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MapReduce D=
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W AR OHEEM mR{EDIRYiEH RO AR
MapReduce &I1&?

MR D TSI ETIL& VAT L
ESART—ILE: 1A/ —R(RIY), REINAT—4

B 27 )LEAPL: mapE$i/reduceBE %K
EORLEREOERMES(ER - ATRAME) AR

@& Google H B
BEWebDBRRIVIOUD/INYIIURDREDT=0ORF
PageRank §t&, SsE 771 /LEEEE
B 20085 5 T 20PB/day % MapReduce TALIE
F [Dean et al., OSDI 2004, CACM Jan 2008, CACM Jan 2010]

MapReduce: Simplified data processing on large clusters

J Dean... - Communications of the ACM, 2008 - portal.acm.org

1 Introduction Prior to our development of MapReduce, the authars and many athers at Google
implemented hundreds of special-purpose computations that process large amounts of raw
data such as crawled documents, Web request logs, etc., to compute various kinds of ...

Jited by 2183 - Related articles - ect - All 269 versions

& Hadoop prOJect( BLNTA—ToU—R1E
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MapReduce 0 3&E A

@& n-gram [IZ&AWeb 2T Y0 HT 4-gram
F H ZFEE 301%/{—3) serve as the incoming 92
serve as the incubator 99
E Web J: —G % LY j{ E 'j:1EI 75\ ? serve as the independent 794

B BE EERH BEMR
&Web DYUIT)-TOEAOY pzo—r srgwns

B IRFEHLE (ad-words) BB — IR (edo kiriko) |

ERAEICELOVTOVIE?

B N—VF M X&RH R
@ Ry T —IhS T U BRI

E 40Gbps RykT—7 X "
B QoS i, EEAEM R oNEE, /Sy R |
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W EEEOHEEA EE{EDIYHEH RO A
MapReduce D7 —*TUF+v

& MapReduce: 2 #UALIEEY X T L
& DI T7AIV AT L DFS L THEE
B DFS: GFS (Google FS), HDFS (Hadoop DFS)
& 27x—X + Shuffle
E Map 7x—X: AHLa—R&EITmapE#zE1T
RAVR RO BITMIIL- 0
B Shuffle:El—key ®(key, value) #EZxE 125

B Reduce 71—X: mAat=#£R(< reduce B#ZEET
KA TN Y DB
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MapReduce &% ? BR{IEDHEEF BEEE DY A MEROAREE

MapReduce D7 —F T I F ¥ (#E=)

node

Program /™~

fork

Map task fork fork hS - ‘ Reduce taskr] .

assign @ assign
rnapf reduce

Input Data

worker

remote read,
sort

Copyright 2011 NTT Corporation 7

W AR OHEEM EE{EDOIYHEH RO AR
7’0455 L5]: wordCount

(AALa—REIC maplaEEAT 3|
map (String key, String walue):
// key: document name

// wvalue: document contents
for each word w in value:

EmitIntermediate(w, "1");
(ERals word, N EEHTE)

reduce (5tring key, Iterator wvalues):
// key: a word
// walues: a list of counts
int result = 0; HEBICHEZIERETS ]

for each v in values:

result +="Farselnt (v);
Emit (AsString(result));

[Dean et al., OSDI 2004]
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MapReduce D TH A /\3—2

® HLABDERIELDTI=VIE + ET T

& Data intensive text processing with MapReduce,
[Lin et al., 2010]
B Local Aggregation

Data-Intensive Text

B Pairs and Stripes Processingwith MapReduce
B Computing Relative Frequencies
E Secondary Sorting

E Relational Joins

Jiitvaoy Lin
Chris Dyer

Copyright 2011 NTT Corporation 9

W AR OHEEM mR{EDIRYiEH RO AR
Computing Relative Frequencies

@ EH{TEHEE PX|IC)EETET S
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Naive Bayesian Classifier: Training Dataset

redit_rating comj

income studen

Class:
C1:buys_computer = ‘yes’
C2:buys_computer = ‘no’

Data sample

X = (age <=30,
Income = medium,
Student = yes
Credit_rating = Fair)

May 26, 2011 Data Mining: Concepts and Techniques 11

Naive Bayesian Classifier: An Example

] P(Ci): P(buys_computer = “yes”) = 9/14 = 0.643
P(buys_computer = “no”) = 5/14= 0.357

= Compute P(X|C,) for each class
P(age = "<=30" | buys_computer = “yes"”) = 2/9 = 0.222
P(age = “<= 30" | buys_computer = *no”) = 3/5 = 0.6
P(income = “medium” | buys_computer = “yes”) = 4/9 = 0.444
P(income = "medium” | buys_computer = “*no”) = 2/5 = 0.4
P(student = “yes” | buys_computer = “yes) = 6/9 = 0.667
P(student = “yes” | buys_computer = “no”) = 1/5 = 0.2
P(credit_rating = “fair” | buys_computer = “yes”) = 6/9 = 0.667
P(credit_rating = “fair” | buys_computer = “no”) = 2/5 = 0.4

= X = (age <= 30, income = medium, student = yes, credit_rating = fair)

P(X|C;) : P(X|buys_computer = “yes"”) = 0.222 x 0.444 x 0.667 x 0.667 = 0.044
P(X|buys_computer = “no”) = 0.6 x 0.4 x 0.2 x 0.4 = 0.019
P(X|] C)*P(C,) : P(X|buys_computer = “yes”) * P(buys_computer = “yes”) = 0.028
P(X|buys_computer = “no”) * P(buys_computer = “*no”) = 0.007

Therefore, X belongs to class (“"buys_computer = yes”)
May 26, 2011 Data Mining: Concepts and Techniques 12




N MaoRectce £157_ BELOFRBA B ORYAEH FROH
Computing Relative Frequencies

EHTEEEPX|C)EFTET D

P(X [ C) =P(XNC)) / P(C))p(c)) avEa—smlAT oHeE
P(age = “<=30" NC,): 30 LA FTEA

ES54-5T MapReduce LIZEETHITRLIVD?
1. BEEIRIZ A% iteration Z2EIE1TT 5
- 1stiteration: P(C))&EtE T 5
« 2Md jteration: P(XNC,) Z5THELTPX | C) /5

2. THA 2 INF—2TDAE: iteration 1B TEFT
» map BT 25E$8DEZ emit : P(C)A, P(XNC) A
* C.Z*— &L T partition 73017
« P(C)EEIZETE, RIZPXNC) ZEHE, P(X|C) #1¥5

Copyright 2011 NTT Corporation 13

W AR OHEEM mR{EDIRYiEH RO AR
Computing Relative Frequencies

map (String key, String value){ :
// value is an input record [map BEZ T 212 EE D EZ emit

for each class in value: S

EmitIntermediate( C1 "+class, 1);

for each attribute in value:
EmitIntermediate(“ C2 7+class+”:”+attribute, 1);

} P(C) FEHICP(XNC)EETHE |

Private HashMap<Integer> PC = new HashMap<Integer>();
reduce (String key, Iterator values){
if prefix(key) == C1_then PC[getKey(key)] = compute P(C,));
else if prefix(key) == C2 then
compute P(XNC))
P(X| C) =P(XNC)) / PC[getKey(key)];

Copyright 2011 NTT Corporation 14




W BRLOFEBA ER ORYERA FEOHAL
THAINI—DBLFERBE

& MapReduce D/ \yx2HFTH=v%
B RRICIECTHET A ETUIEEEHEATRE
B RE/INVDTEETHELEER
& LML, NXILAH-WLWTHLLEALY
B GoF DT A\ 2—2 3T EICITBRNL DALY
B ERT/INDEFAEISERLMELZL

HHEDRELIZEIH S W IR RS
L #FE=GT A= R DTS
2. VAT LA BEMICEY LT FAU/N\E—278IRT S
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W EEEOHEEA EE{EDIYHEH RO A
LR MapReduce > T F{al ?

LTDERNSIGEVAT L
& EHEEEDA(3TI—X
* map (f) [r1,...,rn] = [f(r1),...., f(rn)]
*reduce (@) [r1,...,rn]=r1e ... ern
& D EURE A DE
e map: ¥ NT—HIE, reduce: ¥ UMET —H2 LR
cRETIY =YET S
- (key, value) + hash I2&B ¥y JLILEE
« IZ57—NELGEDTFFRDLEZEEALY
« 7ML ENLTTOERBERIE (&G H/\))

Copyright 2011 NTT Corporation 16




MapReduce &% ?

EE{EOTRENA

R DHY A

DLAREK: Dryad 25 &1 ?

& Dryad: ¥4V I DR ENIED XT L
& MapReduce DR-EZfEHEL TS

WMEOF A%

Jng53049 RITToV JOvXENEE | T—2NEEE
RE2AL)L
MapReduce | map/reduce WEITSUE 274 ILEEH Pig Latin,
MEBTSUXREL Hive
Dryad | DAG 2k ¥ | S /BTS2 %5 E{EL,| TCP-pipe and LINQ
Ho—49o0— |HEBISUEEH in—-memory FIFO,
Epull (% E% reduce JLIE{th) | 774 ILEEHR

@ LML, EHREGEHETHEAEHLESTOI ST,
BTSN EREF 1 —=2 T HNEHEFS
& Hadoop MapReduce D31 =T(REDE

Copyright 2011 NTT Corporation
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MapReduce &3 ?

MapReduce M

EE{E OB RENA

EE{EDEYHEHA

HEOARAKE

= IR{E DI ENA)

Copyright 2011 NTT Corporation
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MapReduce &% ? BR{EDHEEF BEEE DY A MEROAREE
BLEEOHKE
— =
H1: EEREDS

1 N )
_ 7 where 1 1s the mean value of
o=\ 2 (@ — p)2 AR
N X=x1,...%i,...., XN =ab=a U b

i=1
ES54>T MapReduce EIZEETHIERLIV?
1. BEERE AL 2[E 0 iteration

« 1stiteration: y =sum/count & N (count) ZEt&
« 2nd jteration: y ZFH>TEERICHK L 0 ZFHHE

2. AD) A R)LIE T & 1Bl iteration

(summation form, i%lﬁijf) 2
3 o MgTg T T o Be—ig
RERE ow =" T Nalp (n:.+m.)
3 o Tlg paTih ik
FHIE Hab = o ¥n,

— ., = N, + 1 Calculating variance and mean with MapReduce (Python)
T 9 Iq:& o “ ' http://blog.cordiner.net/?p=764

Copyright 2011 NTT Corporation 19

MapReduce &1 2 W HE L ORYEH FEOFAE
BEREOHE
15“1 : *71:’ RED3Z

00, 10, No

node

ON, UN, NN

“.._ fork

assign._
“reduce .

remote read,
sort

Copyright 2011 NTT Corporation 20




MapReduce £I%? W BRI OBy HEDHFINE
Summary form DIt F

&M iEHE
B AD)AARILE 2—F#7 [Gupta et al., IEEE 1995]
Roa(S1 US2)=R»SI URNS2

& B [Chu et al, NIPS 2006]
FE1I0FEEOREKRNVIGTH=FE & (naive bayse, k-
means, SVM,...) summation form TZIF A gE
B summation form [& MapReduce ~DER-NE S
B EIEEREBROFBRIATRICELRT— LT HERMNFoNT:

Copyright 2011 NTT Corporation 21

MapReduce &£ ? \@W L ORYEH FEOH A
{5l 2: PageRank

page p M PageRank v (XFIFAFEIZEL->T p BTV ERASNLHEER.
v=(1—-c)Av + cu

BL, A4 [FwebT STDBEEITI, c [FTUF LY TDHEE,
ulESUF LIER—U DRIV

HiB&: The architecture of complexity, ASIS Keynote 2006
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MapReduce &1 ? W BRI ORYAH FROHAE
{5l 2: PageRank

page p M PageRank v (XF|FAEIZEL>T p BTV RSN SHHEER.
v=(1—-c)Av + cu
BL, 4 [TwebT ST DMBEIEITEI, c [FIUF LY TDHESRE,
ulESF LIGER—=DDRIML

v IZSUE LY —DO7—FETIVIZEBINEEELTELND

1% :(l—c) A Vi id4clu

Copyright 2011 NTT Corporation 23

MapReduce &£ ? W L ORYEH FEOH A
{5l 2: PageRank

ES%>T MapReduce EIZEEITNIETRLVN?
v=(1—-—clAv + cu
BL, 4 [FwebT TT7DBEEITH, cIETUF LY TDHEE,
ulESF LIGR—=DDRY8)L

1. BEEMA A% 1 iteration — 1 MapReduce job
« INERTHET, HAWI—ERHTEHEZEL

2. L2 EERICAE T B(ZE?
E iteration ZLDHEIEL: #5824 iteration — 1 MR job
PEGASUS [Kang et al., ICDM 2009]
BEEEITII A BEUANIRIL v ET OV
B EHM job [CEVWTEIELGEWT—3Z2Xvyi 195
*HalLoop [Bu et al, PVLDB 2010]

Copyright 2011 NTT Corporation 24




MapReduce &1 2 W BRI OBYEH FROAMAM
HalLoop [Bu et al, PVLDB 2010]

& Tyl a+AUTYIRILIZKB LR iteration EE{E
B mapper input cache: HDFS read %Al
k-means: A 1T —%%% mapper node [ZF ¥y a
B reducer input cache: shuffle 2% Hll &

PageRank: webl##%1T5| M % partition %, 2 reducer
node IZFvvyia + AU TYIRIEE

—O— HaLoop —<— Hadoop HaLoop Hadoop

—_ . . —_

& ak e & 20.0GT—s I

o < 2 T

E 3k i m 16.0G \

~ o= s 120G

= >D< - A 8.0G

g 1k - =5 é 4.0G \

e ol T ool Dn 0 no
0 2 4 6 8 10 7 o2 4 6 8 10

Total Iteration Iteration

(a) Overall Performance (d) Shuffled Bytes
HaLoop vs. Hadoop (Livejournal Dataset, 50 nodes)

Copyright 2011 NTT Corporation 25

MapReduce &I&? W EE{EDEYHEHA PWEOAHAEYE
MapReduce IZEH9 5D ENF (2/2)

& SRt
5. DaA IE:
*[Dittrich et al., PVLDB 2010]: co-partitioning join tables
*[Afrati et al., EDBT 2010]: shuffle X ;L

6. [REIHAMNIE D [B]5%E:
MapReduce online [Condie et al., NSDI 2010]
7. R4S a1—3: LATE [Zaharia et al., OSDI 2008]
8. m#F/\—K™) T 7: Mars [He et al., PACT 2008]: GPUs
& NEHLEETIL
* Pregel [Malewicz, SIGMOD 2010]: ¥ 5 7ET I
« Dryad [Isard et al., EuroSys 2007]: T—4270—%T /L
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MapReduce &I 2 W BRI DORYEH FROFMEME
MEERETDEED

& MapReduce
B RT—ZT)L (1BE, RINALRT—)L)
B 27 JLEAPI (map/reduce)

& MENBRAIZITHN TS
B T—8~—RRKFH (SIGMOD, VLDB,...) gocc
E OS% <& (OSDI, SOSP, NSDI...)
BENL/RA=2T %= (NIPS, ICDM...)

Copyright 2011 NTT Corporation 30

MapReduce &I ? B DTHEER EE{EDIYEAHA HEOHHEYE

MapReduce &&E{E DHY FH A

1. PJoin:

Efficient join processing with MapReduce
for OLAP applications

Copyright 2011 NTT Corporation 31




A}

AT D2

& PJoin (pre—partition—based join)
B [EER] Z2RTT 25 TOLAP)RLIE(ZENT,
vy I)LEZE 1/3 IZHEIBT 5L TUEREZ, it
it kY 42.8% =1k

B[R] EHOSTUEICEWTHETSEI YD
LB Z R[> TEIT(ERILE)T H2ET, 25740
EEEOIAX MR

Copyright 2011 NTT Corporation
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de B, 4 vpo— =

= ZRILT—F73HT(OLAP) &I ?

& HEEHHIZE AT ALIR ) ST 75 T \

B BE- 5L A T BRI B factT— T LK)

B fact T—J I ZZANLERTTENEREEZERT S0
D, D dimension T—T )L

@ 1

PART (P_) ARTSUPP (PS_)
SF*800,000

|||||||| (%)
OOOOOOOOO F*6,000,000

[~ | PARTKEY ~=——— | ORDERKEY

PPPPPPP

™| SUPPKEY

RRRRRRRR
]—L‘: PPPPPPP
PPPPPPP

RRRRRR o)
B
SELECT nation, %%{J Iﬁ
o year, _

EEEEEEEEEEEEEEEEEEEE

sum(amount) as sum_prefit

TTTTTTTTTTTTTTTTTTTTTTTT

EEEEEEEEEEEEEEEEEEE FROM (SELECT n_name as nation,

extract(yecar from o_orderdate) as o_year,

NNNNNNNNNNNNNNNNN

CCCCC

1_extendedprice * (1 - 1_discou
part, supplier, lineitem, partsupp, orders, nation

RRRRRRRRRRRRRRRRRRR

FROM

OOOOOOOOOOOOOOO

WHERE s suppkey = |_suppkey

DDDDDDDDDDDDDD

and ps_suppkey = 1_suppkey

nt) - ps_supplycost * |_quantity as amount

PPPPP

and p_partkey = 1_partkey

AAAAAAA

i e - Ly (57— )L A3

and o_orderkey =1 orderkey

MMMMMMMMMM
SSSSSSSSSSSSSSSSSSS

NNNNNNNNNNNNNNNNNNNNNNNN and s_nationkey = n_nationkey

and p name like '%[COLOR]|%'

MMMMMMM

) as profit

NNNNNNNNN

MMMMMMM

GROUP BY nation, o_year »
(';RDF.R BY nation, o_year desc; 4 7 )[/_701t ]

EEEEEEEEE

| RSOy, |
NAME

EEEEEEEEE

MMMMMMM

AZ—B XX —7 (TPC-H)

MMMMMMM

42 XI1) 9 (TPC-H)

Copyright 2011 NTT Corporation
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= /30D MapReduce S NIEDEEE

S /\VAEEIZEDEFE:
« oy )LEIZERT A@EIRXMIOORRMYK
S BEIAMIOORMDEIFNREEERERE

Sy T LEBAK |

reducer

mapper

HMBAED .
=Y FFns lineitem 1

— &
E=R orders 1

Copyright 2011 NTT Corporation 34

PJoin D E

[F8t] T—FIILEEENEBRDO Yy I ILEZXHIET 5
[AT#8] OLAPZ#TlIX, B LYLSHERNEDOMHENEE
1%ZDEBRTT—IILESLIET S
[B B
—B EHONHNEBIZEWVTHENLG vy I ILALIEE
ERINIET HZET, 2 TEREOIXNEHIE
FEEEHEXTOIZKEIT—TILOERIYYIIL
5 HEEEDER + PRIT—2OEBRIER
—B B #MapReduce B TU vV IIILEZHIBT HFEE5TE
[Xh&R]
— PO vy T ILEZXHIR

2 ® NT—DLiEEERICLYMapReduce job%Z Al
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PJoin D4#MD: vy )L EHIHE
[

E mapper CTEESWLIERIZ, reducer THRALEEZELT

->DFS read
— shuffle
%&imw\

xY LY

lineitem primary key &

lineitem
orders 1

| I orders 1

lineitem
orders n

orders n

Y
N

lineitem

orders 1
Me—

orders 1
v

—
(—

lineitem a
v

mapper

reducer

orders processing
Joining with
liteitem

+
EHE

orders processing
Joining with
liteitem

+
#EEe

w - Query execution
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PEEF AL PJoin DLEER

->DFS read
— shuffle

mapper

lineitem a

orders 1

lineitem z

i e

orders n

PEEFE: Ny lEE

v ILENK

reducer

DFS read A& N

e

lineitem

>orders 1/
Me—

orders 1
v

—
(— I

mapper

reducer

orders processing
Joining with
liteitem

+
o)

lineitem a
v

orders processing

+
)

Joining with
liteitem

lineitem
orders n
Lordersn

mPJom
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PJoin D42 NT—JIILEEE

HBEHLD
S PJO|n =E zYEFOy
T one many S
TS = (TxS)=S

—CHEA LT
T DEX—THENIE _ (TWFg)NS
L \ j

Y Y
mapper (T DEFX—THENIE) reducer (S DEFX—THEUNIE)

RRBEMED
=R sEYEIFOS
axg—ﬂxf\——'?@i%é T one many g

B R% mapper ZX17
B 2 mapper fERIE SDEF—TLvyIIL
B reducer [Z1 D TCUIEREE

INSEIE
N

many

one

NT—TILEEE N 1DD
MapReduce job TEIRA[AE
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PJoin 0)4:% E @ XQ_J:I:UOIU%EI = a

& ZRAT—INMDAI—EIR*—7

B dimension T—7 LGB EFFAIRL, fact T—T L& &
RICEITTAHIET, PRIT—E2FHIET S

. . lineitem, 1 J3
| ' ord
lineitem : or$j£s
» P Ut Caneih
supplier partsupp part » suppller_’ partsrbépp J2
X n | . part,
T o hation o 641
; J1
nation
_::_:_:_:_:_:_:_:_:_:_:_:_:_:_I_::::::::::::::::::::::::::::::::::__ :l:AE
Q9 TPV RS HT—TILIERKL Q9 #E & ETE
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aH i 32 ER

& SRR
Linux (CentOS5.4, 2.8GHz, F ;€& 8GB) X 50&
Javal.6, Hadoop 0.19.2
& RFI—4: TPC-H RFI—)
[T—%4] 104GB, 207GB, 311GB
#EEERT—4: 83GB, 167GB, 250GB
(S5 TPC-HIZH T3S BEEFIETS 179TY

@ P/ : PJoin LHERD Join FED LB
o 24K: Ploin &, TEE D2 DD Join FEDIZEMERELL ]
* PJoin vs reduce-side join (RA—E$EE ETE, Hive §TE)
- 5
* PJoin [2&% 4y JLE, HDFS read/write E D522
o 24— L1 ETh

Copyright 2011 NTT Corporation 40

o2 BFRS (10468, 508)
& HEFF £ KY33.4% (star plankt), 42.8% (Hive plankt)
& WED IR MapReduce job #HEIE , HDFS+ 4y 7L 24
P48 = {(HDFS read) + (HDFS write) + 2 X (shuffle)} x {%%k
6

B PJoin
_ B reduce-side join (star plan)
Oreduce-side join (Hive plan)

5

4

response time (min)

A&

R P A R > AN BN NN N TR O N A
S R S L O L O L L U VAN
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vy )LE (104GB, 50&)

& NEEFELY62.6% (star plan), 62.2% (Hive plan)tiE
& Q18 [XFE(k: WHERES 1¢0) ERVERDETHRER

45
@ PJoin
40 B reduce-side join (star plan)
35 Oreduce-side join (Hive plan) [
30
25 ]
20

Shuffle (GB)

ol Ll M s

LRI IS, I
> Q@ & &

S QUG G S S
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HDFS read= (104GB, 50%)

@ HEFXF £ KY51.4% (star plan), 52.2 % (Hive plan)E 0
& PJoin CIIEHFEPMT—35SHET 5=

60
B PJoin
50 B reduce-side join (star plan)
_ Oreduce-side join (Hive plan)
40 [
330 u |
=
S
& 20 ml Iul 1=t Eml Bm ]
72
<3
a
<10 R pEE ANy gy . |
0 J:I_I\ ! ! [l —I_‘ \l_H_I\ ! [
) & 4\ S O Q SN O WD ™ o 0\ S S Q )\
SIS N N O O U M MO I M M I VA O
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Ar—ILT%E
& T—HE: Ploin DANRT—IILENETFEND
& TR PloinbERFZLEHIEMNEHTINS

70
400 \ —+—PJoin
60 A 350 B reduce-side join (star plan)
- = \
E 50 E 300 \
s /'/ 3 250 .
2 40 - E \ \
= ./ S 200
230 : ANA
= / g 150
= @
g 20 = 100 \
= ——PJoin \\
10 -#-reduce-side join (star plan) | 50 —
0 0
0 100 200 300 400 0 20 40 60
T—48 GB 508) IOUEH (T—2E 311GB)
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PJoin && 8

B
B 2y )LALEE D B HIE ST (pre-partitioning), #E#E
BB T —2DEBRIER
BEESZ mapper TEIT, BUDKEELESX
reducer CTE1T

DIR:
E TPC-H IZBUL\T 30-40% & Rex N E
By )LEIF1/3 [ZHIE

SHROFE:
B T DVER )
E MapReduce @ E[B]Y DFREE (HDFS read/write)

back
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MapReduce &% ? BR{IEDHEEF BEEE DY A MEROARE

MEDAFE
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MapReduce &1%? EE L OFHREE BELOMYEH W
MZED AR
& MapReduce D Ak

B EOXMCEEIZ(RBEELD) D ENLEH AT RE

B Hadoop 331 =T«IZ&MTE5

E Amazon #{FE 2 (X XRFRFLFIALHI LY

B VISIVRRMAEDEHLS
B Hadoop [X1000&8RESCHLLVETIERT—ILT S
B KREGIEERT—ILAYYEMNEZTTLS
B KRRGIRIE CORMAGEREIZFENEMEL
* The Next Generation of Apache Hadoop MapReduce
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MapReduce &% ? BR{IEDHEEF BEEE DY A MEROARE
JC ,
EAOYIEE

S EDARAE
E MRODHE DR AV Y DB+ ift D1 A (&<
« RUKHAOT VA REWNERRITHELLY
E MapReduce B D& =
« shuffle EDHIRK, % Ex job ALE
« THEEIT, REERIE
EORAIBIZHITAEEMER L
« KAV LB D 7 ERET L (Pregel, Parcolator)
« SQLEH B EE DO &E L EITEEH
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