniques, MapReduce as a typical representation, emerge as a new force, and expand their application
from Web search to territories used to be occupied by relational database systems. They confront relational
technique with highly availability, highly scalability and massive parallel processing capability. Relational
technique community, after losing the big deal of web search, begins to learn from MapReduce. MapReduce also
borrows valuable ideas from relational technique community to improve performance. Relational technique and
MapReduce compete with each other, and learn from each other, new data analysis platform and new data analysis
eco-system are emerging. Finally the two camps of techniques will find their right places in the new eco system of
big data analysis.
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T EBAE AT 0 % AR A X A BB EBARTT T 25 XA BB T EHARE T A RRLEINERZE 46
8 B 5 645 TR, R 5 5 MapReduce #5945 F S48 28% g & ,Mm vk MapReduce A& IE % & 4355 IR KE
TMAKABBEEEHARBRR G TR G TI2E T oAME LB AR o 77 o5, RBTE & 2 48 19 2.0 &) K38 69 R
AHTE R AT RMEXE LRI K A REETEHARF XA BT EHRERY LS T ZAARKAME, 369 K
FEMAESAAEBTHRI A THEE.

KEBIR: KA R E M X 2 48 A K ; MapReduce

HEESZES: TP301 SCHERFRIRED: A

1 KBURERREYEKIE

1.1 H|EREK

LERMEWF IR IO W, S E s N TR0 B HBER N R A5 SR AN, B R
P A 1) B LN AR R B 7 T, R B O LR R AR B T Hd 5204 15PBZE A (http://www-conf.
slac.stanford.edu/x1db07/x1db_lhc.pdf); 7E B 1 55 A3, IR R B A 7] (Wal-Mart) B Kl ik 6 000 2 AN )5, 0] 43K
B EERL 2.67 14(267Million) ) 5 fh(Data-Intensive Supercomputing: The Case for DISC. CMU Tech Report
2007), 24 T 03X L B4 B AT 73 A HP 23 W] R R B 28 W) o 7 K B di 0 P 2R 48, B SIS 31 4PBL I HLATI 7R
AWK

BT IR LB ) BRATTIE W] LA O RUSEEOE 1K LA RIS (1) A% 28 54R (sensor data): 3 AT 7E A
(i) b, JER A7 b P A S T T A A B R AT I 0, A BT A S A B 5 S0 3K e AT ok i R B o A A
A I ) SR AR P S B AR H N 5(2) Pl s SO (click stream data): oA T HEAT AR AR W T 358 A A4k A
JAULE b (R BE A sl B HG I T) #4010 53 7T R R A S A Mk 2% AL 7 T DO A IO R AT A 4 1) 23 B
AT B A3 B EL AT X P R 455(3) A% 3D B 4% Bl (mobile device data): 3B it %% 3l i 1 B 45 B 5 R 3 B G A
PDA. AU &5 AT LSRR R M LA E . B3l H AT N &5 8 X 5 AT K 1R 43 b, p
LA By BATTHEAT A7 25 F) phe SR, L A A M % M B 3 AR 4E5(4) S AL ID #(45 (RFID data):RFID AJ LU 217 iy o,
S AR I BRER.— B RFID 13 3) V2 18 Y FH 4 A2 oK 5 4508 1) - BRI 2 —

it 5 2500 A B 1 B4 DA B 00T A Al P 1 e, 75 5 Ak R 1 50 o 2 T
1.2 HESMBFEE BEENRRRE D FERKAEK

0T OB P R BREI VR IR CUR L 38 AT IR 1R S, 06 2500 B30 AR N T8 53 A, 7 AN 2 AN AN 2 o ] B2 1) 4R
F X LEE I 43 T SR BT B A% 0 3 A AR 28 AR B SQL SREAT 238, Ge Bk b ¥ 1 43 BT (deep analysis).

Wil 1 BT R, AT A 220 I B T RIS R FH O R R A AT A AT T, DA
FEAT By 1At — 4 2 50 f o 5 2, 308 o O 5 ) 0 90 9 TS SR HUA T 30, 0 2 7 EA T B

XL Y OLAPELHE 2 M AE O s b A7 R L B . DI FIERE S5 B2 A% FL 5 5 EEE 2 40 1T
IR 50 20 M B AT What-i£53 BT LA S R -8 50 B o i oA 8 Sk (0 52 24 4631 43 M e R 202 gt d g 451
T LI I 8] F0 43 A R A3 A (1) B TR R B 44T (time series analysis): FMLHZU R T KRR 5 D LS
S AR (0 - 20 BN 53 A BE A3 S0 B v a3 BT — S, DU A rh R IR 23, 80 A B, B R TR
RIL— L6 IEAE I R AL . O 7R SRl IR 25 A7 b, 23 A N 53R RUIF R A G 4A 1 3 A 34 ek ] 3 271 4 idk
17501, -3 A5 R AT B (148 5 3 3X (profitable trading patterns), 28 id ¥E— L B UE 2 & 345 N B3 AT UL X 227 5
B HEAT S R IR A 5 RAG R (2) RHASE ] 53 7 71 19 245 53 A (large-scale graph and network analysis): #1434 2%
(social network) K FUN 1 55 A 5t b 2 Mo S AR B Mk 1 00 0 A A 4 D0 8% v A5 N ST I S AR R o g B ) — AT
SR 2 A TR FR R 7 A — 4% 1 38 T A 4 TR 4% 4 T, TT UM P R B — S8 T PR 0 TR, B A B R 28 2R s
PR Pl SR ST AR 56 A /NG B A R R O 19X 4% o 1) D B S ) X A G mT LA T 7= i LA ~ 4L 8URIAS



B F RIS —— X A4 E A MapReduce HA M SEF. Rakh kA 3

AT R o3 W VA 22 4 W 73 A A5 R B A 2 19 2 ABE ) 18K, I LART A B2 5 PT 01 s R 30 S AN I 8 A
FAL G0 J7 3 Ak 3R DRSS 1) VS et 245 0 AN DAL, G AT R0 PR T BRI B HEAT 234

Aab TR DR B 11— T 79 AT SRR R R SR A, v A B s AR /N LR A AT (MR TR OCR
KO 7R 2R 40 BEAT B A R 43 B AR 17D A 2 R ] AU, SRR 3 B R 5 %, L i DNA 43 47 45 7 1 40 B
b HEAT O3 B R 0 AT I A e S R 1 I

g5 b TR R o AT I P OB A B (1) B = I () BOE VR B 4 BT 7 SR 1K B K (Beyond
Reporting: Requirements for Large-Scale Analytics. TDWI Research Whitepaper 2008). 41, #5045 248 B AN T b 22 4
A, EAE S P AESE R L 21 45 R A B 0o A e S TR 20 A 11 5 AT A B RT3 AT A i s Ak PR AR T i 1 Bk i
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Fig.l Dimensions of data analysis!® Fig.2 Trends of data analysis!"!

B Bl o b i 4 g ) B2 Hdin o b s
2 LI MapReduce AKX FHIEXRBIEE B AR NE

KRB FEE ARG T AT 40 S0 AR, 8 0 — 1180 RIS AT 75 AN e 2k (19 3= 38 B0 45 B0 R0 0 A7 4
AR KR HERA M RN H AR OLTP W H . OLAP W H LK B 6 FE4E . SQL ¥ 5 1F A A7 WUk R AR F
REMIE TR T AR, 21 AW 78, H Dy BEFI 1K B8 7 AN W 14 i

H I, DG FR E 4 B R R TR R AR 2k T e W48 20X A Wl o, 2 B iR DR D6 R AU A B R R RT3
0 )4 R P38 B0 T 1T A AT IR0 B A5, AS RE IV AT K B85 43 07 10 2 3K G AR S0 A AR 28 S 11 2 v B8 T — B
P T T R B 1 M R B (scale up) R 4 BV LB nok F EHLCPUL WA, TEF LY R
BN R R T, 2K 38 BB 1 7 i (scale out) R 4, B 3G I v 55019 & 2 AR B OF Hld S 3 2
TESERE FIFATPAT A R & T B AR Y J 03k AT DR RIS B T ST R 004k (10 5 B8R0 2 A, 7 2 VT I Bk AR 22, 1
RS PR ) T B A4 B P CAP(consistency, availability, tolerance to network partitions)#f it
(Towards Robust Distributed Systems. PODC2004 Keynote)(X 1% & W47 4+ 30, £ i R R g, — 8k, W
PR B = AT AR B SR AN B AR DR T 5 A — A B AR AT B0 B R 8 SR i B — B R
PGS A 55 200 B L), TC 3R AR R 19 R PERTR o] F Pk, T R G 9T R P2 KB o i
1) BT

2004 4F,Google A Fl 5 S Hi MapReduce ™ 45 A, 1 4y T 1) K Hiedhs 43 1 FAR FE 4 34T PSSR 5 kS 1 Tl
FERI2E AR T T2 %3 MapReduce 7E B T2 41,8077 T3 b K FURE B R 45 2% S BF Sl DX 08l 00 IR AT b 28, e
4 AR R Z8n] TR T 026 % B I A7

MapReduce FARMERALE 3 AN ZIHFIN () SRR () FFHATMERIEL3) IATHATS1H.

AR S R G (Google file system)ia AT T KHUBTEERE 2 b AR HEAL T B A 0L 28 A o B0 ds R ) /i %
(key/value) B A IEAT A7t AEA SO R 48K F T 0Hi 48 vh 4 B L 0000 B 51 A PR A8 X, 208 o 0000 1) 52 460 (s 1 4
PR /D 3 AN ) I i J 24 BUE R K RAT# (64MB T 128MB i — B[ 792, 75 188 5 BOde 34T I 46,1
B A7 2% TR R By 5.

MapReduce F47 g Fat A 40 v 55 3 72 40 i A P9 A~ BB BB Map BYEE A Reduce BrBt.Map R ZCAb 3
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Key/Value Kb 7R — R AR A ] Key/Value X} ,Reduce RREH R G IR RA M Key {E 1 F ) A X o
KEER.

MapReduce 27 [0 2 ARPAT L FE WK 3 7 15 Se 06 B b A7 20 B SR 5 A2 45 2 A Map 145 L30T, Map
AF45- AT Map B8 550 HEHE 5 Fh 00 B 20 28,5 A A Hb A 5, Map [ B¢ 5, 38\ Reduce B Bt Reduce 1F-45
PAT Reduce HAEL, B A A Key {8 197 [0 45 5, 2 A Map 4155 B 76 1015 55, 850 B0 4E 21— 2 (shuffle) 4T & JF b
B H 25 R E N (00 A1 SO0 R 02 7 10 I 2 45 ST LU I 5 95 5T Reduce {145 15 Hi 75 2.

LN Map {T.55 - Reduce 114 i
[split 0 | map
[split 1 Hmap() reduce() }—>| part 0 j
[split 2 h}———(map(). reduce()_H part 1 b}
[split 3 H map() reduce() H part 2 B]
[ split 4 Hmap()

Fig.3 Parallel computing process of MapReduce
[ 3 MapReduce AT 115t R

MapReducet A& — M a7 1K HAT TF BB B RGBT T 5 Re Pk 794 1 45 ) R 3@ i 422 52 F P 4
5 [¥] Map b8 R Reduce B8 £, A 3l 75 AT 47 (09 KRS AR B b JF A7 AT, AN mT LA &b B0 23 A KR ASE F) e 40
MapReduce i A Ji AF 50 5 Hf & BRI 73 A7 HA 1 i AR 3K AE Google 24 w] P9 8, 38 b K S 4R JE T MapReduce
AT A KA L 20PB A A0S 14 21 A JE U AN T A B 1 B30 3 400PB. 75 £l 43 T Bk i 12, Googledi fit T[]
SRR KM AR A — RIS (AT IR S5 < 5 170 757 IR 55 55 ). 2 st DK RASE 10 e 45 BRI 20 A% T 1 5% AR 40
P 4 BRI TGVE SE L (LR 1).

Table 1 Google’s applications based on MapReduce
% 1 Google 3T MapReduce HI5Y [

-5 A X Grep R HER S

- A X HE SO

--Web % 422 1) J - WL

ST BN AT T | - T E P s R
--Web 7B H &9

MapReducedsi R —ZHE H, 7 R F1) 5C 28 H0di A7 8 5 R B (DL 44 303 FE R % 2% Stonebraker 4 A4 3K)
14 4 #F 5 . Stonebrakerih & ,MapReduce i K& — AN B KM 13R, IF- 5t T MapReduce i R 11tk 2 i i, B FH A
CFESchema. BEAHAFHULIL . K EEEE J) (brute force) AT £t 4b 22 %% Stonebraker®s A7E 100 A5 5 4L HE LX)
Hadoop$; R (MapReduce#) JF ¥ SEHL)« Vertica$l i 7 (— i & 1 7147 it 1) 5¢ R 0l 1 A 31 &R 48) FIDBMS- X £ 4
P (R T S A 000 T P 000 P ) B AT T 04 2B 43R Hic s 23 A (%) P R L %L (9. 45 Grep, Selection,Join, Aggregation
2), MapReduce [ H 122 31K T~ VerticaATDBMS-X! Stonebraker (it 31 % 43 B34 {1 Ll MapReduce 3 A& g A4 £ 1)
KB 53 BB AR 1) R .

1 JL 4 ok MapReduce 3 R 3K T )72 1 26, 858 A 01 [l ¢ MapReduce JFJ& T iz BB 5, (L 45
MapReduce N 49 €. MapReduce P fEfI$2TF. MapReduce 5 F ¥ it 2o 3k 5[] i ,MapReduce 57 A F1
RDBMS 1 BUAH HAR S A BB B I 5.

2.1 MapReducel B HIY &

76 N FH A8 7 1, MapReduce B R B 2 M I 963 R B BUE 2 M i e B 542 38 . WLas 1100 (5
RULR S U Rl s B A PR . W ER . NI A 2 A AT
Bt AL G803 M A Y e P 22 DL K Hadoop 23 BT U E 7 59 14 £, IBM 2 & FIAFFT N 52 30 % R FlHadoop
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A B RO T IR R ZE T 23 A 3 1, 38 i RAFT Hadoop PR R BE 4R A, 3 5503 1) 208 I AT A 22, i Hadoop 3£ 15 T
PR OK IR B 2 #r BE ) U8 Purdue K 2% 19 RHIPE 35 H (http://ml.stat.purdue.edu/rhipe/index.html) 4 £ J) TR
Hadoop 48 i, A K B4t 23 B B 43t TT & FR 85 1 37 £ Wegener2i AU S2 3] T Weka(SE LT R TR B ML 2% 2% =)
FVECHE 1298 T 2R ) FTMapReduce (1 46 i HE Rt Weka T2 Be 72 BB LIS AT, JF HANGEBB 1GB A7 1 i)
il 480 B0 1) 9147 46, 7E MapReduce 8 B |, Weka AN X SEAE T B A 1R w4 3 S 40 o 19 B2 S0, 8 A b oo b ek
100GB A1 4t HEAT 3 A7, TR B R FH AT v B4 iy 7 1 . 48 3 300 1) Weka, T T MapReduce B AR I B 43 M7 1) g
TSR 6] LA S AH 26 STk, 25 T IF & # K T Apache Mahoutii H ,i% 20 H /& % T Hadoop~* & 1) K M5 s 4
RIS 2 ) RO A2 I TR AR T, D N T A T T R Ed o A e

2.2 MapReducetf gEIR FH RO

22.1 Z MRS GPU LM it ook

{E MapReduce 1M RESE T 7 HLBFFUN ST K& 1 T.4E . MIT(Optimizing MapReduce for Multicore
Architectures. MIT Tech. Report 2010)F1 Manchester K22 I 5T N AT 9T T £ B i 1 ) MapReduce 1 A& 24
HEU8 SCk[19,20]3 18 T Cell Broadband Engine | i MapReduce P BEAL AL 45 A, Hih, Wisconsin kK 2 (I WF 5T A I
FIHICell Sortdi:, 78 73 AW e 1 MK HE & T HE R 1) P B8 . MapReduce 7 22 A% i 44 b 1) P B ot TAFE £
5 SCHR[21]55 . 6 51 GPU I A% /0 2508 F0 T AR 531 28 AN T £2 57, Texas K 2% Austin 73 12 (DisMaRC: A Distributed
MapReduce Framework on CUDA. University of Texas at Austin Tech. Report 2009)Z5 R HLF IHF 58N 51, 5t i
] ) FI GPU# 5 MapReduce [ FAAT P B8 & T T WF 522724, 98 Hy & T MapReduce ) 3 F 47U 35 46 K 2% A TBM
S % E ST B3R Map CG) e AR 2 42 A1 CPUSR R A GPU S FE (9 7T B M 1, K KR T MapReduce &
J7+ 4 5 (1) 25 2 A B . Ohio M 37 K 2% B BIF 0N 5% 101 1] 220 A% R B8, 32 H MATE S #5452 115 3888, ANk A v I
I, 1k & K S i Hadoop A1 Phoenix?®)(Phoenix J&: — i MapReduce ] C++S2 3l http://MapReduce. stanford.edu/).
222 RLIHERGEZEARWIA

HRLBE T 5 5Tl S8 MapReduce JT & T R 514840127281 FI ) 23 45 30 N 77 Cache i e o BE P45 HF 9. S0 R [30]
9t T 3ER AU MapReducet BETE TH 30 AR, (L TG Fr i A 5 (trojan index)F1 43 X £ 35 I & (co-partition, B 411 75
BB 43 DCARAT B[R] — AN 19 R B 0 W 4 30 b Bl (070 5, LA AR B0 4 X 2 ] TR Join B ) H R 45
M SCHR[3 17003 = 53 b 1 B #0040 B (virtual view over fact table). 828 FI4E R EB AL . FET- I 11
JE 45 (columnar compression)Zs 4% A, 3 #iMapReduce Fh 55 T 2 ARSI (I OL AP JH FI AT 1 A% . Tug A B2
%t MapReduce B AT BRI 73 47, % MapReduce & ) 47 80 5, 78 70 I FH SQLEHE FE R 2 51 SR AR R B 55 T e,
$& FMapReduce PR FU AT AR SCIRR[3310F 55 T MapReduce 4844 1 T [ H s Ab #1032 e 48 4 A 1k gL 78 100 AN
A Y Hadoop B B HEAT 5 T IE BB AR (B 38 bRtk 1¥) 258 43 X 1% #2 5 ¥ Standard Repartition Join. (i 1)
HOBT 7y X ¥4 77 i Improved Repartition Join, B #: Jj i Directed Join. | i3+ )7 ¥ Broadcast Join, i
$%Semi-Join. & T43 v I 2% 45 Per-Split Semi-Join%5 ) ¥t BEWF 5L, 0 A [R] B FH 3% 550 T A8 FH S [ (13 #e B R 42
HLT % F e S5 A4 H 3L T MapReduce (19 51 77 i (1 5005 103 B2 00 46 7 325, K R bR 17 328 482 110 3k 5 B4 Sk
[35THF5E T A2 B Y b DKo 52 3 VR /I 4 3 2 ) () S A0 A D 2 R PR 5 1) B 4% 3% 42 (chain. join) A4 7
k.
223 PR

Sk 3613 B ) A T U0 S 9 1 T B O W B2 75 MapReduce 1738 1T R0 R STk [37]4E H T 2 T MPLEY)
MapReduceft 4k SZ 8L, F FIMPI-3 (135 5E %, b i1MPI Reduce LocalZs, 78 127 AN &L SERE L3RS 25% 1) 7 i 42
Tt Toronto K 2% Al Boston K24 [RIHF 57 A 72 P¥ 2238 7E % > MapReduce Job [A]3E47 25 #7 &b 3 11 1) 4L =2, DAL 3R
1 R G  RRE  8 7 Purdue K %% (Relaxed Synchronization and Eager Scheduling in MapReduce. Purdue
University Tech Report 2009) [ AF 58 A 53 i b JgC A 7] 25 B2 =k F0 L ¥ 30 I /4 (eager scheduling) J7 1%, 4% &
MapReduce T 45 ({13147 % % P Barcelonad ¢ i1 5 Ly HITBM - Watson S 5 55 FRF 5T N G300 5T 17 AT 45 k& R E
SFE M 101 DU HE G 1 R SCHR (4144 BT 5T T S5 40 A T 28 R0 S5 A SR E BR800 4 45 U JBE 4030, AR AE I 4774 45 3k
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AT R B AN 52 S ) A K5 1) 70T 56 )
224 HABMRALEA

BN E SR N B HR TS R S A Ak s (LS L TR U 43 41 U5 Y Fingerprint based
Grouping. H#A7F XA R 4iDirect 1/O in HDFS. &4 g A7 v 4 H 7] 48 1 Java Xy % Mutable Java Object for
Data Parsing. fif H % 5| Using Indexing LA 5z Z4f B g & (1) 1 5 5 ¥ Block-Aware Scheduling®%), —%5# = Hadoop
FRGE IR HHE 43 T 1 i, R S T A% G G AR B P R 1k e SCHR (45100 4 2 A ok 70 RS B o0 7 4k, 5 1
Hadoop ) 2048 73 17 38 48 AT He A% 8 4004 e BE 47 (97 8 1, 2 LA 45 Hadoop 58 4 1 ok AT 204k 122 I 1 36 4+ 1)
— % J1 & Jost Berthold%: A\ 1L F-Eden V- &5, 1 1] 4L IR ¥4 Ui /b B (lazy stream processing). 2l & W 2 i 14
(dynamic reply channel). %44 Jf(stream merge)5s 1 AR fMapReduce 1) 55 3. SCHR 4714 H ) AR 738 0
T 2 I HL = 22 7P X (shared buffer between producer and consumer), i B MapReduce P 4™ 1 5B Bt (MapB/i B fl
Reducefit Bo) i A& i il 2. SCik [48]42 i 7EMapReduce P AN 5B B IR 2 il 139 0 — > Mergelh B, LA TE 4 b S KF
A A - (set union) JoinZE A, [F] 42 H T & HReduce fllMerge i /E DL b3t P 56 14 700 b [ R 24 3 AR B DA &
=N Yahoo s H] HIBF ST 53,1 FH U A A0 1 Shuffle i AR HE i MapReduce AT 1 BE ). Duke A 2 BT
FEN B HEAT T MapReduce AT R ZE 10 PRI 5T 0L sl 218 47 I R 48 0 T 110 5 K.

HadoopOpt FHIF-47 2045 e 1) IF B e 1 g LL 3%
DBMS-X (fif7)  Vertica (f7)  HadoopOpt (fi7)

Grep LA E 1.5 2.6 1.47
Eﬁé%(j{ﬂrﬂfﬁ) 1.6 4.3 1.54
% 36.3 21.0 14.68

Fig.4 Performance improvement of HadoopOpt!™

&l 4 HadoopOptH 1k §E it )

2.3 MapReduce 5 i 1% B B

£l MapReduce i AR Z FEASQLIARMEAFIE 5+ KT IR JEE 5 AR 99 SN MF R E N &1 2
B ik BE ) T SR TE S M £ 48,43 Yahoo I Pigl! . Microsoft B LINQE ™4 HiveZ% Pig /& 4 5 MapReduce
TR 7 I B A0 5, Yahoo A X B J) T3 =i MapReduce (1] 2 F Pk, [5] B AS W 42 v Pig 149 1 B8, SR 60 4% 8 45 455 1] 11
Pipeline &+ A E G 4 4k o 18] 45 5, T 42 T+ 58 053, 3 HL S F5 3008 0 00 b B8 6 A0 A8 13-4 H 2 Microsoft ff)
Dryad & St i 15 [0 JoBF ISR IA 5 T AT AR 3 1 H-AT U B30 10 A0 O RUBEEEE B 34T 047 LA FMapReduce s,
ARA RS b1 DX A AAIKIE K G, W] U & & MapReduced3 AR 148 Fi [n] Ja 1 56 2 £ 5 #L R 40 B B
AR B Hivel® & 5 T Hadoop F K B B4 0 i B 48, SE B T Schema, SQL ¥ 125 2 56 2 H04lt PRI T . Facebook
fEHive FSEIL T HIAT MR . B (ad hoo) X HLAR 2% > LA R oAb 2 2% 1) 504 43 A W SQL: 1, 7
MapReduce % A ) 5 B P F142 52 15 . SCHR[57132 tH Hadoop-ML, ) H %35 & PR35, 07 & N G2 AT LR 5 (f M 7272 )5
PR b A AT 25 FEAT BB AT I LS 52 ) R 30HE 42 98 55012k P U 3K A4 Cascading /& 2 T-Hadoop ) —~Java
JE L5 AT ] API(query API). £ il 11X %% (query planner)A13EFE i 5 2% (process scheduler), & Hadoop - f] L {E 3
WA, T e # W] ATE Cascading 2 il 1 R b 41 258 HAT B4 Ab #FR 7.

3 RDBMS #1 MapReduce ¥ REIZ % 5 H 5B

MapReduce FA A2 HI T 19 ZR A B 20 TAF 2 )5 KRG S BE K AN I $ R T sy 7 Je iR
MK A RDBMS IR SE4 3, WA ISE 4 th e B 1 AR 2% 2J MBS E . 3R 2 XTLE T MapReduce H AR F1K &
Hodla PR BRI A

MITIFIRFFEN 51 P84 % MapReduce 1) 2845 AR 34 [ 7 Shared Nothing %K) 11 47 $0 408 /4 5 48 L S I 38 i
(1 PR R R, HUAS RL A P A R B 38 i ROCR
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Table 2  Characteristics of RDBMS and MapReduce
% 2 RDBMS 5 MapReduce [FJ45 & L

RDBMS MapReduce
[N A SRR SRR BN
25| PN S HE G P S B
s AR 4 A B Lt gt g5 B
AR | SIS S SQL ARG
Rk R X
e AR AR
patsigid A%, A 1 5 ) i, AT 45 EoH AT
PERE i [LRDBMS/K!
- LR S 45 b B He i ab P2
T VRIS

1. HT, B K 5800 T4 = MapReduce MPEBE(S % 5 2.2 711);
2. FEEE BT L 8GR 2y AT LA 2 B AR

HadoopDBP 2 3 [8] V& & MapReduce F1RDBM S A ) — Tl . % T.4F . #£ HadoopDB 7, 28 45 14 M 1 43 Jik 1§
2, 1 )2l H Hadoop HE AT 11 45 1 43 i F1 i B2, T )22 FHRDBMS (Postgresql) E AT 04 1 2 1 F0 Ak BE 3% 14 (1 81 B
Z b 32 G R F Hadoop (141 45 18 BEAL B & 28 48 104 A AR A0t e, LA R R0l 2 A PO T 977 8 e 78 )
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