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MapReduce Online
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map 7115 = A5 536 52— OutputCollector 5241, ‘E Rt map pRE=A )%
1C3¢. map M H B reduce BRELTEFE, FTLA OutputCollector W k% AL A7 fif map % Hi DAE
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public interface Mapper<Kl, V1, KZ, VI» { public interface Reducer<K2, VI, K3, V3i» {
void map (Xl key, V1 value, void reduce (K2 key, Iterator<V2> values,
OutputCollector<kZ, V2> output); OutputCollecter<k3, V3> output);
voild close(); vold close();
| 4
Figure 1: Map function interface. Figure 3: Reduce function interface.
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reduce PRALHI%IH B 5 N\ HDFS _E—IGH AL E . 7F reduce PR F reduce 11455 X 1)
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fEIZ& T, map B reduce 155 (1% H 72 A THFERT B 5 B8 5E . XFT reduce 1155,
BT HA S N HDFS, XFphl et BRI, XTFE—FEDEERME, HOIHEART &
AR N R = 0 D (R R o

SRR TR AL T 2, RO LR 1B s R S R — B RIR S B . i SR AT
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Figure 2: Map task index and data file format (2 parti-

tion/reduce C&Sﬂ}. Figure 4 Hadoop dataflow for batch (left) and pipelined

(right) processing of MapReduce computations.
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S FATRGRFATH BT W] SCRpAR S (3.3 79D, IR EENUE S MZ R 5 H. (3.4
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PRV EESLHER] 7 AR HPE X map REHE R IR E NEE
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VP2 LPrit EARER 8 A8 — MapReduce TAE, 1 Pig &5 2418 = (0% 8 4 v &
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% consumer TAE, [F AR map {1557 2 EH 2 map i N\ 7B ff) HDFS Hf7 & .

FEFRA T Hadoop BHERRAS F1, — I TAE ) reduce 455 AT LLgE B ik Hod B 42 4
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A — LAE [ reduce BRI G — TAE ) map BREITHEAREE S BLEBFTA map £ 5885
reduce IR AL KA Rer= A2, XL 7A MM E . S8, 75 F — TIERATE RPN
SERNE B A B TE N e s R AT TAR M I EIE R T “ PRI S,

3.3 4L

PATHIE TE Hadoop SEHFLXT T map Fl reduce 4145 il # B A a0t o T M map 1155
R I, FRATTIE N T — 28 reduce T 55 ML R IC K map 155 7= A8 RN 18 it SCAF
N T T AEAS, B3 JobTracker 341 reducer map /155 E R II4258 5, reducer A4 18 map
RS A <587, reducer TR AHRIARIESE mapper 724 ()% UG IRAE—ilE, (H
EHEIPGE map £ IR G A K HAD map RS HR ESc RS . xR, IR —
map fE55 KM, B reduce fF 558 ZBEAEATT R map Sl BT = A2 I I I v H ST A
JobTracker 2143518 Hadoop —FFiF: & U B H map 1145 FI 2%,

W — reduce f£ 55 R HAZAES HEIA TR 3, B KL% RKIE reduce S5 [ Hi
NBHE IR R IE T reduce 5249 U0 map 1155 LA 7 SERME I HAE S R4S
reducer G F 2, X¥+ WM. KL, map [E&5RAAH M HEHE, JFAELLEIE Hadoop
77 IRAC B 76 5 5 S5 N AL . IX SRVF map (% H 7EAE A reduce 155 R HIE L T
HHE RS TR, AR R ELERHAL, reducer APHERES I EEMBHE
NG ERITpeE

FATE) map AF55 B FE K HARIR T 5, (HIE T —A reducer & I3 H TR JT VI
PR v 7R, FRATRARIIN “RE A7 & 2 map ARSSIEATI, e s
JobTracker FAEHI N 324 rh CIAF x 8% . JobTracker W38 HUFTERE N reducers; SRJGE x
REREHIT 2 A1 map 41555 tH G H A map AT 55 %t —FE8E reducers & 9F . 8 TR EE 45 R,
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3.4 fE&AE

Hadoop JobTracker NS AHSUE R, T i LAERI B EIAT . WP LA 18 A Hadoop
FRASR oAb 2R, A LR map Al reduce 1145 & AHF TAEM —3r. 4R1M, JobTracker
AN HE N AR R . 75518 Hadoop 1, 25 /7 Ui 75 24 8 — R4 TAE (nRgt R 2T
LR BRI IO el 2, BRI~ SEmRBUT I, WHRE— Ak
ZAH A TAER ) TAEA Repl 4L .

Hadoop %t —ME O EI% P, B TIRAIE. A Tz kiEz—5 (g
) TAE, FIFF A TR TR — TAE. 22/ s 038 5 A 36 F AR B TAE AR R4S
KbridE &N TAE. JobTracker W5 3 SR ZARERMIBEE B TR, 457 “ Lig” T
PELCFLAR AL “ Nl TAE slot RAEAL. IEWFRAILESE 7 FEE M, X TREEEEZRA]
THRIAR SR 7T IX 28 TAE) DAGs, #H 1R 2 Al ik

3.5 MEEETRAE

FATHE Amazon EC2 FAEH] 60 15 RUARFEMAT T — RAIMERESLER . — AN 44T Hadoop
] JobTracker 11 HDFS ) NameNode, I 4% T[] 59 15 s #H/LIZ 1T Tasktracker [ slaves 1 HDFS
(') DataNodes. FIf 15 mIEHHA 1.7GB WAEAT 2 AN ELARZ 1 “ & CPU /i~ EC2 43 3k
170 FEASRERLNAZAR 24T 2007 4F 2.5Ghz Intel Xeon AZbFEZE

FATTFAE I I & F.— MapReduce TAERITERE, FHAMEH combiner. HE7 8 & 1F A2 A
MapReduce 1 RERIFEAE, BKINEASHEFLE reduce B ER 58 . 34119 M 4EIE 7 RHEEL) 5.5GB
EHT SCE A AR SOk . B 5 iR 1 7E EC2 SR LA 128MB
K/NE)HDFS Bt (774 40 4> map ££55) WIHEFMERE . RATECE RGAEH 59 /> reducers. £
BT, JAILH map F reduce {155 S COF. /e BEURIAT 43 1) T #Acd 28 R0 8 1 1
fE.

TEZHACE T8 LA 2 L, &80 B R B S my AR BE R A 6. 328 TR M) reduce
fESAEIRIG T 192 B2 N BB, SATMAEEE TAEF, reducers 75 20 # P aa A F TAE.
FERBESAAER T, HMKPEEHTEA—E SBUE TR MG . S0, XEegs L%
BRI ] DAOK ORI AN A AR e me SR [H), 308 7 2 B Can s AT it se 4 TAE D

Blulnking Pipelining
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Figure 5: CDF of map and reduce task completion times for a sort job on 5.5GB of text extracted from Wikipedia.
The total job runtimes were 927 seconds for blocking, and 610 seconds for pipelining,
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4R MapReduce S #I# s tH A — /N R AL PR R RS0, BUFEAEAE 28 B U8 0 A -
AP HRAS— T CAE RS R S M E R, AESMFEERIE 2~ — P RAT 4 3.
X AR A DL MapReduce TAEHAT IR ZIE T (W1 Hive. Pig. Sawzall) ¥ &M N .

f£45 MapReduce SEILFEAE 1 87 5128 B U 7 e 1, BRI AT 58 HE fa ik
A% . 8T, B2 T, ZEXH P BEAEA—A “IRr B2 B BUE kA 7
BRI (R TH B AR 5. CEER PR SRR, VLR SR O IR R o i) 8, (AR 4
MapReduce SEIR AL BRARFPE (X Se e RMEDUE FH o 7R, BAVERARBA WY R 1E
Hadoop SEILRSCFF L — TAF (4.1 799 FIZATAERE (4.2 47 BIBHLERSE . RATUHEHL
REEXT T LA S8 U 845 S /NSE IR, I8 3 n] iz BT 78 AR BRAT 50 BB A8 7= Ak — AN 1k ff 1)k
A%

4.1 B—TIERIBLRSE

FEFRA T TE Hadoop hUAS, B map 41557 A IR 10 SR AE L7 AR AS I A 380 3 i ik
25 reduce 1155 AT A TER R &S, BHEIREA map 155 1% H #8774 J5 reduce PR
AREW A . JEIEXT reduce (15512 AW R ) EAE B LN H reduce BREL, FRATTRERS SCHRFIAHL
R BAVEIXFRHE reduce FAE 5 H AR AP .

F P AR STE SRR RS AR RS . U2 ud, TRIGFN AR s &5 A 280 . M fhihH 2
X118 sQL B AR AR ME R A R, KT HRES map Al reduce BREGRAE I o ARSI
TAEE RN R, FRATHRE TARRERE, MARAERE: TATKEHEEH P (8UibA]
f¥) MapReduce ARH5) SR 2 S ANHE A ) 1E ZORE S AH OCIBC . JRAT T2 — Ao BRI gk FE AR AR U T

TEHTHAR 2L B reducer B, PR HATETHE . F Pt BEFRARAE T SRk FE
SETRIETH R A . a0, F P Al DAESRARBBAE RN B~ N 25% 50% A1 75% I 8% iH5 .
JUE R LR E A L B CRIEHO map AR5 IR . k£ A 3.3 il 1) A f i
e fEMETEAY, PR RAFAAE HOFS B—/ N H k. H M4 78 & At P iR AE 5S¢ )
R . B reduce (RS- HAFIREEMALIZAT; — H reduce (R 55 B 208 ERE, B4R
HE5 N HDFS I B S, 28 5 AEAf ks 8y 42 2108 29 1P I E %

I FH AT DU I £E [ 5E A7 B 56 ) HDFS SRIHFEPR IR . 24454 reduce AR5 S AN TRIRH
SRS I FH B0 R T8 45 5 PR PRI 2 70 Bl o VHE AP iy 44 FH SRBE B IV FH A8 0% i 15 AN 70 48 (1) PR R SCAF

CHH Rl AR 538 Hadoop 8 £ 5 & reduce 1155 FI i Z45H D

FER, MREELBEHH slots LVF TAEH R TA reduce (£ E, PRIEXTT-4
IREEFFAT I reduce AR5 ANAT o FH P mASIN 215X M 4 Clnid id &z &5 HDFS PRI H SR i
O, FICAFES REYE, HBVURERERRBE . £40058, RAOTF3h
BRI AL GO 1% R GUIE TP I 5K 56 Ak S b R P, LU fnid ik 55 21 /2 9% reduce slots
AR JE A PATEHL R & T4

4.1.1 FHEFER

Hadoop F2 A0 NS AT RE LI SCRE o 298 map AEFIATIRG, EH B —ME0,
1)V P A HE AR, 2T A map (ES5BHAERORESE o AT H ] LSV SR € 4T reduce
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ESHNIIZ D, NI HeE B PR AT I FF 46 o

oG, AT T 2 Bk B A EOR S map S HTREREME . 3 tH O
— Ay X RI%ES reducer, i SCAFRIEEEMAFETEN . A TR PRI, RATR
FARRAREAS FH o = A PR e LR SO DR P 353k P A

HEER, map (550l fei A HE BRI H 2 reduce 4£55, B0 T map (£551E
BHEBRHE 5B A4 HH TaskTracker slots), B¢# BT reduce #iFL E A X g 4 18 [F 4%
EHRE kA map AR5 MEEE . SN T YOI AL, AT BN R R bR R e e A AR i A
Y545 reduce {F55 1) map F5570 X : WS — reducer &R F TAES map £ vn, F
TR A n SRR 2~ 350t A

ZAEEARAR T DUR AR 5 B SR B, — SOl dRAR T RE R & A map (B IR
Bl /13N D map A5 % IS0 A map {155 combine BIETIACE . &
SRIRATFRE] 136 2 1 T ik B S5 (0 17 Bk FE H R bR, X WM T LU LIl 2 .

4.1.2 VHE

BATVRBLBATH ML IR AL S BRI 77 A HE R il T, I B A 5 st 18] 7= A A st 2>
(IFF4 o« BATT S50 I HER PR AR A2 A TR R 56 R I ——FRAT TR 2 B PR R I A0 K A 51 gl 2 f 28 45
BT K AN

K6 A PIANEI, HARE T1E Gutenberg T H ) 550MB $d 45 FH 48 2Rl 5 AN iR )
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Figure 6: Single job that finds the top 5 words in the 550MB Gutenberg data set. In the graph on the right, the vertical
dashed line indicates when online aggregation produces an accurate result.
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Figure 9: Multi-job Top-100 query over 5.5GB of
Wikipedia article text. The vertical lines describe the in-

. creasing accuracy of the intermediate results produced
Figure 7: Hadoop dataflow for batch (left) and snapshot g ¥ P

(right) processing of MapReduce jobs. by online aggregation.
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Figure 8: Multi-job Top-100 query over 5.5GB of Wikipedia article text.
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Outlier Detection

Pages iwappad

Figure 10: Pages swapped in and out over time on the
thrashing host. The vertical line indicates the time at
which the alert was sent by the monitoring system.
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